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Abstract

This thesis deals with wild animal identification, specifically wild boar, through photographs
of their snouts. It focuses on the identification of individual animal, by utilizing the ridges
found on the upper part of the snout. Within this work, a solution is designed and im-
plemented, for the extraction of this biometric information and its comparison with other
templates already stored in the system. The solution is tested on photographs from the
same wild boar, as well as 49 other individuals.

Abstrakt

Tato préca sa zaoberd identifikaciou divej zvery, konkrétne diviaka pomocou fotografii nosu.
Ide o identifikaciu jednotlivcov a vyuZzivaju sa na to ryhy, ktoré sa nachadzaju na vrchnej
Casti nosu. V ramci tejto préaci je navrhnuté a implementované rieSenie na extrakciu tejto
biometrickej informacii a porovnanim ju s ostatnymi uz uloZzenymi Sablonami. RieSenie je
otestované na fotografiach z rovnakého diviaka, ale aj na 49 dalSich individualnych jedincov.
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RozSireny abstrakt
Cielom tejto prace je navrhnat a implementovat' rieSenie na identifikaciu diviaka pomocou

pomocou odtlackov prstov. Préca popisuje, ako je vyrieSené spracovanie obrazu pri odt-
lackoch a ako funguju tieto konkrétne metddy. Okrem toho, praca poskytuje prehlad exis-
tujucich Studii zaoberajacich sa identifikaciou zvierat podla réznych biometrickych znakov.
Napriek tomu, Ze sa v literatlre CastejSie vyskytuju prace zamerané na domace zvierata
¢i hospodarske zvieratd, su tu spomenuté aj vyznamné Studie, ako napriklad identifikacia
tulenich levov prostrednictvom vibrisov — fazov, Ci identifikacia dobytka na zaklade charak-
teristik zrenicky. V préaci su tiez predstavené algoritmy na porovnavanie biometrickych
§ablén, uvadzané v kontexte biometrickych systémov. Detailne su opisané pristupy SIFT a
SURF, ktoré su zalozené na analyze a vektorovej reprezentacii obrazovych dat a na vyhlada-
vani kl'G¢ovych bodov medzi porovndvanymi vzormi. S inym pristupom prichddza metdda
Faiss, kde je pribliZzena jej schopnost’ indexacie vektorovej reprezentacii, ¢o nasledne praca
preskimava s ohladom na mozné zlep3enie rychlosti celkového procesu identifikacie.

V ramci prace je opisana laickd analyza nosa diviaka a popisané detaily ohladom
poskytnutych dat na identifikaciu. Vypracovana schéma navrhu urCuje stavy, akymi fotka
prechddza. Prvou Castou je manualne urcenie ohranicujlcej Casti obsahujucej ryhy divi-
aka. Dalej sa na tento vyrez fotky aplikuju rozne algoritmy na zlep3enie kvality a pripadné
zvyraznenie len délezZitych Casti. Ked su biometrické znaky vyrazne, aplikuje sa extrakcia,
pomocou ktorej sa ziskaju Ciary, ktoré reprezentuju linie na nose.

Pri implementéacii su popisané konkrétne pouzité algoritmy ako normalizacia obrazu,
zvysenie kontrastu, pouzitie bilateralneho filtra ako aj adaptivne vyrovnavanie histogramu
s obmedzenym kontrastom inak nazyvané aj pod skratkou CLAHE. Dve délezZité techniky
sU pouZzité v spracovani obrazu tejto praci. Binarizacia, ktora slGzi na zjednodusenie Struk-
tary linii a nasledujuca skeletonizécia. Tento algoritmus prispieva k presnosti liniam, aby
boli reprezentované v 1 pixelovej Sirke. Po spracovani obrazu je opisana implementéacia
extrahovania ryh, kde sa v iteraciach vyuZiva Houghova transforméacia, pricom su v tychto
iteraciach upravené parametry na extrakciu, aby sa efektivnejSie vyrovnala s komplexnou
Struktdarou nosovych ryhov. Na prevedenie do vektorovej reprezentacii, systém vyuziva
DenseNet model, predtrénovand neurdnovu siet. Vytvorena Sabléna sa potom uklada do
databazy alebo sa vyhladava v databaze zhodny jednotlivec pomocou Faiss indexovacieho
algoritmu.

Testovacia faza zahrfiovala analyzu s limitovanymi vzorkami, konkrétne s dostupnymi
fotografiami troch diviakoch a nésledne 49 jedincami, priCom kazdy jedinec bol v databéaze
reprezentovany jednou vzorovou Sablénou kvéli dostupnosti len jednej fotografii. Po pr-
vom teste na vybranych 3 jedincoch bola vektorova vzdialenost' stanovena na hodnotu 65.
Druhy experiment sa zameriaval na posudenie spolahlivosti algoritmu pri hladanej zhody
so spravnymi Sablénami v databaze pomocou urcenej hodnoty. Pre analyzu, pri ktorej bol
vizualizovany obrazok s najblizSou vektorovou vzdialenostou vo&i vstupu, sa zaznamenala
Uspesnost’ identifikacie jedincov v hodnote 84%. Pri pouziti automatizovaného postupu s
nastavenou prahovou hodnotou 65 bola Uspesnost’ identifikacie 77:55%.

