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Abstract

This project aims to develop a reliable and efficient system for authenticating honey
and determining its botanical origin. The system identifies the floral sources from which
the nectar was collected by analyzing the pollen content in the honey. To achieve this,
advanced analytical methods are employed to examine the pollen, helping to detect pos-
sible adulteration and ensure that the honey is not mixed with artificial substances or
lower-quality alternatives.

By identifying the botanical sources, the system also enhances product traceability,
providing essential information about the honey’s geographical and floral origin. This
authentication process not only maintains the integrity of honey but also plays a crucial
role in protecting consumers from fraudulent products. By offering verified information
about the honey’s origin and quality, the system boosts consumer confidence and enables
laboratories to differentiate authentic honey from adulterated products.

Ultimately, this project contributes to strengthening trust among honey producers,
regulatory authorities, and consumers by ensuring that honey available in the market
meets established quality standards and remains free from contamination or misleading
claims.

Our system assists laboratories in classifying pollen by automating this tedious and
time-consuming task. It was built using convolutional neural networks (CNNs), a deep
learning method known for its effectiveness in image classification. The system achieved
an accuracy of 91% in classifying 23 different types of pollen. This Al model was inte-
grated into a mobile application, which can later be connected to a microscope to assist
laboratories in classifying honey pollen samples.

Keywords: Honey authentication, deep learning, pollen analysis, adulteration
detection.



Résumé

Ce projet vise a développer un systéme fiable et efficace d'authentification du
miel et de détermination de son origine botanique. Ce systéme identifie les sources
florales d'ou provient le nectar en analysant la teneur en pollen du miel. Pour ce faire,
des méthodes d'analyse avancées sont utilisées pour examiner le pollen, permettant de
détecter une éventuelle falsification et de garantir que le miel n'est pas mélangé a des
substances artificielles ou a des alternatives de moindre qualité.

En identifiant les sources botaniques, le systeme améliore également la
tragabilité du produit, fournissant des informations essentielles sur l'origine
geographique et florale du miel. Ce processus d'authentification préserve non
seulement l'intégrité du miel, mais joue également un role crucial dans la protection
des consommateurs contre les produits frauduleux. En fournissant des informations
vérifiées sur l'origine et la qualité¢ du miel, le systeéme renforce la confiance des
consommateurs et permet aux laboratoires de distinguer le miel authentique des
produits falsifiés.

En fin de compte, ce projet contribue a renforcer la confiance des producteurs
de miel, des autorités réglementaires et des consommateurs en garantissant que le miel
disponible sur le marché répond aux normes de qualité établies et est exempt de
contamination ou d'allégations trompeuses.

Notre systeme aide les laboratoires a classer le pollen en automatisant cette
tache fastidieuse et chronophage. Il a ét¢ développé¢ a 1'aide de réseaux de neurones
convolutifs (CNN), une méthode d'apprentissage profond reconnue pour son efficacité
dans la classification d'images. Le systeme a atteint une précision de 91 % dans la
classification de 23 types de pollen différents. Ce modele d'TA a été intégre a une
application mobile, qui peut ensuite étre connectée a un microscope pour aider les
laboratoires a classer les échantillons de pollen de miel.

Mots-clés : Authentification du miel, apprentissage profond, analyse du pollen,
détection de falsification.
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Honey is a highly valuable natural product due to its nutritional, medicinal, and
economic benefits. It has been used for centuries as a food source and a natural remedy
because of its antioxidant and antimicrobial properties. In addition to its health benefits,
honey production plays a significant role in the economy, supporting beekeepers and
agricultural industries worldwide.

However, in recent years, concerns have increased regarding the purity and authen-
ticity of honey, mainly due to widespread adulteration. Large quantities of counterfeit or
diluted honey have flooded the markets, mixed with artificial sweeteners such as sugar
syrup, glucose, and synthetic additives, misleading consumers and undermining the rep-
utation of genuine honey producers. This issue not only leads to a loss of consumer trust
but also causes economic losses for farmers and beekeepers.

To ensure honey quality and purity, several traditional verification methods have
been developed, including chemical analysis, spectroscopic examinations, and microscopic
pollen analysis. Although these methods are effective, they often require specialized
equipment, scientific expertise, and significant time, making large-scale verification dif-
ficult. Furthermore, the increasing sophistication of honey adulteration techniques has
made it even harder to detect counterfeit honey using conventional methods.

With advancements in artificial intelligence (AI) and machine learning (ML), new
opportunities have emerged for automating and improving honey authentication. Deep
learning models, such as Convolutional Neural Networks (CNNs), can analyze microscopic
images of honey, while machine learning algorithms can detect patterns in chemical and
spectral data. Additionally, hyperspectral imaging, image recognition, and advanced
classification techniques can enhance the accuracy, efficiency, and scalability of the veri-
fication process.

Moreover, can also determine the floral origin of honey by analyzing pollen compo-
sition. Identifying the specific flowers that bees have pollinated provides valuable infor-
mation about honey authenticity, geographical origin, and potential medicinal properties.
This feature adds an extra layer of verification, ensuring both purity and traceability in
honey production. This research seeks to answer the following key questions :

¢ How can machine learning be utilized to develop an model for honey
authentication?

e How can AI technologies help determine the botanical origin of honey ?

To achieve these objectives, the study will focus on :

¢ Building a dataset containing microscopic images of honey samples, in-
cluding both pure and adulterated varieties, along with pollen data from
different floral sources.

e Training AT models to classify honey based on its authenticity and botan-
ical origin.

Through this research, we aim to develop a reliable and user-friendly tool to assist
producers, consumers, and regulatory authorities in verifying the quality of honey and
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ensuring its authenticity. Additionally, it provides accurate information about the botan-
ical source of honey, enhancing the reliability of honey products in global markets.

The project will be structured into three main chapters :

e Chapter 1: Background of the Work
This chapter provides an overview of honey composition, its economic and nutri-
tional importance, and common adulteration techniques. Additionally, it explores
traditional methods used for honey authentication, including chemical analysis, spec-
troscopic techniques, and microscopic pollen identification.

e Chapter 2: Deep Learning and Convolutional Neural Networks .
This section introduces key Al and ML concepts relevant to the project, including
deep learning techniques such as Convolutional Neural Networks (CNNs) for image
analysis. It also reviews existing research on Al-driven honey authentication and
discusses the advantages of using machine learning over conventional verification
methods.

e Chapter 3: System design, implementation and results
This chapter focuses on the design and implementation of the proposed system. It
details the dataset preparation, model selection, training process, and evaluation
metrics. Additionally, it explains how the system classifies honey samples based on
authenticity and floral origin, ensuring a scalable and efficient verification process.
Also, in this chapter we explained how we built the application and illustrated the
tools and the technologies used in the development process.
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Chapter 1: Background



1.1 Definition of Honey

Honey is a naturally occurring sweet substance created by honeybees (Apis mellifera)
through the collection and transformation of nectar from flowers or plant secretions. Once
gathered, the bees process the nectar with enzymes, store it within the honeycomb, and
allow it to undergo evaporation. This natural process results in the formation of a thick,
golden liquid, commonly known as honey.

According to the Codex Alimentarius, an international food standard jointly estab-
lished by the Food and Agriculture Organization (FAO) and the World Health Organi-
zation (WHO), honey is defined as:

The natural sweet substance produced by honey bees from the nectar of plants or from
secretions of living parts of plants, which the bees collect, transform, and combine with
specific substances of their own, deposit, dehydrate, store, and leave in the honeycomb
to ripen and mature[25].

®Eau

W Fructose

B Glucose

® Saccharose
m Maltose

® Trisaccharide

® Element méneurs

Figure 1.1: Honey Composition
[50]

1.2 Importance of Honey

1.2.1 Nutritional Value

e Honey is a rich source of natural carbohydrates, primarily fructose (38

e It contains essential vitamins, including B-complex vitamins (B1, B2, B6), and key
minerals like calcium, magnesium, potassium, and iron, supporting overall well-
being.

e The presence of antioxidants, such as flavonoids and phenolic compounds, helps
protect cells from oxidative stress and supports immune health[76].
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A good source of
antioxidants

Figure 1.2: Benefit of pure honey

1.2.2 Medicinal and Therapeutic Benefits

e Antibacterial & Antifungal Properties: Honey naturally inhibits bacterial and
fungal growth due to its low moisture content and hydrogen peroxide production,
making it effective for wound care and infection prevention.

e Cough and Sore Throat Relief: Honey is a well-known natural remedy for cough
suppression and soothing throat irritation.

¢ Digestive Health: Honey supports a healthy gut microbiome, alleviates acid reflux,
and acts as a prebiotic, promoting beneficial bacteria.

e Wound Healing: Certain varieties, such as Manuka honey, are widely used in
medical applications for treating burns, ulcers, and skin injuries. [57]

1.2.3 Economic and Environmental Importance

e The honey industry supports millions of beekeepers worldwide, contributing signifi-
cantly to local and global economies.

e Bees play a crucial role in pollination, helping sustain agricultural productivity and
promoting biodiversity.

e Beyond honey, beekeeping produces valuable byproducts like beeswax, royal jelly,
and propolis, which are widely used in cosmetics, pharmaceuticals, and food pro-
cessing. [30]

1.2.4 Cultural and Religious Significance

e Honey is historically associated with health, purity, and longevity, holding deep
significance in various cultures.
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e It is referenced in ancient texts, including the Quran, the Bible, and Ayurveda,
where it is described as a remedy for ailments and a symbol of nourishment and
healing.

1.3 The issue of Honey Adulteration

1.3.1 Definition of Honey Adulteration

Honey adulteration involves the introduction of foreign substances into honey, which
diminishes its purity, nutritional content, and health benefits. This fraudulent practice
is often carried out to increase production volume and maximize profits.

Common substances used to dilute or modify honey include:

e Industrial sugar syrups, such as high-fructose corn syrup (HFCS), cane sugar syrup,
and rice syrup

e Molasses and glucose-based solutions that imitate natural honey’s sweetness.
o Artificial sweeteners and synthetic chemicals, can alter taste and texture.

e Excessive water content, which increases weight but reduces quality. [33]

Adulteration of honey
I

Indirect Direct
[
v v ‘ ,
Harvesting prior Overfeeding the Addition of sugar Origin
to maturity honey bees ¥ ¥
Y Water content | | Processing

Overuse of veterinary drugs

Figure 1.3: Honey Adulteration

1.3.2 Methods of Honey Adulteration

¢ Blending with Industrial Syrups: Large-scale manufacturers often mix honey
with artificial sugar solutions that mimic its appearance but lack essential enzymes
and bioactive compounds.
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e Feeding Bees Sugar Syrup Instead of Nectar: Instead of allowing bees to
collect nectar from flowers, some producers feed them sugar solutions, leading to a
weaker final product with reduced medicinal properties.

e Ultra-filtration Techniques: This method removes natural pollen traces, making
it impossible to verify the honey’s geographical origin and authenticity. [77]

1.3.3 Impact of Honey Adulteration

e Health Risks for Consumers
— Fake honey lacks crucial antioxidants, natural enzymes, and antimicrobial prop-
erties, significantly diminishing its health benefits.

— High-fructose corn syrup (HFCS) and artificial sweeteners in fake honey may
contribute to obesity, diabetes, and metabolic disorders.

— Some counterfeit honey may contain harmful contaminants such as lead, antibi-
otics, or heavy metals, which could pose long-term health hazards.
e Economic and Market Impact
— Unfair Competition: The availability of low-cost, adulterated honey under-
cuts the market for genuine beekeepers and ethical honey producers.

— Loss of Consumer Trust: Reports of widespread honey fraud erode public
confidence in honey products, making people skeptical about authenticity.

— Challenges for Small-Scale Beekeepers: Independent honey producers of-
ten struggle to compete with large manufacturers selling diluted or synthetic
honey at lower prices. [108]

e Environmental and Ecological Impact

— Declining Pollination Activity:Reduced demand for authentic honey dis-
courages sustainable beekeeping, negatively affecting pollination and biodiver-
sity.

— Industrial Pollution:The mass production of artificial sugar syrups used in
honey adulteration contributes to higher waste output and environmental pol-
lution.

1.4 Challenges in Detecting Natural vs. Adulterated Honey

1.4.1 Variability in Natural Honey Composition

e Diverse Botanical Origins: Since honey originates from a wide variety of flo-
ral sources, it exhibits differences in taste, appearance, viscosity, and sugar ratios.
This variation complicates the establishment of a universal benchmark for authentic
honey.
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¢ Environmental and Seasonal Influence: The geographical location, climate
conditions, and seasonal factors impact the composition of honey, altering moisture
levels, pollen characteristics, and biochemical markers.

e Complex Chemical Profile: Natural honey contains a mix of enzymes, organic
acids, amino acids, and trace elements, which fluctuate naturally. This complex-
ity makes it challenging to differentiate between natural variations and intentional
adulteration.

1.4.2 Advanced Techniques Used in Honey Modification

¢ Blending with Sugar-Based Substitutes: Industrially modified honey often
incorporates high-fructose corn syrup (HFCS), glucose solutions, or artificially in-
verted sugar syrups. These substances closely resemble the natural sugar profile of
honey, making detection difficult through conventional tests.

e Pollen Removal via Filtration: Some manufacturers employ ultrafiltration to
eliminate pollen grains and other natural indicators, preventing verification of honey’s
botanical and geographic origin.

e Chemically Synthesized Honey: Certain manufacturers produce entirely syn-
thetic honey by replicating chemical compositions artificially, making traditional
laboratory identification methods less effective.

