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Abstract

Non-intrusive and automated detection of pig breeds, particularly from a machine-vision stand-
point, is important from a commercial perspective for both vendors and buyers. The muzzle
of a pig as a nasal interface, constitutes a robust biometric descriptor, whose morphological
features when agglomerated, can be used to isolate specific breeds.

In this work, hand-crafted color and texture descriptors/statistics have been selected for pro-
filing four pig-breeds: Duroc, Ghungroo, Hampshire and Yorkshire. While these hand-crafted
visual descriptors by themselves are fairly robust and discriminative, it was recognized that
classification accuracies can be improved, by controlling the decision space either by choosing
the feature-type based on colour or texture or by combining features and also selecting the
order in which particular breeds are siphoned.

In that light, in the first part of this work, a stable, hierarchical breed-siphoning policy
is proposed, where breed-types are identified and distilled in specific serial order. While the
existing Phylogenetic Hierarchical Agglomerative Clustering algorithm (AGNES) also produces
a siphoning hierarchy, the tree is different from the proposed one on one main front: The
AGNES-tree feeds on a general minimum distance table evaluated across different feature sets
(thus is feature-type agnostic and therefore not optimized); On the other hand, the proposed
tree feeds on secondary, feature specific cumulative distances derived from the primary cluster-
distance table to identify which feature-type can be used at each decision node in the breed-
siphoning tree. This optimizes the siphoning procedure and makes clusters at each level more
compact ensuring better use of linear SVM models. The accuracies reported for AGNES versus
proposed-siphoning tree were: (83.58% vs 86.45%) for Duroc, (94.11% vs 93.02%) for Ghungroo,
(81.78% vs 86.91%) for Hampshire and (96.19% vs 98.54%) for Yorkshire.

To improve the accuracies further, two major problems which had to be confronted, while
handling muzzle datasets were (i) limited training data (5-7 pigs per breed only) and (ii) High
variability from the point of view of colour and texture within each breed class, particularly for
breeds such as Duroc and Hampshire. This meant that the isometric assumption made by Linear

SVM models would prove sub-optimal (leading to an over-generalization of the classes). Hence,
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a data-dependent and data-associative model, graphically inclined, would have to be synthesized
from the training breed-samples. In this context a Maximum Spanning Tree (MaxST) algorithm
has been proposed, to first characterize the breed classes. Once the MaxST model is built from
the training nodes of a given class/breed, an inductive procedure with respect to the test-sample
(being checked) is deployed to create a new tree and then a check is performed to see if the
primary MaxST structure connecting the training nodes from the given class/breed have been
altered. The larger the change in the primary structure, the higher is the outlier score assigned
to the test point with respect to the given class/breed.

Furthermore, it was observed that with this data-associative tree arrangement it was possible
to resolve partially overlapping clusters (the inlier-inlier problem) and to large extent trap the
shape of the individual cluster. Ownership resolution in the case of the inlier-inlier arrangement
was done in a probabilistic light by deploying a sequence of independent random projection
matrices, to reduce the feature space to a sequence of randomly oriented 2D-planes. To quantify
the inlier-degree (or the depth of the point within the projected cluster), a cumulative scoring
approach based on triangles formed between several training nodes was deployed. The breed-
class which registered the lowest outlier score was declared the owner of the test point. Deep
inliers were expected to register very low scores and borderline inliers close to as high as 50%,
with respect to a particular breed-model.

However, this method of resolving the inlier-inlier conflict was computationally expensive.
While, the outlier score generated based on the MaxST formulation proved to be sensitive to the
proximity of the test point to the training cluster, when outside the cluster; but when present
within the cluster, a zero differential score was registered. In such a case, the dual of the MaxST,
i.e. a Minimum Spanning Tree(MinST) was found to be useful. In contrast to the formulation
based on MaxST, the outlier score generated based on an equivalent MinST formulation was
sensitive to the positional arrangement of the test point lying within the cluster. Thus the
MaxST formulation in conjunction with its MinST counterpart is a robust and computationally
efficient outlier detection framework. In a multi-class classification scenario using this outlier

detection framework, the test point is assigned the class label for which it has the lowest outlier
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score.

Finally, the outlier-check based frame aided by the cumulative scoring approach based on
triangles formed between several training nodes was extended to a multi-class setting, with
some minor feature adaptation and this showed a considerable improvement in accuracy in
relation to the earlier siphoning proposition. When completely different sets of pigs were used
for training and testing (50-50 split), the proposed algorithm reported relatively high mean
classification accuracies of 93.26% for Duroc, 97.19% for Ghungroo, 93.61% for Hampshire and
100% for Yorkshire. Similar classification accuracies were achieved with the MaxST-MinST
outlier framework as well but with a much lesser computational cost. The highlight was the
5 — 7% increase in accuracy for the difficult breeds, Duroc and Hampshire with the data-
associative spanning tree based outlier detection frame.