Vystupom z tejto prace je systém schopny extrahovat' biometrické informécie z nosu
diviaka a porovnavat ich medzi sebou. Analyza dosvedCuje, Ze tento nastroj je relevatny
pre identifikaciu jednotlivych zvierat aj z divokej zvery, ¢im otvara nové moznosti pre dalSi
vyskum v biometrii.
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Chapter 1

Introduction

Bioidenti ers have gained widespread recognition and application in the context of human
bodies, including well-known methods like ngerprint, face recognition, and iris scanning.
However, it's intriguing that there's relatively little discussion about it in the animal king-
dom. Thankfully, there is growing interest in this area, as this work can demonstrate.
While the focus has primarily been on human biometrics, animals also possess unique and
distinguishing features that can serve as their own “bio markants', allowing for individual
identi cation and even ecological research. This under-explored area holds great poten-
tial for a wide range of applications, from wildlife conservation to behavioral studies in
the animal world. Exploring the concept of bioidenti ers in animals can open up exciting
possibilities for understanding and interacting with the natural world in entirely new ways.

The objective of this bachelor's thesis is to delve into the realm of animal recogni-
tion, exploiting information technology advancements to accurately identify individual wild
boars based on distinct biological markers. Identifying these animals manually can be ex-
tremely time-consuming and is subject to human error. There are currently a few methods
that can be use to identify the wild boar. Very popular traditional method where the
animal is tagged with ear tags, collars, or similar devices, is widely used in most of the
states. This involves the invasive process of physically capturing the animals, which can be
stressful and potentially harmful to both the boars and the handlers. Some of them use
newer technologies, as for example Radio-frequency identi cation (RFID) chips. In some
studies, researchers rely on direct observation to identify individual animals. This requires
extensive knowledge of the individual animals and often involves identifying characteristics
such as unique body size, tusk length, behavior, or group associations. To simplify these
techniques, this bachelor's thesis presents an innovative approach to wild boar identi ca-
tion through biometric recognition. The proposed system should be capable of automating
the identi cation process, which enhances consistency and drastically cuts down the time
required for individual animal recognition. The main objective is the wild boar's snout,
where this animal has developed unique ridges that do not change throughout the course
of the animal's life.

The primary goal is to identify the boar with only a photo of his snout by employing
advanced image processing techniques and machine learning algorithms designed for ex-
tracting the ridges, interpreted in lines and match these created templates with the dataset.
The dataset is full of images that are often taken in less than optimal conditions, yielding
data that is corrupted by motion, occlusion, varying lighting conditions, and environmental
obstructions. Incorporating as much reality as possible into developing an e ective method



for the Czech hunters. This data will be needed to test this novel approach and see whether
nasal lines can be used to identify these speci c types of animals.



Chapter 2

Biometric systems

This chapter inquires about the structural framework of biometric systems. An overview
of the system's structure and functionality precedes an analysis of ngerprint recognition.
Followed by a description of three key matching methods. Then showing already applied
biometric systems within animal populations through di erent biological markers. In more
detail, a section about the most popular marker: nose prints, which are also used on a
national scale.

2.1 Principles and Structure of Biometric System

The basic function of a biometric system is pattern recognition. It gathers biometric data
from a person or animal, extracts an unusual feature set from the data, compares it to the
feature set stored in the database, and then takes suitable action based on the result of the
comparison. Therefore, it is possible to think of a typical biometric system as consisting of
four main modules: a matching module, a database module, a sensor module, and a module
for evaluating quality and extracting features.[10]

1. Sensor module: A variety of input data types are created by the sensor module,
each of which is customized to the particular biometric attribute that is being exam-
ined. The most common technique used in ngerprint, face, iris, and unique pattern
identi cation systems is taking of static images. Furthermore, several biometric tech-
nologies, like gait recognition, require the use of video data to provide a live view of
distinct motion patterns. In contrast, voice recognition systems work by recording
and evaluating audio information to translate the complexity of speech into a unique
biometric pro le. The technology being used has a signi cant impact on the raw data
guality. It is best to utilize professional cameras or microphones for the best possible
outcomes.

2. Module for evaluating quality and extracting features: First, the sensor
module's data are processed and assessed based on their quality. The module de-
termines whether an image's quality allows further extraction. Poor lighting, blurry
facial features, or insu cient sharpness can all result in faulty input. Typically, the
acquired data is subjected to a signal enhancement algorithm in order to improve the
quality. To extract features from all photos uniformly, the location and orientation
of the image are frequently also changed, it is done by speci c points(e.g. locating
nostrils). Then it utilizes advanced algorithms to extract relevant patterns, shapes,



or numerical representations from the biometric data. This feature set which can be
referred to as a template, is entered into the database during enroliment. In essence,
this module signi cantly contributes to the accuracy and reliability of a biometric
system by evaluating data quality, extracting distinctive features, handling errors,
and normalizing data for consistent comparisons.