1.4.3 Limitations of Traditional Detection Methods

e Basic Physical Tests Lack Reliability: Simple at-home methods such as the
water drop test, thumb test, and flame test do not provide scientifically valid results
in detecting alterations.

e Chemical Analysis Challenges:

— Tests like HMF (Hydroxymethylfurfural) analysis may indicate heat exposure or
the presence of additives, but some counterfeit honey products are specifically
manufactured to pass this test.

— Chromatography and spectroscopic methods (such as NMR, FTIR, or LC-MS)
are highly precise, but they demand advanced technology and expert knowledge.

e Microscopic Analysis Limitations:

— Some modified honey products still contain residual pollen, misleading analysts
into incorrectly classifying them as natural.

— Excessive filtration can remove pollen from genuine honey, leading to false pos-
itives for adulteration.

1.4.4 Inconsistent Honey Regulations and Standards

e Varied Regulatory Policies: The criteria for honey authenticity differ between
countries. Some regions allow the inclusion of additives and heavy processing, while
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others enforce stricter purity standards.

e Lack of Harmonized Testing Protocols: Laboratories around the world use
different analytical methods, leading to inconsistent authentication results for the
same honey sample.

1.4.5 High Costs and Accessibility of Advanced Testing

¢ Expensive Scientific Equipment: Methods such as Nuclear Magnetic Resonance
(NMR) and Isotope Ratio Mass Spectrometry (IRMS) provide high accuracy but
require costly devices and trained specialists.

e Accessibility Barriers for Small-Scale Producers: Many independent bee-
keepers lack financial resources and access to advanced facilities, making it easier
for low-quality honey to enter markets undetected.

1.4.6 Consumer Awareness and Market Challenges

¢ Difficulty in Recognizing Altered Honey: Most buyers struggle to distinguish
pure honey from modified versions based on flavor, texture, or home-based tests.

e Competitive Pricing and Fraudulent Practices: Since adulterated honey is
cheaper to manufacture, unethical sellers can offer it at lower prices, negatively
affecting genuine beekeepers and quality producers|35].

1.5 Limitations of Traditional Honey Authentication

1.5.1 Physical Tests Are Inaccurate and Unreliable

Many consumers rely on home-based physical tests, but these methods lack scientific
accuracy:

e Water Dissolution Test:

— One of the most common methods that helps determine the purity. Of honey
is the water dissolution test. The theory behind this test is that pure honey
has a high viscosity and density, which prevents it from dissolving easily. as
soon as it is immersed in cold water. Instead, it sinks to the bottom of the
glass and needs. Stirring to combine. In contrast, adulterated honey is highly
soluble mixing easily. and rapidly with very little stirring into water once it
makes contact. [26]

— Limitation: Some pure honey varieties dissolve faster depending on their mois-
ture content and viscosity.

e Thumb or Stickiness Test:
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— Suggests that natural honey is thicker and less sticky than adulterated honey.

— Limitation: The texture of honey varies based on floral source, temperature,
and processing methods. [99]

e Flame Test:

— Believes that pure honey burns when exposed to fire, while adulterated honey
does not.

— Limitation: Some pure honey varieties contain natural moisture that can pre-
vent burning, and some adulterants do not affect flammability.[99]

Here are four ways to test
for pure honey at home.

TEXTURE

Take a drop and put it
on your thumb. It should
spread easily. Natural
honey is thick but not
sticky.

SOLUBILITY

Natural honey settles
at the bottom of a glass
of warm water without
mixing.

MOISTURE
If you light a matchstick
dipped in pure honey, it
will catch fire. Fake honey

contains too much moisture,
and doesn't burn easily.

TASTE

Natural honey will lose its sweet
taste if it is heated even for a
few minutes.

Figure 1.4: Home Honey Test Methods

1.5.2 Limitations of Chemical Analysis Methods

e High-Performance Liquid Chromatography (HPLC) and Gas Chromatography (GC)

According to the cases were two sophisticated detection/analytical methods for de-
tection and analysis, High-Performance Liquid Chromatography (HPLC) and Gas
Chromatography (GC), glucose and organic Compounds Present in Honey

— Then High-Performance Liquid Chromatography (HPLC):
* Because it separates and identifies every sugar found in honey this method is
widely used for detecting sugars from, e.g. glucose, fructose, and others. Also,

it can find all the compounds present in honey. So you have to change all your
ingredients before eating food when buying that thing again.

33



* A liquid sample is pushed by high pressure through a column full of a sta-
tionary phase. The compounds in the honey have a different pattern of contact
with the stationary phase, hence they separate based on their chemical charac-
teristics.

* The identification of sugars using HPLC is beneficial since it affords an ex-
act determination of the sugar composition in honey. This can be useful for
determining an adulteration with fruit syrups such as high fructose corn syrup

(HFCS).
— Gas Chromatography (GC):

* GC is another crucial technique for honey volatile compound analysis. Whereas
HPLC is for liquid sample detection, GC does the job on gases (vapors that like)
and volatile compounds. It’s therefore ideal for picking out substances such as
hydrocarbons, alcohols, and sugar that are present in honeyscream.II.

*In GC, the sample is vaporized and then carried by an inert gas (such as he-
lium or nitrogen). Through a column made of the stationary phase. Different
compounds will move tinas the honey at different rates so that they can be
separated and each is recognized by its retention time. [20]

— Limitation:

x Some adulterants closely mimic natural sugars in honey and may not be
detected.

*x Requires expensive equipment and trained personnel.

e Hydroxymethylfurfural (HMF) Test

* Hydroxymethylfurfural (HMF) is an organic compound derived from the dehy-
dration of certain sugars. HMF is generally absent in fresh honey but is formed
during heating, conditioning, and storage. Fera can measure HMF levels in a range
of food products, including honey.

* HMF can be used as an indicator for excess heat treatment in many food products,
such as honey, fruit juice, UHT milk, jams, alcoholic products, and biscuits. Fera
conducts analysis of samples with high-performance liquid chromatography with UV
detection (HPLC-UV), with detection down to 1 mg/kg.

* In honey HMF is a quality marker, Annex II of Council Directive 2001/110/EC
lays down composition criteria for honey, including HMF content (determined after
processing and blending). HMF is limited to 40 mg/kg in general (except baker’s
honey, which is exempt), and 80 mg/kg in honey declared to be from a tropical
region.

* Fresh honey generally contains less than 15mg/kg HMF, but over 40 mg/kg is used
to guarantee the honey has not undergone excessive heating during processing. Fera’s
HPLC-UV method can accurately quantify levels of HMF to prove your products
satisfy these criteria. Fera’s testing for HMF can be used accurately as a quality
guide, aiding consumer trust in your product by verifying quality claims. Testing
can also aid wholesalers and retailers, by ensuring the authenticity of the products
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at any point in the supply chain and providing evidence products offered for sale are
true-to-label. [32]
— Limitation:
x HMF levels naturally vary based on floral source and storage conditions.
* Some fake honey manufacturers add controlled HMF levels to pass this test.

Figure 1.5: Hydroxymethylfurfural (HMF) Honey Test

e Spectroscopic Techniques (UV-Vis, FTIR, NMR)

— Development of non-destructive methods, which are based on the analysis of
the sample without any alterations of product attributes, presents a problem of
great practical significance. Spectroscopic methods occupy an important place
among the comprehensive tests [Posudin, 2005]. These methods include the
measurement of the difference between input and output light signals during
the interaction of light with the sample (absorption, transmission, reflection,
scattering, re-emission) and analysis of the dependence of this difference on the
wavelength. Besides, spectroscopic methods are rather fast and precise.

— Effects of honey type, age, temperature, water content, and degree of sugar
adulteration on the spectral properties of honey can also be studied.

— Certain spectroscopic methods that have been applied to honey control:
* spectrophotometry
* nuclear magnetic resonance
* atomic spectroscopy [56]

— Limitation:

* Spectral profiles can overlap, making it difficult to differentiate between
genuine and adulterated honey.

x Requires specialized equipment and expertise, making it inaccessible for
small beekeepers.

1.5.3 Microscopic and Pollen Analysis Challenges

e Pollen Grains Verification:
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— Adulterated honey may still contain some pollen grains, misleading the analysis:
Microscopic analysis is used to detect honey by identifying pollen grains, but the
presence of pollen does not always indicate that the honey is pure. Adulterated
honey may also contain traces of pollen or have pollen artificially added to it,
or it may be mixed with sugar syrup and original honey.|[85]

— Limitation: Some fraudsters use pollen additives to mimic natural honey.
e Microscope-Based Purity Tests:

— Cannot detect chemical adulteration such as sugar syrups or artificial honey
compounds: Microscopic purity tests detect physical contaminants such as pollen
or particles, but they are ineffective in identifying chemical adulterants like sugar
syrups or artificial compounds in honey. These tests analyze the physical char-
acteristics of honey but cannot differentiate between pure honey and adulterated
honey which includes additives like high-fructose corn syrup or glucose syrup.[75]

e Ultrafiltration Issues:

— Ultrafiltration is a treatment used to transform raw honey into a material suit-
able for food processing [55]. Some adulterated honey is ultrafiltered to remove
natural pollen markers, making detection impossible through pollen analysis.
While this process can enhance the clarity and shelf-life of honey, it has also
been exploited as a method for honey adulteration. Specifically, some producers
ultrafilter adulterated honey to deliberately remove natural pollen markers [19]

Figure 1.6: Ultrafiltration

1.5.4 Regulatory and Standardization Issues

e Different countries have varying honey quality standards, making it difficult to create
a universal authentication method.[34]
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e Some regulatory tests fail to detect sophisticated honey fraud due to evolving adul-
teration techniques.[34]

e Limited Access to Advanced Technology: Developing countries may lack access to
sophisticated testing methods like NMR or mass spectrometry, making the detection
of advanced adulteration harder.[101]

e Misleading Labeling: Loopholes in labeling laws can allow misrepresentation of ori-
gin, floral source, or purity.[101]

e International organizations and honey safety ensuring the safety of honey is a crit-
ical consideration given several factors. Adulteration jeopardizes the integrity of
honey, potentially introducing foreign substances, sweeteners, or harmful chemicals.
Agricultural pesticide residues may contaminate honey, posing health risks, while
inadequate handling and processing can lead to microbial contamination and subse-
quent foodborne illnesses. [74]

1.5.5 Economic and Accessibility Challenges

e Advanced techniques like NMR and Mass Spectrometry are costly, limiting their use
in small-scale production and testing centers.[54]

e Traditional laboratory-based methods are time-consuming, making real-time honey
verification difficult for large-scale markets. [54]

e Factors influencing honey prices in 2025 Several factors will impact honey prices in
2025. Changes in climate can affect honey production levels drastically. Weather
patterns influence the availability of flowering plants essential for bees. Economic
challenges faced by beekeepers can lead to either lower or higher prices depending
on the circumstances. Government policies surrounding agriculture often shape the
economic landscape. These policies can affect subsidies and support for sustainable
practices.[18]

e Supply chain issues have created additional economic challenges. Delays in shipping
can lead to wasted products and lost sales. Many beekeepers rely on specific suppliers
for equipment and services. When these supplies are hard to obtain, businesses
suffer. Prolonged supply issues can shake the very foundation of honey-producing
operations.[18]

1.6 Palynology

1.6.1 Pollen

Pollen consists of small spherical or oval-shaped particles ranging in size from 20 to 40
microns, found in the pollen sacs of the flower’s anthers. It is used to fertilize the female
part of the flower and represents the male gametes in the plant kingdom.

It is a collection of male reproductive cells that serve as the raw material bees use to
produce honey.
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Pollen is essential for bee nutrition, and its high nutritional value makes it one of the
most complete foods in nature. It contains all the necessary nutrients, including protein
and all the essential amino acids required for human nutrition.

Honey naturally contains pollen, which is an essential component in determining its
authenticity. The presence and analysis of pollen in honey allow for the identification of
the floral sources visited by bees, providing valuable information about the origin and
botanical composition of the honey. Additionally, the ratio of fructose to glucose in honey
influences its crystallization process.

o O &

Thomandersia hensii Alangium chinense Crep s rvepbe.'n

E I : E I &
Baikiaea insignis Spondia monbin Rungia paxiana Crudia gabonensis

Ll R

Bauhinia gossweilien  Caesalpinia

Danisllia oliveri

.“ . b .
foaas

Macrosphyra longistyls  Acacia pseudostenocarpa

[49]

Figure 1.7: Some pollen grains from the flora of Africa

1.6.2 Composition of a pollen grain

The composition of a pollen grain is shown in this Figure.

38



glucides 27,0%
autres 3,0%
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D"aprés Bruncau 2009 [50]

Figure 1.8: Composition of a pollen grain

1.6.3 Structure of a Pollen Grain

A pollen grain consists of two non-partitioned cells and therefore contains two haploid
nuclei. One is large and vegetative, while the other is smaller and generative or repro-
ductive. The entire structure is covered by a protective layer in the form of a double
envelope.