3. Matching module:  The matching module is responsible for comparing the cap-
tured biometric data against stored templates or references, determining the degree
of similarity, and taking appropriate action based on the outcome. It iterates through
already identi ed templates and determines whether there is a match, how close the
match is, or whether the features in a template are entirely new. If a match is found,
all the data kept in the database corresponding to that speci ¢ template is returned.

4. Database module: The database module functions as a central repository for
storing and managing biometric information. Fast and accurate matching is made
possible by the module's indexing algorithms, which enable the organized and e cient
retrieval of biometric templates that have been stored. It ensures that the database is
kept up to date by adding, modifying, or removing biometric templates. It can store
some additional biographic information, such as name, birth, address, etc., to help
with characterizing the template. The data captured during the enroliment process
may or may not be supervised by a human depending on the application.

In conclusion, a biometric system represents a sophisticated and essential technology for
identity authentication and veri cation. One notable aspect is the exibility in template
creation. Biometric templates, representing unique features of individuals, can be extracted
from a single biometric sample. Moreover, the system can enhance accuracy by generating
templates through the processing of multiple samples for a more comprehensive and reliable
representation of an individual's biometric characteristics. For example, it can be three
photos of a face each with a di erent facial pose concerning the camera.

As technology continues to advance, the development and understanding of biometric
systems remain critical in addressing security challenges and providing e ective solutions for
identity management in various domains within the ever-evolving landscape of information
technology.

2.2 Fingerprints

Fingerprint recognition is a multi-step process involving the acquisition, processing, feature
extraction, and matching of ngerprint samples to identify or verify an individual. It is one
of the most reliable method for identifying humans, not even identical twins have the same
ngerprint. This section outlines the step-by-step process of human ngerprint recognition.
[18]

2.2.1 Acquisition

There are relatively many principles of sensor technology, the most known are optical,
capacitive, edge-lit holograms, ultrasonic, electrooptical, pressure, and thermal scanning
technology. These devices capture the ridges and valleys that form unique patterns on the
ngertips. They tend to have a smaller area of valid ridges and smaller deformations than

a rolled ngerprint but are much faster and more direct.



2.2.2 Pre-processing

Pictures that are processed need to be clear and the ridges need to be visible. Some illnesses
and conditions can a ect the skin in a way that might make ngerprint recognition di cult

or unreliable. It can be dermatitis, eczema, psoriasis, chemical exposure, or also such
as scars and aging. Before discarding these ngerprints, some issues can be corrected
or accounted for. Minor cuts or scratches may be interpolated by recognition algorithms.
Temporary swelling may be mitigated through image enhancement techniques or by waiting
for the condition to get better, before capturing a new print. However, in cases where
ngerprints or other biometric features are too severely a ected, the system may fail to
recognize the individual or can exclude the data from consideration.

Before feature extraction, ngerprint images are enhanced to increase the clarity of ridge
and valley structures. To simplify the data conversion methods for image, processing need
to be applied. An example of preprocessing methods applied on a ngerprint image can be
seen in Figure 2.4.

Gray-scale conversion

Color images are represented in three dimensions red, green, and blue. Converting the
picture into a grayscale reduces dimensions to only one dimension, which simpli es the data.
This helps with computation time and resource requirements. It also ensures consistency
among the images. Grayscale images can sometimes make patterns of texture or shape
even more clear because they highlight luminance (light intensity) rather than chrominance
(color).

Normalization

Normalization is a process of scaling the picture values of an image to fall within a specic
range, typically 0 to 1. This technique enhances the model, and variations such as lighting
conditions and camera settings are more stabilized. There are di erent types of normaliza-
tion, but two common methods are Min-Max normalization and z-score normalization:

" Min-Max  This scales the pixel values to a xed range, computed with formula:

X X min

X normalized = X X
max min

Where X is a random feature value X nin is the minimum feature value in the dataset,
and X nax is the maximum feature value. A good choice when maintaining the distri-
bution's original shape is essential. Also suitable for algorithms where the absolute
values and their relations are important like in neural networks.

Z-score This converts the image pixel values to have a mean of 0 and a standard

deviation of 1.
X

X standardized =

Where X is a random feature value, represents the mean of the original feature
values across the entire dataset. And is the standard deviation. This approach is
especially e ective for linear models, which assume normally distributed data. It's
less sensitive to outliers and alters with original values, making interpretation more
challenging due to the shift in scale and units. [26]



Histogram Equalization

Histogram equalization is used to improve contrast on images. It works by e ectively
spreading out the most frequent intensity values, which often correspond to critical image
details. This allows for areas of lower local contrast to gain a higher contrast, as can be seen
in Figure 2.1. This technique has even more evolved versions that use local contrast rather
than overall global contrast by using several histograms, or subhistograms. Examples of
such methods are adaptive histogram equalization or contrast limiting adaptive histogram
equalization also called CLAHE. [17]

Figure 2.1: Technique to perform histogram equalization [30]

Binarization

The binarization starts with a selection of a threshold value, and then converting all pixel
values below the threshold to 0 and all pixel values above the threshold to 1. The choice
of threshold is critical and can be determined using various methods, including manual
selection, global thresholding, or adaptive thresholding.

Binarization in ngerprints is done by applying specially designed lters on the nger-
print picture in the spatial domain, ensuring their orientation matches the orientation of
the local ridges in the ngerprint. These begin with the construction of Itering masks
which are derived from parameters de ned by the user. After this, the local orientations
of ridge patterns are determined, alongside the associated masks. The orientation data un-
dergoes a re nement process through image smoothing to create a more coherent direction
eld. Once these preparatory stages are complete, an enhancement lter is applied to each
pixel individually, further re ning the ngerprint features. The process concludes with a
phase of post-processing aimed at minimizing any background noise that might obscure the
minutiae data critical for biometric recognition. [9]

Although this technique is crucial to processing, it also has certain disadvantages and
advantages. One benet is that binarization can supplement the ridges and correct for
errors in acquisition where the ridges do not join exactly. On the other hand, also real
little details are regarded as errors and eliminated. Additionally shown in Figure 2.2 on a
ngerprint example. As a result, very valuable information is lost, such as small “dots' or
some ridge endings, and the identi cation is a ected.



Figure 2.2: In both photos, the ellipse highlights the most favorable consequence and the
rings indicate the most undesired e ects. Figure from [9].

Gaussian lter

Signi cant improvements are also made with lters. The most used is the Gaussian lter,
that creates the smoothing e ect on the image, as seen in Figure 2.3. The lter is de ned by
its standard deviation ( ), with a larger resulting in stronger blurring, which can be tuned

to the speci c requirements of the biometric system. Each pixel is computed concerning the
neighborhood pixel, using a weighted average. This averaging e ect preserves edges better
than simple mean Itering because the weights decrease with distance from the center of
the kernel, giving more in uence to closer and less in uence to farther pixels. It computes a
new value for the current pixel by applying a convolution operation with a Gaussian matrix
(kernel) over the neighboring pixel values. Unfortunately, it uses only one kernel for the
whole image creating uniform smoothing and consequently blurring some important edges.

Figure 2.3: Example of using Gaussian lter and mean lIter. Taken from [1].

Bilateral Iter

Another very similar smoothing Iter is the Bilateral Iter, which also uses a Gaussian lter,

but this one is designed better, to preserve edges while still performing noise reduction. This
is because the weights depend not only on the Euclidean distance of pixels (which is used
in the Gaussian function) but also on the radiometric di erences, such as color intensity
or depth distance. When the bilateral lter is centered on a pixel on the light side of the

10



boundary, the similarity function takes on values close to one for pixels on the same side
and values close to zero for pixels on the dark side. As a result, the Iter replaces the bright
pixel in the center with the average of the bright pixels in its proximity and essentially
ignores the dark pixels. In contrast, when the Iter is centered on a dark pixel, bright
pixels are ignored.

Skeletonization

Skeletonization, also known as thinning, is an image processing technique used to reduce
the width of lines in an image to a single-pixel thickness. There are two methods in which
this method operates: iterative and non-iterative approaches. In an iterative algorithm
each pixel is determined if it can be erased or has signi cant information thus it stays by
multiple sets of rules. Continues until there are no pixels to mark as non-informative. It can
be done in two ways, sequential, where the removing of unwanted pixels is at the start of
every iteration, or parallel, in which the pixels are removed altogether after identi cation.
Second process is to remove the remaining pixels to a 1-pixel wide lines. Non-iterative
approach produces a skeleton directly without investigating all of the individual pixels. For
this method, there are used neural networks or Voronoi diagrams. [2]

Figure 2.4: Example of pre-processing in a nger-print image [34]

2.2.3 Fingerprint Classi cation

A ngerprint's pattern area is formed out of ridges that diverge and tend to enclose or
surround the ngerprint's center. Only this area is relevant for categorization purposes.
Fingerprints are generally classi ed into three major groups according to their pattern:
loops, whorls, and arches. Each type has its subcategories and variations.

First quali cation are singular points:

" Delta This is a feature found in pattern types such as loops and whorls. It is the
point on a ngerprint where ridges come together or diverge to create a triangular or
delta-like pattern.

11



Core In the case of loops, the core is generally located on the highest point of the

recurving ridge or on the convergence of the loop pattern before it begins to curve

downward. As in whorls, the core can be more centralized, often appearing as a circle
or spiral.