TUBE CELL

A — TuBE
:} NUCLEUS

GENERATIVE
CELL

Figure 1.9: Structure of a Pollen Grain

1.6.4 Main types of pollen

Les pollens sont caractérisés par les scientifiques selon divers critéres :

e Taille :
La taille du grain peut varier avec 1’age et les conditions de végétation de la plante.
Cependant les rapports P /E restent globalement constants pour une méme espece et
s’expriment en microns ou micrometres. La taille est comprise entre 5 et 250 microns.
Le myosotis est parmi les plus petits grains de pollens et les cucurbitacées parmi
les plus gros (200 et 250 microns), certains coniféeres a deux ballonnets (Renault-
Miskovsky, 1990).
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Bien que toutes les tailles intermédiaires existent entre ces extrémes, un tres grand
nombre de grain sont une taille de I'ordre de 20 & 50 micron (Belaid , 1999).[21]

Les apertures :

Pore ou sillon ou association des deux ou encore absence d’apertures comme le méleze
par exemple. Le nombre d’apertures varie selon les especes. Les pollens inaperturés
sont des pollens ne présentant ni pore, ni sillon. Les pollens porés comportent de
petites ouvertures circulaires (pores). Les pollens colpés comportent seulement une
ouverture tres allongée (sillon). Les pollens colporés comportent a la fois des pores
et des sillons. (Homrani, 2020). (Figure 10) [21]
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Figure 1.10: Somme types of pollen
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1.6.5 Pollen Types and Corresponding Plants

Pollen Type Examples
Inaperturate Juniperus sp
Monocolpate Lilium sp
Monocolporate Poaceae

Dicolpate Hypecoum sp
Tricolpate Quercus sp
Stéphanolcolpate Rosmarinus sp
Péricolpate Polygonum amphibium
Diporate Broussonetia 150]
Triporate Corylus, Betula
Stéphanoporate Ulmus, Alnus
Périporate Saponaria
Tricolporate Fagus
Stéphanolcolporate | Anchusa

Péricolporate Rumez
Hétérocolporate Lythrum salicaria
Syncolpate Myrtus

Fenestrate Tarazacum

Table 1.1: Types of Pollen and Corresponding Plants

1.6.6 Pollen Analysis in Honey Authentication

e Quality and Authenticity Assurance:

Ensures that honey is genuine and not adulterated by verifying its
floral composition :

*Fraud Detection: Pollen analysis allows identification of the botanical source
of honey. If pollen grains are absent or foreign types appear, this indicates fraud
in classification.

*Purity Verification: Comparing the pollen content with the declared source
confirms whether the honey comes from specific flowers or has been mixed.
*Standards Compliance: Regulatory standards (such as those of the Eu-
ropean Union or Codex) require verification of floral origin as part of quality
certification.

e Identification of Flower Sources:

By examining pollen grains in honey, the plant species visited by
bees can be identified :

*Botanical Composition: Different flowers produce pollen with distinct shapes
and surface structures. Microscopic analysis helps identify the types of flowers
visited by bees.

*Monofloral or Polyfloral Honey Classification: If one type of pollen dom-
inates (usually more than 45 for 100), the honey can be classified as ”monofloral”
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(like lavender honey). If it contains a mixture of different types, it is classified
as "polyfloral.”

*Nectar Source Tracing: Knowing the plants visited by bees helps link the
therapeutic properties of honey to its botanical source.

e Verification of Honey Origin:

— Pollen analysis helps determine the geographical and floral source of
honey :

*Identifying Geographical Origin: The variation in plants across regions
allows the determination of honey’s origin (such as the Mediterranean, tropical
areas, or mountainous regions) through pollen spectrum analysis.

*Combating Labeling Fraud: Honey may be exported under a specific re-
gional name while its actual source is different. Pollen analysis reveals such
mislabeling.

1.7 Key Features for Honey Classification

Honey authentication is a crucial process to differentiate between natural and adulter-
ated honey. Several advanced classification methods, including microscopy and spec-
tral analysis, help in accurately identifying the purity of honey

1.7.1 Microscopy-Based Classification

Microscopy is a widely used technique to analyze the physical properties of honey. It
enables classification based on various visual and structural characteristics, including:

e C(lassification Based on Shape:

— Microscopy allows the identification of pollen grains present in honey, which can
indicate its floral origin.

— The shape of pollen and other particles can help determine whether the honey
is natural or mixed with additives.
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Figure 1.11: Pollen types from floral visiting bees’ bodies of Solanum

e C(lassification Based on Color:
— Pure honey exhibits a range of natural colors from light golden to dark amber,
depending on its floral source.

— Under a microscope, impurities, and artificial colorants can be detected, which
helps in determining adulteration.

Figure 1.12: The Kaleidoscopic Colors of Honey Under a Microscope

1.7.2 Spectral Analysis

Spectral analysis is a non-destructive technique that provides insights into honey com-
position by analyzing how it interacts. The classification features in spectral analysis
include:

43



e Spectral Values:
— Spectral data is often recorded in CSV format for analysis.
— These values represent the unique spectral fingerprint of honey, allowing com-
parison with standard pure honey profiles.
— Different wavelengths of light are absorbed and reflected differently by natural
and adulterated honey.
— These spectral values help classify honey based on its molecular composition.
Elements Light Honey Dark Honey
Averages Minimum Maximum | Averages Minimum Maximum
K 205 100 588 1676 115 4733
Cl 52 23 75 113 48 201
S 58 36 108 100 56 126
Ca 49 23 68 51 5 266
Na 18 6 35 76 9 400
P 35 23 50 47 27 58
Mg 19 11 56 35 7 126
S04 22 14 36 36 13 72
Si 8.9 7.2 11.7 14 5.4 28.3
Fe 24 1.2 4.8 9.4 0.7 35.5
Mn 0.3 0.17 0.44 4.09 0.52 9.53
Cu 0.29 0.14 0.70 0.56 0.35 1.04

Table 1.2: The mineral constituents of honey (mg/kg)

e Chemical Analysis:

— Sugar Composition: Identifies glucose, fructose, and sucrose levels.

— Acidity and pH Levels: Differentiates between natural and processed honey.

— Presence of Additives: Detects artificial sweeteners, preservatives, and other

adulterants.

N (s) | Floral Origin | CE X 10* (S/cm) | pH | Color (Cm Pfund) | Color Type | Water Content (%) | MS (%) | HMF (mg/kg) | AL (meq/kg) | TMM (%)
1 Multi-flower 1.12 4.24 1.1 Light 14.8 83.46 2.84 11.0 0.08
2 Wild Carrot 6.41 4.50 9.9 Dark 18.8 85.40 5.68 11.5 0.48
3 Galactite 2.34 3.50 Off scale Very Dark 14.03 85.44 117.7 25.0 0.17
4 Euphorbia 1.48 3.70 14 Dark 15.8 85.26 90.7 47.0 0.11
5 Multi-flower 1.46 4.16 6.2 Light 14.4 83.60 9.28 37.0 0.11
6 Multi-flower 2.61 4.25 6.2 Light 15.03 83.49 9.92 15.0 0.19
7 Multi-flower 0.83 4.48 1.1 Light 16.2 82.25 3.83 18.0 0.06
8 Multi-flower 5.06 4.42 8.3 Dark 174 81.10 12.87 20.0 0.38
9 Multi-flower 1.6 4.50 6.2 Light 14.6 84.60 4.19 16.5 0.12
10 Multi-flower 1.38 4.14 7.1 Dark 16.2 82.00 7.48 11.0 0.10
11 Multi-flower 3.49 4.38 8.3 Dark 15.1 85.10 21.25 26.0 0.26
12 Multi-flower 1.64 4.53 9.2 Dark 18.8 81.16 74.55 17.0 0.12
13 Multi-flower 5.86 4.49 Off scale Very Dark 18.06 81.40 92.44 14.0 0.44
14 Jujube 4.04 4.04 9.2 Dark 14.2 83.70 2.89 2.89 0.30
15 Date 8.9 5.2 14 Dark 21.5 76.90 97.7 42.0 0.66
16 Multi-flower 2.0 3.80 9 Dark 18.03 79.70 81.1 29.0 0.15

Table 1.3: Physicochemical Analysis Results of some Honey Samples
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1.8 The role of artificial intelligence in food authentication

1.8.1 Definition of Food Authentication

Ensuring food products are genuine, free from adulteration, and accurately labeled is
essential for maintaining food safety and quality. The rising cases of food fraud, mis-
labeling, and contamination have heightened concerns about consumer health and food
security. Traditional authentication methods, such as chromatography, chemical analy-
sis, and spectroscopy, are reliable but often involve complex procedures, high costs, and
significant time investment.

Artificial Intelligence (Al) is revolutionizing food authentication by providing auto-
mated, accurate, and efficient solutions for detecting food fraud. Al-powered technolo-
gies—including machine learning (ML), deep learning (DL), and computer vision—enhance
the precision of food analysis and improve traceability throughout the supply chain.

1.8.2 The role of artificial intelligence

e Detection of Food Fraud
— Al-based machine learning models analyze large datasets to identify adulter-
ation, mislabeling, and counterfeit food products.

— Advanced spectroscopic techniques, such as near-infrared (NIR) imaging, Ra-
man spectroscopy, and hyperspectral analysis, integrated with Al, enhance the
ability to verify food authenticity and composition.

e Quality Control & Safety Assurance
— AT algorithms process image and chemical data to assess food quality and ensure
compliance with safety standards.
— Deep learning techniques detect irregularities in food, such as contamination,
spoilage, or inconsistencies in texture and color.
e Traceability & Supply Chain Monitoring
— Al integrated with blockchain technology provides complete transparency in the
food supply chain, ensuring product authenticity from origin to consumer.
— Smart sensors and [oT devices, powered by Al, continuously monitor environ-
mental conditions like temperature and humidity, preventing food tampering.

e DNA-Based Authentication

— AT aids in DNA sequencing analysis, helping detect ingredient substitutions and
verifying the authenticity of meat, seafood, and plant-based products.

e Consumer Trust & Transparency

— Al-driven mobile applications allow consumers to scan product barcodes and
receive instant verification of food authenticity.

— Chatbots and Al-powered recommendation systems provide consumers with ver-
ified information, helping them make informed purchasing decisions. [53]

45



1.9 Methods Needed for an AI-Based Approach

1.9.1 Importance of Using Al for Detecting Honey (Natural and Adulter-
ated)

e Traditional honey authentication methods, such as chemical analysis and spec-
troscopy, are often time-consuming and require specialized equipment.

e Al-based methods offer a faster, more accurate, and cost-effective solution for de-
tecting honey adulteration.

1.9.2 Machine Learning for Honey Authentication

e Pattern Recognition: Machine learning models can analyze spectral or chemical
data to distinguish between pure and adulterated honey.

e Classification Algorithms: Supervised learning techniques (e.g., SVM, Random
Forest) can classify honey samples based on their authenticity.

e Feature Extraction: Al can automatically extract meaningful features from honey
composition data, improving detection accuracy.

1.9.3 Deep Learning for Honey Authentication

e Image-Based Analysis: Convolutional Neural Networks (CNNs) can detect im-
purities in honey by analyzing microscopic images.

e Spectral Data Processing: Deep learning models process spectroscopy data to
identify adulterants.

e Neural Networks for Predictive Analysis: Al models can predict honey purity
based on data and trends.

1.9.4 Advantages of AI Over Traditional Methods

e Speed and Efficiency: Al-driven authentication can analyze samples in real time.

e Higher Accuracy: Machine learning models improve detection rates compared
to manual testing.

e Automation and Scalability: AI can process large datasets without human
intervention, making large-scale testing feasible.
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1.10 Types of Honey Analyzed Using Machine Learning

The rapid development of machine learning has opened new possibilities for the clas-
sification and analysis of honey types. By utilizing machine learning algorithms and
image recognition techniques, it is now possible to classify honey based on various types,
including natural, adulterated, and processed honey.

1.10.1 Machine Learning for Natural Honey Classification

Natural honey, often regarded as the purest form of honey, is free from additives and
adulterants. Machine learning algorithms can analyze pictures of natural honey to iden-
tify unique characteristics that distinguish it from other types. The classification process
involves training models using a large dataset of images of pure honey.

Key Features for Classification:

e Color: Natural honey varies in color depending on its floral source, ranging from
light golden to dark amber.

e Viscosity: The flow behavior of natural honey, often thicker and slower than pro-
cessed honey, can be captured in images.

e Presence of Pollen: Microscopic images can reveal the presence of pollen grains,
which are characteristic of natural honey.

Machine learning models can be trained using these features to accurately classify honey
as natural based on image data.

1.10.2 Machine Learning for Adulterated Honey Classification

Adulterated honey is often diluted or mixed with other substances like sugar, corn
syrup, or artificial sweeteners. These adulterants alter the honey’s appearance, texture,
and overall composition, making it possible to distinguish adulterated honey from pure
honey through machine learning techniques.

Key Features for Classification:

e Color Deviations: The presence of artificial colorants or additives can affect the
color of honey, making it stand out from natural varieties.

e Viscosity Changes: Adulterated honey may be thinner and more liquid than
natural honey, which can be observed in images.
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e Lack of Pollen Grains: The absence of pollen grains or other natural particles
can indicate adulteration.

Machine learning models can be trained to identify these changes in images and classify
honey as adulterated based on these distinguishing features.

1.10.3 Machine Learning for Processed Honey Classification

Processed honey refers to honey that has been subjected to heat, filtration, or other
industrial processes. These processes alter the physical and chemical properties of honey,
which can be detected through machine learning-based image analysis.

Key Features for Classification:

e Clarification and Filtration: Processed honey often appears clearer and less
cloudy than natural honey, as impurities are removed during filtration.

e Color Alteration: The heat used in processing can darken or change the color of
honey.

e Loss of Natural Elements: Processed honey may have a lack of visible pollen or
other natural elements.

Machine learning models trained on images of processed honey can recognize these fea-
tures and classify honey accordingly.

1.11 Data sources

1.11.1 Microscopy-Based Analysis

e Pollen Identification: Observing honey under a microscope allows for the detection
of pollen grains, which help in determining botanical and geographic origin.

e Crystalline Structure Examination: The size, shape, and distribution of honey
crystals under microscopic imaging provide valuable insights into natural versus
modified compositions.

e Detection of Foreign Particles: Advanced imaging can reveal residues from adul-
terants, such as sugar granules, starch, or synthetic additives.

1.11.2 Spectral Data Acquisition

e Fourier Transform Infrared Spectroscopy (FTIR): This method captures the
unique infrared absorption patterns of honey, making it possible to identify chemical
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modifications.

e Nuclear Magnetic Resonance (NMR) Spectroscopy: By analyzing molecular
structures, NMR helps differentiate pure honey from sugar-based substitutes.

e Hyperspectral and Near-Infrared (NIR) Imaging: These techniques scan
honey samples at different wavelengths, highlighting differences in composition and
purity.