Second quali cation patterns in Figure 2.5, speci ed by formations and ows:

Loops The loop pattern is characterized by ridges that enter from one side of the
nger, curve around, and exit on the same side. There are two types: ulnar and radial,
also known as right loops and left loops respectively. They make up approximately
60-65% of all ngerprint patterns encountered and have one delta and one core.

" Whorls They are characterized by a complete circuit of ridges or spiral ones.
Typically have 2 deltas and either one big core or 2 small ones if the circuit is too big.

Arches These pattern ridges form a hill, some arches also called tended arch, look
like they have pointed tent shape. Arches are the least frequent pattern only 5-10%
of ngerprints have these. Normal arch doesn't acquire delta or core, the tended arch
has one delta and core.

Figure 2.5: Second quali cation patterns. [21]

2.2.4 Feature Extraction

Used to identify and extract distinctive ridge patterns called minutiae. The focus is on
identifying the two main categories of minutiae, which are ridge endings and bifurcations.
These categories are shown in Figure 2.6. A ridge bifurcation is de ned as the ridge point,
where a ridge forks or diverges into branch ridges. A ridge ending is de ned as the ridge
point where a ridge ends abruptly. The spatial relationships, angles, and other distinguish-
ing characteristics of these details are later recorded into a digital template. Therefore,
the encoded ngerprint template is ready to be applied as a compact yet powerful repre-
sentation of a person's ngerprint in matching algorithms. Because of tiny di erences in
location, distance, pressure, and other variables that impact biometric appearance, every
ngerprint template that is generated is unique. These templates are then recognizable
from the vendor's algorithm and are from the same person, but they are always di erent
from each other in little detail.
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Examining the complex algorithms that map this network of ridges with great precision
is the main goal of this chapter. The focus is on enhancing these methods' accuracy and
resilience so that the system can extract the real details from the noise, even when faced
with problematic photos.

Figure 2.6: Example of minutiae categories [35]

2.2.5 Matching

In this stage, extracted features from an input sample are compared against those stored
in a database using a matching algorithm. It matches biometric templates to determine
their degree of similarity or correlation. The result is a match score, which is mostly in
all systems analyzed with a threshold value. If the match score rises above the threshold,
the result is a match. Naturally, if the score is under the threshold, the comparison is a
non-match. The threshold settings also determine if the system is highly secure or not
secure at all. For example, a system for high-value transactions can have a high-security
threshold and a low-security threshold for low-value transactions.

The matching process starts when the user provides biometric data, from which the
veri cation template is created. The veri cation template is then compared with enroliment
templates stored in the database of the biometric system.

The algorithm may employ any of the following techniques: Minutiae-based, is the most
common technique, comparing the patterns of minutiae points only. Pattern-based, looks
at the overall ngerprint pattern, usually used in the past or manual matching. Hybrid
matching combines these techniques and achieves better accuracy. The algorithms take into
account the pattern of marks along with the angles and relative positions of each point.
When the number of matching pairs of minutiae is greater than a predetermined threshold,
the ngerprints are considered to be a match. They achieve this by aligning the input with
the template.

2.3 Matching algorithms used in biometrics

In this section, the technical core of three pivotal matching algorithms is described. They
are Scale-Invariant Feature Transform (SIFT), Speeded-Up Robust Features (SURF), and
Facebook Al Similarity Search (FAISS). Each algorithm o ers a unique approach to feature
detection and matching, playing a crucial role in the accurate and e cient identi cation of
individual animals from pictures.

23.1 SIFT

Developed by David Lowe in 1999 [27], it transforms images into feature vectors that are
robust to changes in position, scale, rotation, and changes in lighting. Based on stable key
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points obtained from scale-space extrema of the Di erence of Gaussians (DoG) function.
Such points usually lie on high-contrast regions of the image, such as object edges. To
handle slight changes in shape, the method looks around key points in the image, collects
information on the direction and strength of edges, and uses this to make descriptors that
are reliable even when the image is a bit distorted. Lowe's e cient variation algorithm is
used for matching with a di erent image. The nearest neighbor for each key point is found
in the database, with the closest match from the smallest Euclidean distance. A candidate
match is con rmed if its nearest neighbor distance ratio is below 0.8. For better speed of the
algorithm, only 200 candidates are considered. Finally, it uses the geometric alignment of
the matches using a transformation model and Iters out outliers. The remaining matches
are then evaluated for their collective t to the model, and only those with a high con dence
score are accepted as correct. A model is accepted if the nal Bayesian analysis probability
for a correct interpretation is greater than 0.98. Other computations in this algorithm are
shown in Figure 2.7, primarily how the scale-space pyramid works.

(@) (b)

(©) (d)

Figure 2.7: (a) The set of scale space images is generated by computing the Gaussian
Di erence for every octave in scale space. (b) From the scale-space pyramid, the maxima
or minima are the key points. (c) Creation of keypoint descriptor from the histogram of
orientation and magnitude. (d) Example of nal matching with SIFT algorithm.

2.3.2 SURF

This alternative shares many similarities with SIFT but is designed to be faster and more
e cient, particularly for large-scale image analysis. One signi cant factor is the use of a fast
Hessian matrix-based measure for the detection of interest points, which is computationally
less demanding than SIFT's Di erence of Gaussians approach. It also constructs a shorter
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64-dimension descriptor. This reduction in dimensionality plays a vital role in speeding
up the matching process while still capturing the essential information needed for accurate
matching. Additionally to its focus on speed, SURF aims to provide robustness against
image transformations like scaling and rotation. Each algorithm presents a di erent balance
between speed, performance, and computational e ciency, making them valuable tools in
the toolset for computer vision.

2.3.3 Faiss

Faiss [23], which stands for Facebook Al Similarity Search, is an open-source library devel-
oped by Facebook's Al Research (FAIR) team. It is a library that provides e cient algo-
rithms and data structures for similarity search and clustering of high-dimensional dense
vectors. Implemented in C++ and has bindings in Python. It supports various types of
similarity measures, such as Euclidean distance, inner product, and cosine similarity. Faiss
is designed to handle large-scale datasets with millions or billions of vectors. A very ben-
e cial system due to its exceptional speed and scalability. Its high level of CPU and GPU
optimization enables quick processing. The evaluation was made on DeeplB, a collection of
1 billion images. Faiss operates on the concept of indexing, which essentially organizes data
in a manner that allows for e cient querying. Each index is tailored to perform similarity
searches based on dierent trade-o s between speed, accuracy, and memory usage. The
index can be also saved to the database so it does not need to be recreated every time.
When a query vector is compared against the indexed dataset, Faiss quickly retrieves the
most similar vectors based on the chosen distance metric, such as Euclidean distance or in-
ner product. Widely used in various areas that require searching through large data. Used
in image retrieval, recommendation systems ( nding items similar to those a user likes),
machine learning, natural language preprocessing (looking for text documents with similar
semantic content).

2.4 Biometric in animal industry

Biometric identi cation systems have been increasingly spreading to the animal indus-
try. Particularly, they have been identi ed through the analysis of unique physiological
attributes, such as facial features, retinal patterns, DNA pro les, and even characteristic
markings on the skin or fur. This methodology not only provides a non-invasive identi -
cation mechanism but also enhances the welfare of the animals by reducing the need for
physical tags and branding. It can be bene cial for identi cation and tracking animals
within a large group or over wide ranges. Additionally, it can prevent theft, where their
unigue biological markers serve as indisputable proof of identity.

Retinal Scanning Retinal scans capture the unique pattern of blood vessels on
the retina, which is di erent in every animal. It is used in livestock management and
is highly reliable but sometimes can be invasive or stressful to the animals. [4]

Iris Scanning It is used on horses, cattle, and even in some species of sh to track
and manage individual animals within a population. [29]

Acoustic Identi cation Recordings of birdsong or speci c calls are used in avian
studies to identify individual birds in the wild. Each bird typically has a unique song
or call variation that can act as an identi er. [15]
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Fingerprints  They are not used only in human-like form, but also koalas have very
similar patterns as humans on their palms. [28]

Whisker Spot Patterns This technique was used with sea lions or polar bears,
for sea lions it was mostly reliable for small populations of 50, with bears it was more
successful. [6]

Facial Recognition Multiple studies were made for cattle face detection, they
could uniquely identify individuals by facial features and markings. [22]

Nose Prints  They provide a distinct and safer method of identi cation than im-
planted chips. Dog nose prints are the most popular and even used on a national
scale. Currently, the technologies are moving on from domestic and farm animals to
wildlife. [14]

In all these methods bad matching can be encountered due to imperfections or deformi-
ties in the biological traits, but still, these are some of the best available biological markers
that are used in the animal industry.

Retinal Scanning

The most used ID for cattle is the RFID (radio frequency identi cation [5]) ear tag. Reti-
nal scanning was developed as a method of eliminating animal tagging. This biometric
identi cation method relies on the unique pattern of blood vessels on the retina.

The retina is the light-sensitive layer of tissue at the back of the inner eye. It can be
a little bit time-consuming, but the results were amazing, with an overall success rate of
approximately 99%. Firstly the cattle needed to be restrained, so the movement of the
head was minimal. Then the user approached the animal's head and directed the camera
into its eye. This captured image of the retina was taken with a specialized device called
OptiReader—, designed by Optibrand Ltd.[4]. The pupil was dilated with eye drops and
then a low-energy infrared light was used to illuminate the retina without causing harm.
The vessel pattern is comparable to the branching pattern of a tree, with a complex network
of unique and unchanging blood vessels stemming from the optic nerve. Figure 2.8 shows
that even 100% matched templates were not the same, since the angle of the photo was
important.
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Figure 2.8: Example of matching retinal images [4]

Acoustic ldenti cation

The use of automatic acoustic recording devices for detecting birds and other animals has
increased rapidly. Recordings are captured, where they may contain only one or more
simultaneously vocalizing birds. To improve the signal quality, it is very important to use
audio processing techniques since the recordings occur in noisy situations e.g. forests the
leaves movement, or in urban areas human speech. There were many techniques used to
process this signal.