1.11.3 Chemical Composition Analysis

e Hydroxymethylfurfural (HMF) Content Testing: HMF is a heat-induced com-
pound that indicates whether honey has been overheated or adulterated with inverted
sugars.

e Chromatographic Separation (GC-MS, LC-MS): Gas chromatography-mass
spectrometry (GC-MS) and liquid chromatography-mass spectrometry (LC-MS) help
detect non-natural sugars, preservatives, and chemical contaminants.

e Isotope Ratio Mass Spectrometry (IRMS): This technique identifies the carbon
1sotope ratios in honey, distinguishing natural nectar-based sugars from artificial corn
syrup additives.

1.11.4 Machine Learning and AI-Driven Data Utilization

e Pattern Recognition Algorithms: Al models process microscopic images, spec-
tral data, and chemical signatures, learning to differentiate authentic honey from
altered versions.

e Deep Learning-Based Spectral Classification: Neural networks trained on
large datasets of spectral readings can classify honey purity with high accuracy.

1.12 Al techniques used

1.12.1 Image-Based Structural Analysis

Systems capable of interpreting visual data are employed to examine detailed patterns
in provided samples.
Example:
- Convolutional Neural Networks (CNNs): These are deep learning models specifi-
cally designed for image-based tasks. CNNs apply convolutional layers to analyze visual
patterns, such as edges, textures, and shapes, which can be used for classification tasks
like identifying objects in images or detecting tumors in medical imaging.
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1.12.2 Mathematical Discrimination Models

Methods grounded in statistical computation assist in distinguishing various dataset
categories based on key differentiating characteristics.
Example:
- Support Vector Machines (SVMs): A supervised machine learning algorithm that
finds the hyperplane that best separates different classes in the dataset. SVM is widely
used for binary classification tasks like spam email detection or handwriting recognition.

1.12.3 Layered Decision Frameworks

Techniques leveraging interconnected pathways enhance precision in classification.
Example:
- Random Forests: An ensemble learning method that constructs multiple decision
trees and combines their outputs. Each tree in the forest is trained on a random subset
of the data, and the final classification is determined by the majority vote or average of
all the trees.

1.12.4 Comprehensive Data Fusion

A combination of multiple observational and analytical sources ensures improved con-
sistency and reliability in assessment outcomes.
Example:
- Multimodal Learning: A method that combines information from different modali-
ties such as text, image, and audio to improve performance in tasks like sentiment analysis
or multimodal translation. For instance, in medical diagnostics, multimodal fusion might
combine imaging data (X-rays) with patient health records to enhance diagnosis accuracy.

1.13 Conclusion

Honey is a vital product, but its authenticity is increasingly compromised by adul-
teration, posing risks to consumers and markets. Traditional methods of detection are
limited, making it difficult to ensure purity. The integration of advanced computational
techniques, such as machine learning, offers a more accurate and efficient solution. An-
alyzing diverse data types can significantly improve the identification of pure and adul-
terated honey, paving the way for more reliable quality control and enhanced consumer
protection in the industry.
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Chapter 2 :
Artificial Intelligence and Machine

Learning



2.1 Introduction

Computer science has witnessed significant development in all aspects, from software
engineering to the hardware industry, leading to major improvements and new program-
ming approaches that solve real-world problems.

One of the most important branches of computer science is Artificial Intelligence (Al),
which aims to create intelligent machines capable of solving problems that traditional
programming approaches cannot address.

2.2 Artificial Intelligence

Artificial intelligence (AI) is the science that empowers machines to think, using tech-
nology and algorithms to help computers solve problems. Most Al products today, from
chatbots to self-driving cars and manufacturing robots, rely heavily on deep learning
(neural networks) and machine learning. These techniques train computers to perform
specific tasks by processing large amounts of data and identifying patterns within it [104].

2.3 Machine Learning

Machine learning is a branch of computer science concerned with building algorithms
that rely on collections of examples to be useful. These examples may come from nature,
be handcrafted by humans, or be generated by other algorithms. Machine learning can
also be defined as the process of solving real-world problems by collecting a dataset and
algorithmically building statistical models based on that dataset. These statistical models
are then used to solve real problems.

2.3.1 Machine Learning Techniques

Machine learning techniques are fundamentally algorithms that work on data to re-
trieve insights. These insights may include discovering, predicting, or forecasting patterns
and trends. The goal is to develop a model utilizing a combination of data and algorithms
that can be applied to new, unseen data to derive actionable insights.

Every technique relies on the type of data it works on and the specific problem it aims
to solve. It is important to note that there is no universal machine-learning algorithm
that can solve all the problems.

The main inputs for a machine learning algorithm are features extracted from data
through a process known as feature extraction, often accompanied by feature engineering,
which involves developing new features from existing ones. A feature represents an aspect
of the dataset, such as location, age, number of shared posts, etc., when dealing with social
media user data [87].
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Machine learning techniques can be categorized into four main types:

e Supervised learning
e Unsupervised learning
e Reinforcement learning

e Semi-supervised learning

Construction of model

Machine learning ?v(\:t\f:)‘sz[

‘ ‘ ‘ ‘ {~ principal component analysis

Reinforcement Unsupervised emi-supervises Supervised
learning learning learning learning

« factor analysis

Figure 2.1: Different techniques from Al.

2.3.1.1 Supervised Learning

A type of machine learning is considered supervised when the dataset used in the
process is already classified or contains examples with relevant correct classes. The al-
gorithm uses this data to learn and classify future outcomes. For instance, in classifying
handwritten digits, a supervised learning algorithm requires numerous images with their
corresponding labels. The algorithm learns patterns between images and their labels to
predict labels for entirely new, unseen images [59].

To demonstrate how supervised learning works, consider forecasting an individual’s
annual salary based on the number of accomplished educational years. Formally, we
alm to create a model that approximates the relationship between the accomplished
educational years X and the corresponding annual salary Y :

Y =f(X)+e (2.1)

where:

e X (input) = accomplished educational years
e Y (output) = annual salary
e f = function describing the relationship between X and Y

e ¢ = random error term (positive or negative) with mean zero

In supervised learning, the machine attempts to comprehend the relationship between
salary and education by processing classified training data through a learning algorithm.
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The resulting model can then predict salaries for individuals whose salary Y is unknown,
based on their educational years X [70]. The workflow of supervised machine learning
algorithms is illustrated in Figure 2.2.

Tune

Training Train Model

Dinita Produstion

Taxt Evaluste Model
Diata

Figure 2.2: Supervised learning workflow [67].

Here are some algorithms that can be used in supervised learning:

e Decision Tree

Linear Regression

Logistic Regression
K-NN (K-Nearest Neighbors)
SVM (Support Vector Machine)

2.3.1.2 TUnsupervised Learning

Unsupervised learning is more complex because the system must identify similarities
in the input data and organize them accordingly. This method has significant advantages,
particularly in the classification phase [59].

When using unsupervised learning, we don’t care about the target output because the
goal of the algorithm is to find relationships in the data and group data points based only
on the input data. Supervised learning involves labeling data for prediction purposes,
but unsupervised learning does not.

Here are some of the most important unsupervised learning algorithms (Clustering):

o K-Means

e Hierarchical Cluster Analysis (HCA)

e Visualization and Dimensionality Reduction

e Principal Component Analysis (PCA)

e T-Distributed Stochastic Neighbor Embedding (t-SNE)

e Association Rule Learning
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Figure 2.3: Unsupervised learning workflow [67].

2.3.1.3 Reinforcement Learning

Reinforcement learning is a class of computational algorithms that specifies how an
artificial agent (e.g., a real or simulated robot) can learn to select actions to maximize
the total expected reward. This computed difference, termed reward-prediction error, has
been shown to correlate very well with the phasic activity of dopamine-releasing neurons
projecting from the substantia nigra in non-human primates.

Reinforcement learning is a special case of supervised learning, where the exact desired
output is unknown. The teacher supplies only feedback about the success or failure of an
answer. This is cognitively more plausible than supervised learning since a fully specified
correct answer might not always be available to the learner or even the teacher. It is based
only on the information as to whether or not the actual output is close to the estimate.
Reinforcement learning is a learning procedure that rewards the neural network for its
good output result and punishes it for the bad output result [30].

2.3.1.4 Semi-Supervised Learning

There are other types of classification based on other types of learning methods such
as “semi-supervised learning.” In effect, semi-supervised learning is a good compromise
between the two types of “supervised” and “unsupervised” learning because it makes it
possible to process a large amount of data without needing to label them all, and it takes
advantage of the benefits of both types mentioned.

On the other hand, a priori labeling of all the data requires the intervention of a human
expert. This is a difficult or even tedious operation when the number of data points is
large. In concrete applications, it is often impossible for the expert to assign all the
training data to the classes present [96].
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Figure 2.4: Renforcement learning workflow [67].

2.3.2 Regression

Regression is used to estimate the value of a label from a collection of related fea-
tures. Labels can be any ground-truth value, rather than from a limited set of values
as in classification tasks. Regression algorithms relate the dependencies of a label to its
associated features to indicate how the label changes when the feature value changes. A
regression algorithm takes a set of samples with known label values and provides a model
that predicts the label values for a new given set of features [90]. Here are some examples
where regression can be used:

e Estimate home prices based on a range of characteristics such as number of rooms,
community composition, home size, and usable area.

e Predict Bitcoin price based on historical data and current market trends.

e Forecast product sales based on advertising budget [90].

2.3.3 Classification

For classification tasks, the algorithm takes a set of labeled samples and outputs a
classifier that we can use to predict the class of new unlabeled instances, where the
number of classes is limited. Classification can be used for:
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e (Classify face expressions as ’happy’, 'sad’, or 'angry’.

e (Classify Bitcoin as ”Save” or ”"Danger” to buy using current market trends.

2.4  Deep learning

2.4.1 Definition

Deep learning is a branch of machine learning that deals with algorithms inspired by
the networks and operations of the brain, named artificial neural networks. By way of
explanation, it mirrors how our brains work. Deep learning algorithms are closer to the
structure of a nervous system, where each neuron is connected and transmits information.

Deep learning models work in layers, and a standard model has at least three layers.
Every layer takes information from the previous layer and passes it to the next layer [60].

Artificial intelligence

Machine learning

Deep learning

Figure 2.5: The sub-branches of artificial intelligence .

2.4.2 Difference Between Machine Learning and Deep Learning

Deep learning models usually function well on large datasets, while older machine
learning models stop enhancing after reaching a saturation point.

57



Machine Learning

&k -3 - Il

Input Feature extraction Classification Output

Deep Learning

& — =7 — I

Input Feature extraction + Classification Qutput

Figure 2.6: Feature extraction area in machine deep learning [8].

One of the differences between machine learning and deep learning models is in the
field of feature extraction. Feature extraction is done by humans in machine learning,
while deep learning models compute it themselves.

2.4.3 Application areas of deep learning

These techniques are developed in the field of computer science and applied to NTIC
(visual recognition - for example a road sign by a robot or an autonomous car and voice
recognition), robotics, bioinformatics, pattern recognition or comparison of forms, secu-
rity, health, etc, computer-assisted education, and more generally artificial intelligence.
Deep learning can for example allow a computer to better recognize highly deformable
objects and/or analyze for example the emotions revealed by a photographed or filmed
face, or analyze the movements and position of the fingers of a hand, which can be useful
to translate sign language, to improve the automatic positioning of a camera, etc. They
are used for some forms of medical diagnostic assistance (e.g., automatic recognition of
cancer in medical imaging), or prediction (e.g.: prediction of the properties of a soil filmed
by a robot) [62]

2.4.4 Deep learning architecture

Deep learning is a neural network with a large number of parameters and layers, the
basic example is the multilayer perceptron.
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Figure 2.7: Multi-layer perceptron [73].

There are a large number of deep architecture variables. Most of them are derived
from some original architectures. We will start with the convolutional neural networks

(CNNs).

2.5 Artificial neural networks

To understand artificial neural networks first, we need to know some basic notions
of biological neural networks and the adaptations made in the artificial neural network
model.

2.5.1 Biological neuron

A biological neuron (see figure 2.8) is a cell composed of a nucleus. The cell body is
divided to form the dendrites, it is by the dendrites that the information is transported
from the outside to the soma (Cell body), the processed information continues its way
through an axon to be transmitted to the other neurons. The transmission between
two neurons is not direct, but rather there is a small space 109 between the axon of
the afferent neuron and the dendrites of the other neuron. This space, defined as inter-
cellular, is called a synapse [4] [5].
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Synapse
Cell body(Soma)

Figure 2.8: Biological neuron.

2.5.2 Artificial neuron

An artificial neuron (see 2.9) is a simplification of the biological neuron, each artificial
neuron is an elementary processor. It takes as input several variables X = x1,x2,x3,...xn
called the input layer, each input of an artificial neuron is associated with a weight w
representing the value of the connection. An activation function f transforms the weighted
sum of the input variables and their weights Pn i=1 (w i X xi) to a value which will then
be transmitted to the output layer to be compared with a threshold value, and then
provide an output response [105] [5].

Input Layer )
Input Weights Activation function
] \
8=

w3

I
"
-

Summing function

Figure 2.9: Artificial neuron.

2.5.3 Artificial neural networks

The artificial neural network (multi-layer) consists of several layers of neurons: an
input layer, a hidden layer, and an output layer. This neural network is an improvement
of the previous one to address more complex problems.
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Figure 2.10: An artificial neural network.

The artificial neural network has 3 types of layers
* Types of layers

Input layer: The first layer in the neural network, is the layer that receives data,
composed of input neurons.

Hidden layer: This layer or these layers are located between the input and the output
layers. In these layers, the problems will be solved. The choice of hidden layers depends
on the complexity of the problem.

Output layer: This is the last layer of an artificial neural network. This last layer
produces the output of the program. If we have a classification problem, then the output
layer neuron size will be equal to the number of classes.

2.5.4 Activation function

We mentioned the activation function in the last subsections. In this subsection, we
will detail more about the activation function.

An artificial neuron calculates the sum of the inputs and their weights as follows:

n

> (wi x ;) + by, (2.2)

=1

where this sum can take any value between —oo and oo. To determine the threshold
value for activation, an activation function is used.

For the bias, we add a bias value to the weighted sum to obtain the final value for
prediction by our neuron [5].

The activation function is used to introduce non-linearity in the functioning of an
artificial neuron, unlike biological neurons, which have a binary activation.
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The activation function of an artificial neuron has continuous values, allowing an infi-
nite number of possible values within an interval of [—1, 1] or [0, 1].

There are several forms of activation functions, each used in a specific context. We
will mention the most commonly used ones.

e ReLU Function

Defined by the following equation:
A(z) = max(0, x) (2.3)

The activation function ReLU (Rectified Linear Unit) is a linear function that is
considered the most popular and most used activation function. Its operation is
based on the fact that it replaces any negative input value with 0, and without
modifying positive value [2].

—10 -5 5 10

Figure 2.11: ReLU Function.

e Sigmoid function

Defined by the following equation:

fla) = —

- 1+e=®

(2.4)

Two values are possible for this activation function: 0 or 1. Its curve takes the form
of an S-shape. This function is used in the output layer when we have a binary
classification problem [2].
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Figure 2.12: Sigmoid function.

e Tanh function Defined by the following equation:

fl) = —

= 2.5
1+e 2 (2:5)

This function transforms any real input into a value between [—1, 1] [2].
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Figure 2.13: Tanh Function.

Tanh is a variant of the sigmoid function. The relation between the Tanh function
and the sigmoid function is given by:

tanh(z) = 2 - sigmoid(2z) — 1 (2.6)
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e Softmax Function

A normalized exponential function, the softmax function is used to represent a cat-
egorical probability distribution over a vector z = (z1, 29, . . ., 2k ) of K real numbers
by transforming them into a vector o(z) with K probabilities, where the sum of
these probabilities equals 1.

The softmax function is defined as follows:

Zi

e

softmax(z); = o(z2); = , where z = (21,2, ..., 2x) € R, (2.7)

T K
> e
k=1

This function is used in the output layer for the case of K-class classification with
K > 2 in order to compute the probability of an input z; belonging to a particular
class (the class with the highest probability) [6].

2.6 Convolutional neural networks

The convolution neural network was introduced by Yann Lecun in November 1998.
CNNs are a specific type of deep neural network model that is mainly used to recognize
images because they are good at extracting features from Images that are invariant to
rotation and change in scale (to an extent only through, you still require a very variant
and large dataset to tackle translational variance), As CNNs are the heart of all the other
architectures we are going to explain it deeply [65].

e .

T S f o - 1 s
| . — — N Vy J ——
| 3  —

pooling convolutional poaoling fully-connected
convolutional layer layer layer layer
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predicted
class

input image

Figure 2.14: CNN architecture [22] .

2.6.1 Convolutional layer:

From its name, we deduce the first-word” convolution”, which means that the network
uses a mathematical operation called convolution. This is a special type of linear opera-
tion. The main goal of convolution is to extract features such as edges, colors, and vertices
from the input. As we dig deeper into the network, the network also begins to recognize
more complex features, such as shapes, numbers, and parts of faces. But how does this
layer extract features such as edges, colors, etc? To understand how convolutional layers
extract these features, let’s first understand how our machine sees images.

Every image or picture in our machines is represented by pixels and every pixel has
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a value of the color scale between 0 and 255, 0 means this pixel is black and 255 means
this pixel is white, and so on.

In grayscale images, each pixel represents the intensity of only one shade how bright or
dark the pixel is. In other words, it has only one channel. On the other hand, for colored
images, we have three color channels: R, G, and B (red, green, and blue). Standard
digital cameras have three (RGB) channels.

Figure 2.15: How machines understand colored images.

The red, green, and blue channels are stacked on top of each other, making the matrix
a three-dimensional shape.

For example, the shape of a matrix representing a 500px by 500px color image will be
(500, 500, 3). Each pixel in this color image has three numbers (ranging from 0 to 255)
associated with it. These numbers represent the intensity of red, green, and blue colors
in that particular pixel.

After understanding how picture representation works, let’s dive into how the convo-
lutional layer extracts features from images. A convolution is a transformation applied

pixel by pixel by using a set of weights, also known as a filter or kernel.

Let S be a set of source pixels and W be a set of weights. A pixel y is transformed as
follows:

yIZSicWi (2-8)
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Figure 2.16: Convolution operation [88].

We are talking about things like straight lines, plain colors, and curves when we
say features. Consider the most basic traits that all images share. These features are
recovered by shifting the kernel over the image and applying a matrix multiplication be-
tween the kernel and the area of the image where the kernel is hovering at any given time.

The filter moves to the right by a determined step value or step size (Stride) until the
entire width is resolved. It continues to the beginning of the frame (left) with the same
step value and repeats the process until the entire frame is traversed.

2.6.2 Pooling layer:

Pooling layers, like convolutional layers, are responsible for minimizing and reducing
the size of convolutional features. The computational power required to process the data
is reduced through dimensionality reduction. It also facilitates the extraction of rotation
and position invariant main features, which allows the model’s training process to run
smoothly. Pooling can be divided into two types: maximum pooling and medium or
average pooling. Maximum pooling returns the maximum feature or value of the piece
of the picture surrounded by the kernel. On the other hand, average pooling returns the
average of all values from the kernel piece of the picture. Max pooling can also act as a
noise canceler. It removes all sound activation and performs well.
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Figure 2.17: Types of polling operation [94].

2.6.3 Fully connected layer (dense layer):

We haven’t done anything yet to categorize the various images. We have just high-
lighted specific characteristics in an image while substantially reducing its size. These
high-level features can now be detected by connecting fully connected layers (dense layers)
to the network’s end.

This layer takes an input (the result of the convolution, ReLU, or pooling layer) and
returns an N-dimensional vector, where N represents the number of classes from which
the program must choose.

For example, if we are dealing with a digit recognition problem, N would be ten
because there are ten digits. The likelihood of each class is represented by a number in
this N-dimensional vector.

For instance, if the output is:
[0,0.1,0.1,0.75,0,0,0,0,0,0.05]

It means that there is a 10% chance that the number is a 1, a 10% chance that the image
is a 2, a 75% chance that the image is a 3, and a 5% chance that the image is a 9. (As
a side note, there are numerous ways to describe the output; this example demonstrates
the softmax method).

This fully connected layer analyzes the output of the preceding layer (which should
represent the activation maps of high-level features) and determines which features are

most associated with a specific class.

For example, if the computer predicts that a certain image is a mouse, the activation
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maps will contain high weights or values that reflect high-level traits such as a foot or

four legs, and so on.

Similarly, if the algorithm predicts that a given image is a bird, the activation maps that
reflect high-level traits such as wings or a beak will have high values. A fully connected
layer considers which high-level traits are most strongly associated with a specific class
and assigns weights to them, resulting in the correct probabilities for the various classes
when the products of the weights and the preceding layer are computed [27].
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Figure 2.18: Fully connected layer [1].

2.7 Popular CNN Architectures

There is an infinite number of architecture, we will describe some of the most popular
architectures like VGGNet, LeNet, and EfficientNet family.

2.7.1 VGGNet

Background e VGGNet This architecture, which was one of the first to appear, was
introduced by Simonyan and Zisserman in 2014. The VGGNet architecture in the figure
reffig:Basic architecture of VGGNet is composed of convolutional layers, ReLU as an
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activation function, Maxpooling layers inserted between convolutional layers in order to
reduce the size of feature parameters, the classification the block is composed of dense
layers that use ReLU also, and the final layer uses softmax for classification [3].
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Figure 2.19: Basic architecture of VGGNet .

2.7.2 EfficientNet

This architecture of this family of architecture (B0,B1,..,B7), were realised by google in
2019. The EfficientNet-B0 architecture in Figure 2.20 wasn’t developed by engineers but
by the neural network itself. They developed this model using a multi-objective neural
architecture search that optimizes both accuracy and floating-point operations. Taking
B0 as a baseline model, the authors developed a full family of EfficientNets from B1 to
B7 which achieved state-of-the-art accuracy on ImageNet while being very efficient to its

competitors [98]
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Figure 2.20: EfficientnetB0 architecture .

2.7.3 LeNet

LeNet was introduced by Yan LeCun for digit recognition. The basic configuration
of LeNet-5 is in the figure 2.21, 2 convolutions layers, 2 sub-sampling layers, 2 fully
connected layers, and an output layer with the Gaussian connection. The total number
of weights and Multiply and Accumulates (MACs) are 431k and 2.3M respectively [64].
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Figure 2.21: Basic architecture LeNet-5 .

2.7.4 MobileNet

MobileNet refers to a family of compact neural network architectures designed to
work efficiently on devices with limited resources, like smartphones. Instead of using
standard convolution layers, it splits them into smaller, more efficient operations: one
that processes each channel separately (depthwise), and another that combines them
(pointwise). This results in faster models with less memory usage [52].
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Figure 2.22: MobileNet architecture .

2.7.5 ResNet

ResNet stands for Residual Network, a deep learning structure built to overcome the
problem of degraded performance in very deep networks. It introduces shortcuts that
let information skip one or more layers. These shortcut paths help maintain gradient
strength during training, making it possible to stack dozens or even hundreds of layers
without the network’s accuracy dropping [51].
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Figure 2.23: ResNet architecture .

2.8 Conclusion

Artificial intelligence, though still developing, has made remarkable progress despite
early criticisms. Its potential to simplify daily life and push technological boundaries is
immense. This chapter provided a brief overview of Al, leading into the next section on
deep learning—one of the most impaction fields, unlocking opportunities once thought
impossible. And has examined the theoretical foundations and real-world applications of
deep learning methods for the identification of honey. The study examined the use of
neural network techniques and their diverse applications in enhancing the precision and
velocity of detection of pollen grains in honey. In the upcoming chapter, the focus will be
on the techniques used to achieve Electron Microscopy (EM) detection of pollen grains.
Key models to be developed, data preparation methods, and performance testing will be
emphasized to ensure accurate and reliable results.
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Chapter 3 :
System Design

Implementation and results



3.1 Introduction

The significant advancements in the field of artificial intelligence and its applications
in various sectors, including environmental monitoring, have paved the way for innova-
tive systems capable of predicting trends and aiding in decision-making processes. This
chapter provides an overview of the system designed for the identification and classifica-
tion of EM using microscopic images. Firstly, we will discuss the general architecture of
our classification model. Following this, we will delve into the specific functionalities of
our model, including dataset preparation, model training, performance evaluation, and
model deployment.

3.2 Foctionalty architecture

The global architecture describes the microscopic image classification process. This
process begins with the collection of a dataset comprising electron microscope images,
which then undergo pre-processing to enhance their quality. The pre-processed data is
subsequently split into training, testing, and validation sets. The training set is used to
train the model to detect patterns and extract significant features. After training, the
model’s performance is analyzed using the testing and validation sets to ensure accuracy
and generalizability. Based on this analysis, a decision is made: if the model meets the
performance criteria, it is accepted and used to create an application for the detection
of honey. If the model does not meet the criteria, it undergoes further training and
refinement. This iterative process ensures the development of a robust and effective
system.
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Figure 3.1: Global architecture.

3.3 Material and methods

3.3.1 Detailed CNN architecture

In this work, we constructed a tailored Convolutional Neural Network (CNN) specifi-
cally for the task of classifying pollen grain images into 23 distinct categories. The model
architecture was carefully designed to maintain an optimal trade-off between accuracy
and computational complexity, ensuring robust performance while minimizing the risk of
overfitting due to the limited size of the available dataset.

The network structure features a sequence of convolutional and pooling layers to ex-
tract spatial features, followed by fully connected layers that handle the classification
process. A detailed breakdown of the architecture is provided below, outlining each
layer’s function and configuration.

e Convolutional layers: These layers learn spatial hierarchies in the input images
by detecting important visual patterns such as edges, textures, and shapes that help
differentiate pollen grain types.

e Pooling layers: These layers reduce the spatial dimensions of the feature maps,
lowering computational requirements while preserving essential features.

e Fully connected (dense) layers: Positioned after the convolutional and pooling
blocks, these layers perform high-level reasoning on the extracted features to output
class predictions.
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e Dropout regularization: Introduced during training to reduce overfitting by ran-
domly disabling a fraction of neurons, encouraging the model to build more robust
representations.

e Softmax activation: Used in the final output layer to convert raw scores into
probabilities across the 23 target classes, supporting confident and interpretable
predictions.

e Training strategy: The model was trained using the Adam optimizer and cate-
gorical cross-entropy loss. Early stopping and learning rate scheduling were applied
to improve generalization and dynamically adapt the learning process.