The article [15] suggests segmenting bird melodies into syllables using the frequency
spectrum of the signal. The fuzzy C-means clustering method was used to gather syllables,
each bird song was then represented as a sequence of syllables using a Hidden Markov
Model. They achieved a 78% recognition rate in a database of 420 bird species.

In [13], Chandu proposed a spectrogram-based approach that produced good results,
but only for recognizing four bird species. Firstly, the sound samples went through di er-
ent sound pre-processing procedures such as pre-emphasis, framing, silence removal, and
reconstruction. Then spectrograms were created for each sample and given to the CNN
Convolutional Neural Network that classi ed the sound clip and recognized the bird species.

Whisker Spot Patterns

Photographs from the left or right side of the animal were taken to analyze whisker spots,

shown in Figure 2.9. On polar bears, whisker spots are visible as black dots next to the
nose. Rather on sea lions, they are long, sti hairs highly sensitive to touch and vibrations

and are also found around the nose and mouth. For the strong contrast that polar bear's
whiskers have, the spot extraction was automated, for sea lions it had to be manually
selected.
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(a) Sea lion (b) Polar bear [6]

Figure 2.9: Example of visible whiskers

For analyzing these whiskers spot patterns, the grid was placed over post-processed
photographs, as can be seen in Figure 2.9b. The grid is placed that the location of eye is
at [0,0] and the nose at [1,0]. The spot's position then determines the value of a cell, either
absent or present. Then the frequency of occurrencg; of a spot in each cell was calculated
asf; = nj=N wheren is the number from the sample having a whisker spot in the cell and
N is the number of animals in the sample.

The probability of occurrence was calculated asP = f, fy 1 fq) @ fy) i
wherea; b...are cells with spots, andq;r ...are cells without spots.

According to Pennycuick and Rudnai [32], identi cation is considered authentic if the
probability that two or more unique animals exist in the study population is less than an
arbitrary value . Therefore, the probability that at most one individual in the population
has a particular pattern can be expressed as:

@ pPpM+mMP@ PM 1>

This represents the probability that at most one individual of M individuals has a
pattern with probability P.

Figure 2.10: Grid cells from all 50 spot patterns analyzed. Each cell contains the probability
of its corresponding character having a value of present. [6]

Calculating how much information the cell containing the whisker spot has is necessary
to determine whether this approach is truly reliable. Applying the formula | = log,P,
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where P is the correlated probability value from Figure 2.10. In the study [6] of C.J.R.
Anderson, they are con dent that this identi cation method is reliable thanks to high
information bits in over 98% of pattern spots in 10000 randomly generated patterns. In the
study of sea lions [31] reliability estimates decreased to 92.2% in a population of just 500,
and for 1000 individuals only to 88.2%. Overall, the biggest disadvantage of this method is
obtaining high-quality photographs as the eld is usually tricky, and getting close to these
animals requires special vehicles and permissions.

Nose Prints

This thesis examines nose recognition in more depth as a biometric information source. As
previously recognized, wild boars' noses di er slightly from those of the other animals that
have been the subject of previous research. The majority of publications discussed dog's
and cattle's noses.

The rst publication in this eld was done by Petersen in 1922 [33], where everything
was done manually. He collected the nose print by pressing paper over ink that had been
put onto the nose using a annel cloth. After that, they carefully examined the nose prints
to look for any consistent or atypical areas before deciding if they matched the same sample.
In the rst study, it has been already discovered that no two cattles have identical pattern
and that the pattern remains the same throughout life. However, this method is limited
because it relies only on expert opinion, which can lead to inaccuracies.

In most of the continuing works, the best results came with two popular feature detection
and description algorithms based on SURF or SWIFT methods. These methods are also
used for object recognition, image stitching, 3D reconstruction, and biometric recognition
as in this case.

In article [3], the main algorithm in use on cattle is SURF. The key biometric trait used
is the muzzle print, to overcome the inaccurate paper prints they are captured by a live
image of the cattle nose. Through the machine learning algorithms, the issue of human-eye
recognition errors is also eliminated. In this system, the data set is divided into a training
set and a test set. In the training set were used N images, the N being at least 1 and
a maximum of 6. SURF method calculated wavelet responses, resulting in a 64-element
vector that represents each feature point. For each image, descriptors are gathered into
a matrix, where the number of columns re ects the selected feature descriptors for that
image. All the descriptors are extracted and stored so that each image has its own matrix
that contains all its descriptors.