Layer (type) OQutput Shape Param #
conv2d 6 (ConvZD) ( , 128, 128, 16) 448
max_pooling2d 6 (MaxPooling2D) ( , 64, 64, 16) 0
conv2d 7 (Conv2D) ( , b4, 64, 32) 2,080
max_pooling2d 7 (MaxPooling2D) ( , 32, 32, 32) 0
conv2d 8 (Conv2D) ( , 32, 32, 64) 8,256
max_pooling2d 8 (MaxPooling2D) ( , 16, 16, 64) 0
conv2d 9 (Conv2D) ( , 16, 16, 128) 32,896
max_pooling2d 9 (MaxPooling2D) ( , 6, 8, 128) 0
conv2d 10 (ConvZD) ( , 8, 8, 256) 131,328
max_pooling2d 10 (MaxPooling2D) ( , 4, 4, 256) 0
conv2d 11 (ConvZD) ( , 4, 4, 512) 524,800
max_pooling2d 11 (MaxPoolingZD) ( , 2, 2, 512) 0
flatten_ 1 (Flatten) ( , 2048) 0
dense 8§ (Dense) ( , 1024) 2,008,176
dense 9 (Dense) ( , 512) 524,800
dense_10 (Dense) ( , 256) 131,328
dense 11 (Dense) { , 23) 5,911

Figure 3.2: Global CNN architecture.

3.3.2 Data description

The dataset referenced is a comprehensive collection of over 800 microscope images of
pollen grains. It is designed to support research in automatic pollen classification and
is particularly valuable in fields such as medicine, biology, agronomy, and environmental
monitoring [43].

e Total Images: Approximately 800 segmented pollen grain images.

e Image Resolution: Each image is standardized to 128 x128 pixels in color.
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e Download : "https://zenodo.org/records/14950305 /files/Pollen
e Categories: The dataset includes 23 classes:

e Download :

Class Counts in Dataset
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Figure 3.3: Pollen classes.

3.3.3 Data preprocessing and augmentation

e Pre-processing

The pre-processing phase is a critical stage in image classification tasks, where we
modify the data through processes such as resizing, applying filters, and removing
noise before passing the data to the training model. The steps of pre-processing:

— Enumerate & label files: Traverse the dataset directory, normalize each file-
name, extract its pollen class, and tally per-class image counts.

— Group file paths by class: Build a dictionary mapping each class label to
the list of all image paths in that class.

— Image resizing Goal: Ensure all input images have the same dimensions.

Reason: Deep learning models require a consistent input shape. However,
images in a dataset often vary in size (e.g., 200x300, 512x512, etc.). To stan-
dardize the input for the model, each image is resized to a fixed resolution,
such as 128x128 pixels. This resizing step guarantees compatibility with the
architecture of the neural network.

— Image normalization:
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Goal: Convert pixel intensity values from the range [0,255] to the normal-
ized range [0.0, 1.0].

Reason: Machine learning models typically perform better when inputs are
scaled to a smaller, consistent range. Pixel values in images are originally 8-bit
unsigned integers ranging from 0 to 255. By dividing each pixel value by 255.0,
we transform the data into floating-point numbers between 0.0 and 1.0. This
normalization process improves training stability and speeds up convergence
during model optimization.

— Load into image and label arrays: Read each processed image into the
features array and its class label into a parallel list.

— Convert labels to categorical format: Map string labels to integer indices
and then to one-hot vectors so they can be used with categorical loss functions.

— Compute class-balance weights: Derive a weight for each class that inversely
reflects its frequency, ensuring the model pays appropriate attention to under-
represented categories.

e Image Resizing

Goal: Ensure all input images have the same dimensions.

Reason: Deep learning models require a consistent input shape. However, images
in a dataset often vary in size (e.g., 200x300, 512x512, etc.). To standardize the
input for the model, each image is resized to a fixed resolution, such as 128 x128
pixels. This resizing step guarantees compatibility with the architecture of the neural
network.

e Image Normalization

Goal: Convert pixel intensity values from the range [0, 255] to the normalized range
0.0, 1.0].

Reason: Machine learning models typically perform better when inputs are scaled
to a smaller, consistent range. Pixel values in images are originally 8-bit unsigned
integers ranging from 0 to 255. By dividing each pixel value by 255.0, we transform
the data into floating-point numbers between 0.0 and 1.0. This normalization process
improves training stability and speeds up convergence during model optimization.

e Data Augmentation

Data augmentation is a critical technique for increasing the size and diversity of
training datasets in deep learning applications. By artificially expanding the dataset,
it helps reduce overfitting and improves the generalization ability of neural networks.
In our work, several augmentation methods were employed to enhance the quality
and variability of the training data (see Figure ??). These include traditional geo-
metric transformations, pixel-level modifications, and advanced generative methods.
The main techniques used are described below:
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e Horizontal and vertical flip

This augmentation method mirrors the image either across the vertical axis (left
to right) or the horizontal axis (top to bottom), effectively altering its orientation.

Implementation Details:

— Horizontal Flip: The image is reversed along its vertical axis, swapping left
and right sides.

— Vertical Flip: The image is inverted along its horizontal axis, flipping the top
and bottom sections.

These flips are generally performed at random during training to introduce a wider
range of visual variations into the dataset.

Purpose:

In many cases, especially when dealing with natural or biological subjects like pollen
grains, the object may appear in different flipped positions. Since such objects often
exhibit symmetry or random orientation in real-world scenarios, flipping helps the
model become less sensitive to directionality.

Effect:

By learning from flipped versions of the same image, the model becomes more
adaptable and capable of correctly identifying features regardless of how the object
is oriented. This enhances its ability to generalize when processing new or unseen
images.

e Random Rotations

Images are rotated randomly by multiples of 90 degrees (90°, 180°, 270°) to train the
model to recognize objects from different orientations. This increases the robustness
of the model to rotational variations.

e Width and height shift This technique involves slightly moving the image horizon-
tally (left or right) or vertically (up or down) by a small portion of its total size.
The goal is to replicate real-world conditions where the subject in an image is not
perfectly centered.

Implementation Details:

The shift value is generally defined as a decimal fraction. For instance, a value
of 0.1 permits shifting the image by up to 10% of its width or height. When the
image is shifted, empty regions may appear. These regions are typically filled using
padding strategies, such as duplicating the edge pixels or using a constant back-
ground.

Why It’s Used:

In practical scenarios, objects rarely appear in the exact center of the frame. Train-
ing a model with shifted versions of an image helps it recognize the object even when
it’s located in various parts of the image.
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Resulting Benefit:

This augmentation method enhances the model’s spatial awareness, allowing it to
detect and classify objects irrespective of their exact position within the frame, which
contributes to improved generalization performance.

e Splitting After all images and labels have been prepared and encoded, the dataset is
split into training and testing sets in a single, reproducible step. Thirty-five percent
of the samples are set aside for the test set, while the remaining sixty-five percent
form the training set. This split is stratified on the original class labels to ensure that
each subset maintains the same class proportions as the full dataset. The random
shuffling of the samples provides a uniform distribution, and fixing a random seed
guarantees that the exact same partition can be reproduced in future runs. Once the
split is complete, class representation in the test set is verified by counting examples
per label, and both training and testing arrays are saved to disk so they can be
reloaded without needing to repeat the split.

e Train In deep learning, the training phase is essential for developing a model that can
make accurate predictions on new data. This phase involves multiple steps, starting
with data preparation and ending with model fitting. Data augmentation is a crucial
technique in this process, used to artificially expand the size of a training dataset
by creating modified versions of existing images. This enhances the model’s perfor-
mance by making it more robust to variations in the data. The typical architecture
of the training phase includes collecting training data, applying data augmentation
techniques, using the augmented data for training, and ultimately obtaining a fitted
model

3.3.4 Test

The testing phase is when the trained model is assessed using the test set to gauge
its performance. This step is crucial as it is the last one before the model is deployed in
a real-world setting. To get a class prediction from the trained model, an image of the
same dimensions as the training image is fed into the network

3.3.5 Transfer learning

Transfer learning refers to the process of adapting a model that was originally trained
for one task to solve a different, yet related problem. Instead of building a model from the
ground up—which often requires a large amount of labeled data and time—this approach
makes use of an existing model that has already captured valuable patterns and features
from a large dataset, such as ImageNet.

For example, in the field of image recognition, models like MobileNetV2, EfficientNet,
ResNet50, and VGG16 are widely used due to their ability to detect visual elements like
edges, shapes, and textures. These pre-trained models can be adapted to new tasks by

reusing their learned representations.

There are generally two approaches:
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e Feature Extraction: The original model’s layers are kept unchanged, and only
the final layers responsible for classification are modified and trained on the new

dataset.

e Fine-Tuning: Some or all of the layers in the pre-trained model are retrained along
with the new layers to better align with the target task.

This method is particularly helpful when working with small or specialized datasets.
It speeds up training, improves performance, and lowers the risk of overfitting by making
use of pre-existing knowledge. It has proven effective across many domains, including
healthcare imaging, environmental analysis, and biological classification.

3.4 Model training and results

e Model training hyperparameters

For the hyperparameters that we used to train our CNN model, we summarised
them in the table 3.1.

Hyperparameter | Value/Description
Input Image Size Resized to (128, 128)
Normalization /255 (scales pixel values to [0, 1])
Batch Size 32
Epochs 150
Learning Rate 0.01
Optimizer Not explicitly defined, used Keras default Adam
Loss Function categorical_crossentropy (multi-class classification)
Metric accuracy
EarlyStopping: Stops if no improvement in val_loss for 10 epochs
Callbacks ReduceLROnPlateau: Reduces LR by a factor of 0.1 if there is no improvement for 4 epochs

ModelCheckpoint: Saves best model by val_loss

Table 3.1: Hyperparameters used for model training

e Evaluation metrics

We’ve put in place a number of indicators to make sure our system is sturdy and
dependable. By comparing expected and actual results, these measures generate
scores that indicate how effective the model is. They are used in a traditional data
classification procedure in both the training and testing stages. Generally speaking,
scores fall between 0 and 1, where 0 denotes subpar performance and 1 (or 100%)
denotes perfect performance.

e Confusion Matrix

A table known as a confusion matrix is frequently used to explain how well a
classification model performs when applied to a set of test data for which the true
values are known. It makes it possible to visualize how well an algorithm performs.
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In the matrix, the examples in a predicted class are represented by each column,
and the occurrences in an actual class are represented by each row.

There are four parts to the confusion matrix:
— True Positives (TP): The number of observations correctly predicted as pos-
itive.
— True Negatives (TN): The number of observations correctly predicted as
negative.

— False Positives (FP): The number of observations incorrectly predicted as
positive.

— False Negatives (FIN): The number of observations incorrectly predicted as
negative.

The confusion matrix is often presented in the following format:

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

e Precision

The positive patterns that are successfully predicted from all of the projected pat-
terns in a positive class are measured using precision. The equation for precision is

given by:
TP

Precision (P) = 7—'P—|——FP

(3.2)

e Recall

The percentage of positive patterns that are correctly categorized is measured by
recall. The recall equation is provided by:

TP

Recall (R) = TP-|-—FN

(3.3)

e ['1-Score

The harmonic mean of recall and precision yields the Fl-score, which strikes a
balance between the two measures. It is computed with the following formula:

Precision x Recall

F1-Score (F1) =2 x (3.4)

Precision + Recall
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e Accuracy

The ratio of accurate predictions to all instances analyzed is the measure of ac-
curacy. It is computed with the following formula:

TP+ TN
Accuracy (Acc) = TPLFPLEN T TN (3.5)

3.4.1 Results

The following table 3.2 shows the results of the metrics (accuracy, precision, recall, F1
score) of our CNN model.

Class Precision Recall F1-Score Support

0 0.88 1.00 0.93 42

1 0.72 0.99 0.84 72

2 0.99 0.99 0.99 72

3 0.94 0.93 0.94 72

4 0.93 0.97 0.95 78

5 1.00 1.00 1.00 78

6 0.87 0.99 0.92 72

7 0.75 0.88 0.81 72

8 0.96 0.90 0.93 78

9 0.91 0.86 0.88 78

10 0.97 0.96 0.97 72

11 0.94 0.88 0.91 72

12 0.91 0.93 0.92 72

13 0.93 0.96 0.95 72

14 0.89 0.99 0.93 72

15 0.97 0.85 0.90 78

16 0.97 0.74 0.84 78

17 0.87 0.92 0.89 72

18 0.95 0.83 0.89 72

19 0.99 0.92 0.95 72

20 0.89 0.65 0.75 72

21 0.91 1.00 0.95 72

22 0.93 0.88 0.90 72
Accuracy 0.91 1662
Macro Avg 0.91 0.91 0.91 1662
Weighted Avg 0.92 0.91 0.91 1662

Table 3.2: Classification Report
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3.5 Implementation

We discuss the implementation of deep learning models for detecting natural honey
and evaluate the performance of these models using a specific dataset. The study fo-
cuses on comparing several advanced models, including pre-trained models and models
combined with traditional machine-learning algorithms. In this chapter, we will review
the implementation steps, from data collection and preprocessing to model training and
evaluation. Additionally, we will discuss the performance of different models based on
various metrics such as precision, recall, and classification accuracy.

subsectionDeployment of the Model using fastAPI and Render To deploy our deep
learning model using Fast API and host it on Render, we did these steps:

Deployment ML use FastAPI and Render

FastAPI Render

Model

[https://your—app.onrender.com/predict ]

Figure 3.4: Deployment Model use fastAPI and Render

e Train and Save Our Model

First, train our deep learning model and save it to a local file. Depending on the
framework we using, the file format: is h5 for TensorFlow.

e Create the FastAPI

Develop a FastAPI application that loads your saved model and defines an endpoint
to receive input and return predictions.
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e Add Dependencies

Create a requirements.txt file with all the necessary Python packages: fastapi uvi-
corn NumPy TensorFlow pillow gunicorn python-multipart opencv-python Flask

e Version Control and Hosting

Push the following files to a GitHub repository:

— app.py.
— model.h5.

— requirements.txt.

e Deploy on Render

Create a new Web Service and link your GitHub repository. n the Render con-
figuration:

Build Command: pip install -r requirements.txt
Start Command: uvicorn main:app —host 0.0.0.0 —port PORT

Render will automatically install dependencies, build the app, and make it publicly
accessible.

e Test the Live API

Once deployed, Render will give me a URL : https://application-6i19.onrender.com /predict
Now we can send a POST request to this URL with JSON data to get predictions.

3.6 Mobile Application Development

3.6.1 Definition Of Mobile Applications :

Mobile applications are software programs designed specifically for use on mobile de-
vices such as smartphones, tablets, or some computers that work with a Windows Phone
or Chrome OS operating system. These applications can be downloaded and installed
directly onto a mobile device, typically from an application store or other distribution
platforms such as Google Play, Apple Application Store, or Microsoft Store, for free or
for a fee. The ease with which they offer customers a variety of services, such as games,
social networking, productivity tools, and many other kinds of content, makes mobile
applications quite popular. They have become an essential part of our daily lives, pro-
viding us with quick and easy access to information and services whenever and wherever
we need them. Mobile applications have the ability to integrate specialized features for
users due to the hardware features found in mobile devices like cameras, GPS, and gyro-
scopes. This enhances the functional capabilities of the applications and allows for novel
uses, including geolocation, Quick Response (QR) code scanning, augmented reality, and
mobile commerce, which were previously not possible with information systems [102]
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3.6.2 Why Mobile Applications Choice ?

This process enables:

e streamlined laboratory procedures without requiring the usage of complicated equip-
ment or the transmission of physical samples.

e An intuitive interface provides quick and precise analysis findings.

Figure 3.5: app mobile for pollen detection.

3.6.3 The Pattern Design Used

In mobile applications, There are some software design patterns that are widely used,
most notably the model-view-controller (MVC) pattern. Also, there are some other ver-
sions of the design patterns that are variations of the MVC [78]

e The Model-View-Controller (MVC)

The Model-View-Controller (MVC) architecture, a cornerstone of modern software
engineering, offers a robust framework for developing dynamic user interfaces. Re-
cently, MVC become the most popular pattern for designing web applications and
mobile apps. It was adopted in software development as a solution to separate
presentation from application logic and data storage. Such separation allows multi-
ple views of the same data. This eases the implementation, testing, and maintain
multiple clients. [78]
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Figure 3.6: Model-View-Controller pattern.

Figure 3.8 demonstrates the division of the MVC pattern into three principal ele-
ments that are:

— Model: : component contains the data manipulated by the program. It ensures
the management of this data and guarantees its integrity. In the typical case of
a database, it is the model that contains it. The model provides methods for
updating this data (insertion, deletion, value change). It also provides methods
for retrieving its data.[78§]

— View: The primary task of view is to display the data it has retrieved from
the model on all the Ul logic of the application. It also receives all user actions
(mouse clicks, selection of entries, buttons,...). Its various events are sent to
the controller. The view can provide multiple views, partial or complete, of the
same data.[7§]

— Controller : This component is responsible for synchronizing the model and
the view. It receives all user events and triggers the actions to be performed. If
an action Necessitates a change in the data, the controller requests to modify
the data and then Reports the view that the data has changed so that it can
update itself. There are certain events that do not concern the data but the
controller requests to modify the view. The controller is often Split into several
parts, and each one receives events from a subset of components. If the same
object receives events from all components, it must determine the origin of each
event. This sorting of events can lead to an Ungraceful code. To avoid this
problem, the controller is divided into several objects|[78]

e Advantages of MVC There are several advantages of MVC, we can cite [78§]
— MVC architecture helps us to regulate the complexness of application by dividing

it into 3 parts i.e. model, view, and controller
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— The application is modular, scalable, and easily reusable
— Allows multiple developers to work on the same project in parallel.

— Fasy maintenance in terms of design and code

e Overview of Flutter with Firebase Platform for Mobile App Development :

This diagram shows how the Model-View-Controller (MVC) architecture is used in
a mobile application that was created with Firebase and Flutter.

The user interface created with Flutter widgets is represented by the View at the
front end. This is where users interact with the application, such as when they input
their email address and password on the login screen. These inputs are sent to the
Controller, which is made up of Firebase SDKs like cloud Firestore and Firebase
auths, as requests.

By managing communication between the View and the backend and handling busi-
ness logic, the Controller serves as an intermediate. It makes queries to the Firebase
NoSQL database (Firestore or Realtime Database), which is the Model, in order to
store or retrieve data. Following the Model’s response with data (such as the user
profile or authentication result), the Controller processes it and sends a response
back to the View to update the Ul accordingly.

The quick and scalable development of mobile apps is made possible by this MVC
framework, which provides for a clear separation of concerns: Firebase SDK han-
dles functionality and API calls, Flutter handles the user interface, and Firebase
Database acts as the backend.

! Request Request
Model
:> Controller :>
FirebaseSdk FirebaseDatabaseNoSl))

Respond Respond

Figure 3.7:  Architecture of Flutter-Firebase platform

3.6.4 Implementation tools and languages

We were able to familiarize ourselves with a variety of development methodologies
and tools during the project’s implementation phase, which required the use of specific
programming domains. These are listed below:



e Python

Python is a high-level, interpreted, object-oriented language with dynamic seman-
tics. Its dynamic typing and dynamic binding, along with its high-level built-in data
structures, make it an appealing language for Rapid Application Development and
for usage as a scripting or glue language to join existing components. Because of its
straightforward, basic syntax, Python promotes readability, which lowers software
maintenance costs. Python’s support for packages and modules promotes codere use
and program modularity. The largest library and the Python interpreter are freely
distributable and accessible for free on all major platforms in source or binary form
[106].

Figure 3.8: python

e OpenCV

A comprehensive open-source software library for computer vision and machine
learning applications is called OpenCV, or Open Source Computer Vision Library.
It was established in 2010 and offers a shared infrastructure to hasten the appli-
cation of machine perception in items for sale. OpenCV provides both traditional
and cutting-edge methods for applications like object identification, face recognition,
human activity classification in films, and much more. It has over 2500 optimized
algorithms. With more than 47,000 users and an estimated 18 million downloads, it
is widely used by businesses, academic institutions, and governments all around the
world. The library leverages specific hardware instructions and supports a variety of
operating systems and programming languages, with a bias toward real-time vision
applications. Furthermore, it fosters community involvement and offers multiple
channels for assistance and cooperation, guaranteeing ongoing advancements and
novelty in the domain of computer vision and machine learning [81].

2,
GO

Figure 3.9: OpenCV [81]

e Matplotlib
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Matplotlib is a comprehensive library for creating static, animated, and interac-
tive visualizations in Python. It makes easy things easy and hard things possible.
It allows you to create publication-quality plots, make interactive figures that can
zoom, pan, and update, customize visual styles and layouts, export to many file
formats, and embed plots in JupyterLab and graphical user interfaces. You can also
use a rich array of third-party packages built on Matplotlib. Matplotlib was created
by neurobiologist John Hunter to work with EEG data, and it has grown to be used
in many other fields [71]

matplxtlib
Figure 3.10: Matplotlib [71]

NumPy

NumPy is a fundamental Python open-source project that provides robust numerical
computing capabilities. Established in 2005, it extends the functionality of earlier
libraries while maintaining a commitment to open accessibility. Governed by a Steer-
ing Council, NumPy promotes community collaboration via GitHub, with various
teams dedicated to development, documentation, and optimization. Funding from
foundations and institutional partners ensures its continued growth. NumPy’s sig-
nificance lies in its pivotal role in scientific computing, offering users a vast array of
manipulation functions and mathematical operations, rendering it an indispensable
tool for numerical analysis and data manipulation tasks [79]

P
.
g

Figure 3.11: NumPy [79]
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Scikit-learn

An open-source machine learning library for the Python programming language is
called Scikit-learn. David Cournapeau started the idea in 2007 as a Google Summer
of Code project, and Matthieu Brucher expanded on it for his thesis. The first pub-
lic release occurred on February 1st, 2010, after INRIA’s Fabian Pedregosa, Gael
Varoquaux, Alexandre Gramfort, and Vincent Michel assumed leadership in 2010.
Numerous supervised and unsupervised learning methods for tasks like classifica-
tion, statistical analysis, dimensionality reduction, and model selection are included
in the collection. The NumFOCUS group provides financing for Scikit-learn, which
is also funded by INRIA, Microsoft, and Nvidia. Donations are used to pay for
organizational budget and other costs, such as workshop travel [84]
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Figure 3.12: Scikit-learn [84]

TensorFlow

TensorFlow is an open-source machine learning platform that provides a flexible
ecosystem of tools used to develop Artificial intelligence and deep learning applica-
tions, we have used that platform to generate our models [17].

s

TensorFlow
Figure 3.13: TensorFlow [17]

Keras

Keras is a Python-based deep learning API that runs on top of the TensorFlow
machine learning framework. It was designed to facilitate rapid experimentation,
which is essential for successful research. As noted, the primary aim is to quickly
transition from ideas to results [24].

Keras is characterized by the following features:

— Simple: While it is simple, it is not simplistic. Keras reduces the cognitive
load on developers, enabling them to concentrate on the most critical parts of
the problem.

— Flexible: Based on the principle of progressive disclosure of complezity, Keras
makes basic tasks quick and intuitive, while still allowing for advanced workflows
through a logical and extendable path.

— Powerful: Keras offers top-tier performance and scalability. It is trusted and
utilized by major organizations such as NASA, YouTube, and Waymo.

Keras

Figure 3.14: Keras [24]

Pandas

Pandas (styled as pandas) is a software library written for the Python program-
ming language for data manipulation and analysis. In particular, it offers data
structures and operations for manipulating numerical tables and time series. It is
free software released under the three-clause BSD license. The name is derived from
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the term ”panel data”, an econometrics term for data sets that include observations
over multiple time periods for the same individuals, as well as a play on the phrase
"Python data analysis” [72].

|l pandas

Figure 3.15: Pandas [72]

Android Studio

Android Studio is the official Integrated Development Environment (IDE) for An-
droid App development. It is a powerful tool that allows developers to build high-
quality applications for the Android platform. It has complete tools for the process
of Android App development. From writing code to testing and deployment, AN-
droid studio has all the functionalities for developers to develop an Android App
[44].

Figure 3.16: Android Studio [44]

Flutter

Flutter is an open-source Ul software development toolkit created by Google. It
is used to build natively compiled applications for mobile, web, and desktop from a
single codebase using the Dart programming language. Flutter is known for its fast
development, expressive Uls, and hot-reload feature [47].

«

Figure 3.17: Flutter [47]

Dart

Dart is a programming language designed by Lars Bak and Kasper Lund and devel-
oped by Google. It can be used to develop web and mobile apps as well as server
and desktop applications.

Dart is an object-oriented, class-based, garbage-collected language with C-style syn-
tax. It can compile to machine code, JavaScript, or WebAssembly. It supports
interfaces, mixins, abstract classes, reified generics, and type inference [45].
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M Dart

Figure 3.18: Dart [45]

e Firebase

Firebase was a company that developed backend software. It was founded in San
Francisco in 2011 and was incorporated in Delaware.

In 2014, Firebase was bought by Google. Its name continues as a set of back-
end cloud computing services and application development platforms provided by
Google. It hosts databases, services, authentication, and integration for a variety
of applications, including Android, iOS, JavaScript, Node.js, Java, Unity, PHP, and

C++ [46].

Firebase

Figure 3.19: Firebase

o [astAPI

Fast API is a modern web framework that is relatively fast and used for building APIs
with Python 3.7+ based on standard Python-type hints. FastAPI also assists us in
automatically producing documentation for our web service so that other developers
can quickly understand how to use it. This documentation simplifies testing web
services to understand what data they require and what they offer. FastAPI has
many features like it offers significant speed for development and also reduces human
errors in the code. It is easy to learn and is completely production-ready. FastAPI
is fully compatible with well-known standards of APIs (i.e. OpenAPI and JSON
schema) [91].

@ FastAP]
Figure 3.20: FastAPI [91]

e render
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A render platform is a combination of software and hardware used to create visual
content. This involves turning raw data—such as 3D models, textures, and lighting
information—into finished images, animations, or graphics that can be viewed [12].

o® Render

Figure 3.21: render [12]

DrawSQl :

Users can manage and visually construct database systems using easy-to-use entity-
relationship diagrams (ERDs) with an online tool called DrawSQL. It allows devel-
opers and teams to create tables, define columns, create associations, and organize
database structures without having to write raw SQL code. The software’s ability
to provide real-time collaboration makes it ideal for group tasks and system design.
For instant use in their development process, users can choose to export their dia-
grams as SQL scripts or images. DrawSQL is especially useful in the early stages of
application design, when a clear database structure is essential for successful imple-
mentation [29].

3

DrawSQL

Figure 3.22: DrawSQl [29]

Google Colab

Google Colab is a free tool from Google that lets you write and run Python code right
from your web browser—no need to install anything. It’s based on Jupyter note-
books and is especially handy for data science, machine learning, and deep learning

projects [48].

Figure 3.23: Google Colab [48]
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e OverLeaf
Overleaf is an online LaTeX editor that makes writing scientific documents, re-

search papers, theses, and technical reports much easier. It runs entirely in your
browser—so there’s no need to install LaTeX on your computer [82].

6verleqf

Figure 3.24: OverLeaf [82]

o Github

A web-based tool for collaborative software development and version management is
called GitHub. It enables developers to collaborate on projects, track changes over
time, save and manage their code using Git, and publish code online [42].

GitHub

Figure 3.25: Github [42]

e Figma

Figma is a powerful design tool that lets you create and collaborate on user inter-
faces and prototypes for websites, apps, and much more. Unlike traditional design
software that requires installation, Figma runs entirely in your web browser, making
it accessible on any platform, whether you're using Windows, Mac, or Linux. This
platform’s independence allows everyone to access and use it easily.[37].