Figure 2.11 displays a 64-dimensional descriptor around each keypoint. The area around
the point is divided into a 4x4 grid of sub-regions. For each sub-region, the algorithm
computes sums of the Haar wavelet responses and the sums of the absolute values of the
responses in both horizontal and vertical directions. These sums form a vector of length
four for each sub-region, combining these vectors from all 16 sub-regions results in a 64-
dimensional descriptor. They are designed to uniquely identify and describe features, which
are invariant to scale and orientation changes and can be compared between di erent im-
ages. The red vectors are a graphical representation of the orientation and magnitude of
the Haar wavelet responses.
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Figure 2.11: Shown interest region of a keypoint, to formulate the descriptor vector of size
64. [3]

The matching process is conducted by evaluating the descriptors of every feature point
within the test image against pre-stored templates. Trying to nd the template that proves
to have the most shared points, as illustrated in the Figure 2.12.

Figure 2.12: Matching the feature points by their descriptors. [3]

In article [14], scientists from Korea discovered whether a dog's nose remains constant
throughout its life and may thus be used as biometric information. In this work, they
managed to prove it using the pictures of beagles that they photographed during a ten-
month period, from months two to eleven. They further investigated whether each dog's
nose can be identi ed and is distinct for each dog even within a single litter. They closed
their work by stating: "The ndings of this paper are that every individual has a di erent
nose pattern. This conrms and enhances the claims of earlier works by others, as in
[16],[24],[11],[20], that the canine nose pattern is indeed unique to each animal and may be
used as a unique biometric marker!

The primary goal of the additional published studies is to enhance these biometric dog
identi cation systems. In work [8], on a more diverse and larger dataset with 2,561 images,
the main approach was to use a Siamese network structure based on a convolutional neural
network (CNN) to identify discriminative features with the dog nose-print patterns. As
shown in Figure 2.13 this algorithm was called DNNet standing for Dog-nose network, and
was very complex involving two-step feature extraction and attention modules. It was the
rst study that used a deep learning method on dog nose and the results were promising.
Over 98% on average identi cation accuracy.
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Figure 2.13: Flowchart of DNNet algorithm[8]

In conclusion, some studies have shown that dogs' and cows' noses are distinctive and
can be used as identi ers. From collecting the nose prints manually, technology has pro-
gressed to data collection using telephone devices, which provides a reliable and non-invasive
method and o ers a more comfortable approach to animal identi cation. A comparison of
how some of the nose print studies were e ective and what method they used, can be seen
in Table 2.1.

Authors Feature Ext. Method Dataset |Results

Awad et al. [7] SIFT 15 6images| 93:3%

Bae, Pak, Lee[8] ResNet-152 256limages [98:972%

Chan et al. [12] SLF™+GA ? 276mages | 97:1%

Ahmed et al. [3] SURF 31 7images| 100%

Table 2.1: Results in di erent approaches

The performances of these algorithms were all above 90%, which means that the nose
of these domestic animals is not only identi able by the expert view of a human, but can
also be used in automated processes and incorporated into real-life methods.

1SLF Scale-Like Features
2GA Genetic algorithm, used to optimize the parameters in the scale-like feature extraction process.
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Chapter 3

Draft of the solution

In this chapter, | will be talking about the current state in which this area of identifying
wild boars with biometric features stands. Next, a detailed look will be at dataset which is
given into this project and what the snout of a wild boar looks like. Finishing with draft
of the solution, which is divided into 5 subsections and starts with an image of the schema.

3.1 Current state

As previously stated, a nose taken as the biological marker is nothing new in the eld of
biometric identi cation among animals. This approach is very common in domestic animals
and many studies were made, mostly used in distinguishing animals in veterinary care or
research. However, there is a very big gap, when considering the identi cation of wild
animals. Nowadays this process of identi cation involves marking the animal with a metal
tag after being hunted down. No scienti ¢ papers were previously written about the wild
boar, so detecting this animal by nose using a biometric system approach would be explored
for the rst time in this bachelor thesis.

3.2 Data

For this bachelor thesis on animal biometric detection from an IT perspective, a specialized
dataset was given thanks to our collaboration with Czech hunters. The main source of data
comes from Czech forests from various regions, speci cally from 127 areas. They contain a
variety of wild species, including European deer, sika deer, roe deer, and mou ons, among
others. That said, the study's focus is on wild pigs, and 286 animals that were gathered
are from species known by their Latin name, sus scrofa also known as wild boar. The
photos were taken by Czech hunters after the animals were killed during hunting, which was
introduced in order to preserve the ecological balance and protect the natural biodiversity of
the forests. Since each animal was photographed several times, the total dataset of pictures
provided for this thesis is 664. The method of taking photos wasn't normalized yet so it
isn't constant in terms of direction, lighting (use of ash), and environmental in uences.

Boar snout

Wild board snouts typically have a robust, extended shape that ends in a rounded or
slightly pointed tip. The size of the snout can vary between individuals and might change
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