94



Figure 3.26: Github [37]

3.6.5 Conception Of The Application

e Representation of Use Case Diagram:
A use case diagram is a UML diagram used to provide an overview of all or part of

the system requirements. It is also used to communicate the scope of a development
project. It shows the relationships among actors and use cases within a system [100]

isValidetd
Ask Quetions )
- \ Modify Profile

Validation of User

\ |
| '
ey

Modify profile
Delate User

payment
—_
Check Tokens

——a
Search about User

Admin

H

<<include==

Figure 3.27: Usecases of the system

— User: An individual accessing the platform to analyze honey, manage profile
settings, and review results.

— Administrator: A privileged operator responsible for maintaining the integrity
of the system by managing user accounts and overseeing interactions.

Functional Scenarios for Users

Participants under the user category have access to the following set of actions:

— Account creation to initiate access rights.
— Entry authentication to access personalized services.

— Submission of inquiries to system administrators.
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— Updating of profile attributes when needed.

— Ability to track historical records and past test activities.
— Executing financial transactions related to system services.
— Utilizing the device camera to capture sample images.

— Viewing outcomes related to honey purity assessments.

— Monitoring token balances or usage status for available features.

Functional Dependencies

Some tasks involve preconditions or shared logic:
— Logging in is connected to an internal validation process, ensuring credentials
are correct.

— Camera access is dependent on a token verification step before proceeding.

Administrator Responsibilities

For system administrators, the following capabilities are defined:

— Authentication to enter the administration dashboard.
— Approving or confirming user identities.

— Removing access rights from selected accounts.

— Replying to user messages and questions.

— Providing supportive feedback or guidance.

— Investigating user activity or information.

— Reviewing the test outcomes available in the system.

— Checking and evaluating token data relevant to services.

e Representation Sequence diagram :

A sequence diagram can map scenarios described by a use case in step-by-step detail
to define how objects collaborate to achieve the application’s goals.[100]
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Figure 3.28: Sequence diagram of login.

Login Sequence Flow :

10.

. User — login: The user initiates a login request using their email and password.

. login — FirebaseAuthService: The login method forwards these credentials

to the authentication handler.

FirebaseAuthService — FirebaseAuth: The authentication handler passes
the request to Firebase’s backend.

FirebaseAuth — FirebaseAuthService: Firebase returns a user object in-
dicating successful login.

. FirebaseAuthService — Firestore: A query is sent to Firestore to verify

the status of the user.

Firestore — FirebaseAuthService: First, the user is marked as not vali-
dated. Then, a second validation attempt confirms approval.

FirebaseAuthService — TokenService: Upon confirmation, a request to
generate a session token is made.

TokenService — FirebaseAuthService: A token is generated and returned
to the authentication handler.

FirebaseAuthService — login: A successful response is sent back to the
login module.

login — User: The user receives confirmation of successful login and can access
to camera.

e Representation of database using Conceptual Data Model (CDM) :

A conceptual data model (CDM) is a high-level representation of an organization’s
data. It focuses on identifying key business concepts, system entities, and their
relationships. [80]
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Figure 3.29: Database CDM.

— User (uid, email, username, ecommercelmageUrl, profilelmageUrl, isValidate,
isAdmin, password)

— question (uid, username, question, answer, timestamp, isAnswered)

— tokens (email, lastPurchasedData, tokensPurchased, tokensRemainding, token-

sUsed)
— history (uid,#auto-id)

— entries (auto-id, imageUrl, dateTimeFormatted, honey-flower, confidentiality)

Remarque:

in User collection

— admin : 7isAdmin” attribute must be true and ”isValidate” attribute true
— user not validate : 7isAdmin” attribute false and ”isValidate” attribute false

— user validate : 7isAdmin” attribute false and ”isValidate” attribute true

In the history collection:

— uid is the primary key — it means that each record in history is directly linked
to a specific user and is uniquely identified by this field.

— auto-id is a foreign key that refers to a record in the entries collection.

In the entries collection:

— auto-id is the primary key that uniquely identifies each analysis.

3.7 Application graphical interfaces

In this section, we provide some screenshots of our application to show the graphical
user interface of the different parts of the application.
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3.7.1 Splash Screen :

The splash screen represents the initial screen displayed when launching the applica-
tion. It consists of our logo and app name, This screen appears for 5 seconds before
automatically navigating to the home page.

Melverify

Figure 3.30: splash screen

3.7.2 Home Page :

On this page, the client can create a new account or just sign in to his account.

Figure 3.31: home page
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3.7.3 Sing up :

In this interface, the user can create a new account by filling in his/her name, email,
password, and a certificate (commerce proof) that proves that he/she works at a labora-
tory or owns one.

Sign up

Figure 3.32: Sign-up page

e SingupExeption : Email address is already in use If the new user enters an existing
email an exception will occur and a message will show and tell him that the email
exists.

Sign ap

aisssa

Email

aissalastab@gmail.com

Figure 3.33: already used email

e SingupExeption : badly formatted email When the user enters a badly formatted
email the message will occur.
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user56

Email

user562gmail.com

Password

Confirm Password

VN

/ )

i

An error occurred: The email address is
badly formatted.

Figure 3.34: Bad formatted email

e Fields Empty : If the fields are empty the signing up will not be done unless they
are all filled.

Sign up

Figure 3.35: empty fields

e Some Fields Empty : Here if one of the fields (email, Password, or commerce file )
is missing, the sign-up will be not done.
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user89

Email

userso@gmail.com

0

Figure 3.36: some empty fields

e Password do not much : This message (password do not much ) appears when the
user makes a mistake in entering the password and its confirmation (a miss-match).

usersg.
Email

user89@gmail.com

Password

Figure 3.37: password not much

e Password is too weak : Here the user must enter a password that consists of at least
6 characters to sign up, to make the password more strong and secure.
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Sign up

users9
Email
usersa@gmail.com

Password

Confirm Password

AR

/ \

)

Password is too weak. It should be at
least 6 characters.

Figure 3.38: weak password

e Account created successfully interface Here, this page appears when the user suc-
cessfully creates his account where it’s saved in our system, and he can download
the user guide to view how our application works.

User successfully created!

Figure 3.39: Account created successfully interface

e User guide interface Our user-guide documents will show the user, where he can un-
derstand how the application works(PDF file could be downloaded in the application
browser)
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MELVEIFY USER GUID

Figure 3.40: User guide interface

3.7.4 Login Page :

In this interface, the user can sign in to our application by his/her account by filling
in ( email, password), if the admin already accepted his request.

Figure 3.41: login page

e Login Exception: Incorrect Email When the user enters a non-existent email (hasn’t
signed yet) the message will show that the account doesn’t exist.
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Login

Email
user09@gmail.com

Password

Credentials are incorrest or expired

Figure 3.42: incorrect email

e Login Exception: Forgot Password Here when the user forgot his/her password he
can get another password by email.

Login

Email
aissalastab@gmail.com

Password

<

Don't have an account?

Figure 3.43: Forgotten password interface

* Here our system sends the user an email so he can change the password.
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11:47PM 0.1KB/s -+

Reset your password

for aissalastab@gmail.com

anfal13022002

123 4567890
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m
&
7123 | @ Frangais .

Figure 3.44: Creating a new password interface

* So here, the user has to change the password and now he can go back to login page

in the application.

11:47PM 0.5KB/s -+

Password changed

You can now sign in with your new
password

Figure 3.45: Successfully password changed interface

e Login Exception: Pending Account This interface appears when the user is not
validated by the admin so he can not login in.
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Figure 3.46: account not approved

3.7.5 CameraPage

Here the user can select a photo from Gallery or take a photo by camera.

e Camera Details: Cropping Image Here the user can use the cropping image technique
to crop the pollen image that he wants to analyze.
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Figure 3.47: cropping image

e Camera Details: Display cropping image so here after cropping, the image appears
here in this interface to confirm if the user wants to analyze this pollen image.

Figure 3.48: Analyzing pollens interface

3.7.6 Analyzing Result Page

In this interface, the application displays the result of pollen analysis.

108



< Analysis Result

RESULTS

ORIGIN OF POLLEN FLOWER
croton

CONFIDENTIOLITY
100%

Figure 3.49: pollen analyzing result

3.7.7 History Page :

Here the user can see his/her history of pollen analysis results.

History

Date: 20250531 01:44

Figure 3.50: wuser history

3.7.8 Chat Page :

A page to contact the admin and ask him any questions about the application.
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¢ Messages

Write your question

Quetion: hi

Quetion: hi fatiha nadba

Figure 3.51: user chatting with admin

3.7.9 Profile Page

On this page, the user can view or edit his profile.

MY PROFILE

UserName
9 e

Condition
9

acceptable.

# Modify UserName

[ Logout

Figure 3.52: user profile

3.7.10 Tokens Page :

In this interface, the user can buy tokens to access the camera and gallery for analysis
later.
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Buy Tokens

01

Total: 250.00 DZ
Card Number

MMy

Figure 3.53: purchase tokens page

e Tokens Details: Incomplete Cart Information : An error message will appear if some
fields of the cart are empty.

Incomplete Card Info

Please fillin all card details before

praceeding.

Figure 3.54: incomplete cart

e Tokens Details: Confirm tokens purchase A message appears here in this interface
to confirm a token purchase.
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Confirm Purchase

Buy 3 tokens for 750.00 DZ 2

Figure 3.55: confirm purchase

e Tokens Details: Display user tokens information Here the user can see the statistics
about his tokens: the number of purchased tokens, remaining, and the used tokens.

Your Token Info

2025-06-06 00:23:43.166685

27

1
20

Figure 3.56: confirm purchase

3.7.11 Admin :

The admin can manage users through a web browser interface. The tasks that could
be performed include:

e Admin Login : This admin login page is where he can sign in with an email address
and password.
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Figure 3.57: admin login

e Admin Home page : This admin panel is designed to help administrators man-
age users, validate accounts, track conversations, monitor feedback, and view their
personal profiles in an organized, interactive interface.

— Sidebar Navigation: A vertical menu allows switching between the main
admin tasks:
* Viewing user profiles.
x Validating new users.
* Accessing chat conversations.
* Checking user’s reviews and financial stats.

— Search Functionality: The admin can search for users by their username in
real-time and instantly access detailed user profiles.

— Live Notifications:

* Displays the number of pending user validations.
x Shows the count of unanswered chat questions, both updated in real-time
via Firestore streams.

— Profile Quick Access: Admin information, including profile picture, name,
and email, is shown at the top of the sidebar. Tapping it redirects the admin to
their personal profile page.

— Responsive Content Display: The main screen dynamically updates based
on the selected menu item or search result.

— Secure Logout: An easy-to-access logout button signs the admin out and
redirects them to the login screen.
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yassoo Users

Y - e

Figure 3.58: admin page

e Admin Search bar : The admin can search for users by their username in real time
and instantly access detailed user profiles.

S Review

Figure 3.59: search bar

e Users Details here in this page the admin can see the users information(user tokens
information, user history, email, profile photo, validation state)
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Figure 3.60: User details interface
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Figure 3.61: User details interface

e List of validated Users So here, is the validated user list by the admin and he can
delete any one of them from our system after checking the commerce certificate.
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Figure 3.62: validated users list by admin

e Profile admin page The Admin profile provides essential personal details of the
administrator, including their profile picture, full name, and email address. It allows
the admin to view and update their information.

&

Figure 3.63: profile admin page

e Profits monitoring page : Here the admin can see the statistics of profits yearly,
weekly, or daily.
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Figure 3.64: Profits monitoring

e Chat With User : Here the admin can contact the users if he has any questions or
queries.

answerd question

Figure 3.65: chat page

3.8 Conclusion:

We presented the various functionalities and user interfaces offered by our mobile
application, which is designed to manage users effectively. Our software functions as a
comprehensive system for the detection and identification of natural honey by analyzing
pollen content. It provides a user-friendly platform that facilitates the management of
honey analysis workflows, making it easier for laboratories and certified users to interact
with the system.

Beyond basic user management, the application also streamlines the process of up-
loading, analyzing, and retrieving results, all within an intuitive interface. Integrating
Al-powered pollen classification, supports accurate identification of the botanical origin
of honey, helping to detect adulteration and ensure product authenticity. In the future,
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additional features such as segmentation and automated pollen counting will be incorpo-
rated to enhance the precision of the assessments.

118



General Conclusion



In this project, we created the clever application MelVerify with the goal of utilizing
artificial intelligence methods to confirm the quality of natural honey. The development
process was arranged using the Model-View-Controller (MVC) architecture, which
separates the interface, data, and control logic.

Our project’s Model is Firebase, which uses cloud databases and storage services to
store user information, image analysis findings, and interaction history.

The View was created using Flutter, which offers slick, appealing, and intuitive user
interfaces that let users upload photographs, log in, and view results.

Firebase packages for Flutter perform the Controller role by handling the commu-
nication between the user interface and the backend database, including result retrieval,
image upload, account creation, and login.

In order to facilitate the scheduling and payment of analysis services directly within the
app, our long-term goal is to incorporate an electronic payment system for client-certified
laboratory interactions.

The AT model was trained by analyzing tiny photos of pollen in honey using a Con-
volutional Neural Network (CNN). By examining the characteristics of individual
pollen grains, our approach currently aids in determining the honey’s floral source.

Based on the variety and distribution of pollen sources present in the image, we hope
to improve the model in the future to evaluate a single image containing multiple pollen
grains and identify whether the honey is natural or adulterated.

Future perspectives include the integration of pollen segmentation and automatic
pollen counting within the system. This enhancement will allow the determination of
the percentage of natural content in honey by estimating the proportion and diversity of
pollen types. Such features will provide a more comprehensive and quantitative assess-
ment of honey authenticity, further supporting laboratories in their quality control and
certification processes.
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