Keywords: Pig Breeds, Segmentation, Gradient Significance Map, Morphological Tophat
operator, Hierarchical Classification Scheme, Outlier Detection, Maximum Spanning Tree, Min-

imum Spanning Tree.
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1. Introduction

1.1 Introduction

Biometric markers are used extensively for human subjects, for individual or ethnic identifi-
cation, for surveillance, classification etc. They are being increasingly applied to animals, again
either to track an individual animal or a breed. An example of individual animal biometric
application is tracking a champion race horse for its immediate value and in future for breeding.
On the other hand, a typical breed identification application could be for animals such as cows,
goats and pigs, whose ”"produce”, in some form or the other is consumed (i.e. has commercial
value and impact). Here, the identity of the cow or pig in a larger group context, i.e. its
breed-type, becomes crucial. For instance, it has been found and recorded that the following
four specific breeds of cows viz. Gir cow of Gujarat; Rathi cow of states Uttar Pradesh, Madhya
Pradesh and Haryana; Red Sindhi cow of states Punjab, Haryana, Karnataka; Sahiwal cow of
states Uttar Pradesh, Haryana and Madhya Pradesh, can produce large quantities of nutritious
milk every day [3]. In the same vein, in the context of pigs, most farms prefer pure-breeds as
opposed to cross-breeds from the point of view of reproduction and pork quality.

Aspects connected to their natural health condition in current local environments, weight
and size associated with specific pig-breeds, play a crucial role in formulating a preference
for certain breed-types over others. The Large White Yorkshire, Hampshire, Duroc etc., are
among the few imported exotic breeds in India [4]. The Yorkshire breed for instance is popular
because it lends itself to cross-breeding. Being a prolific breeder, it provides a good amount of
meat for consumption. Hampshire hogs on the other hand are noted for being well-muscled and
rapid growers, and for exhibiting good carcass quality when used as meat animals. Further,
this breed is also used extensively in different cross-breeding programmes due to its preferential
black coat colour in the local market. The Duroc breed is noted for its excellent weight gain
and feed efficiency, which simplifies maintenance protocols considerably. This breed is mostly
used as terminal sire in cross-breeding for lean meat production.

Most biometrics are found concentrated near sensory interfaces e.g. muzzle of pig [5] or

facial profile in cows [6] or hoof patterns in horses [7]. Aggregates of these biometric traces at a
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macro level, may qualify as what are known as ”breed identifiers”. For instance, the face, which
is a crucial biometric from a social standpoint of human beings, can be analyzed at a coarser
level involving colour, texture, facial feature skewness/bias, to segregate people hailing from
different types of ethnic communities. These facial parameters are transmitted from generation
to generation, as long as the ethnic group stays insular. In a similar fashion in the case of pigs,
for a particular set of morphological parameters to qualify as a breed indicator the following

conditions must be satisfied:

e There must be a biometric connection, i.e. these morphological parameters must be linked

to their ancestors.

e Furthermore, these parameters should be concentrated near sensory interfaces [8], at
places where there is a continuous interaction with the surrounding environment. Over
generations some of these macro-morphological parameters will stabilize and passed down

to future generations.

However, when it comes to the practical deployment of a breed profiling procedure, it is impor-
tant to first identify the domain (visual, acoustic, chemical etc.), and then the nature of the
measurements taken in that domain, which may qualify as breed-relevant features or statistics.

Upon entering the digital/analog space of measurements, several challenges may arise:

e Among the gamut of measurements which have been hypothesized, which ones are the
best choices and why? This, "why”, is not easy to answer, particularly when one does

not have sufficient on-field data (both in terms of time-trends, type and numbers).

e Taking measurements from a particular animal, is itself a difficult task, depending on how
intrusive the process is. Unlike a human subject, who co-operates while gathering his/her
biometric such as face, fingerprint or iris scan, animal subjects need to be restrained in
most cases to freeze the animal’s natural interaction with the external environment, before
taking the measurement. Some biometric-measurements such as animal-gait [9], animal-

sounds [10], breathing-sounds [11], sniffing-patterns [12] are easier to observe and gather
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from a distance as compared to others such as facial-signatures [6], chemical composition

of excreta [13].

e Once the mode of acquisition and type of measurement is established, it is to be checked
whether these measurements remain stable with time and are distinct for different breeds.
This is the most important form of analysis which is connected with the signal processing
and analysis domain. It has been noted that pigs beyond the weaning period (more than

six weeks since birth), tend to exhibit stability in health and other parameters [14].

It is first important to establish the notion of a breed identifier and then over successive it-
erations, water it down to a handful of measurements or statistics in some domain (visual or
acoustic or chemical etc.), so that finally there is a mechanism for easily deriving a handful of
numbers based on some form of sensory data which can be be quickly used to establish the
breed of the animal.

In this work, the focus is on breed identifiers associated with four breeds of pigs viz. Duroc,
Ghungroo, Hampshire and Yorkshire. While Duroc, Hampshire and Yorkshire are imported
breeds in India, Ghungroo is a native breed found in the regions of north Bengal. Visual identi-
fiers and descriptors such as those involving still images of faces of pigs or parts of the face, such
as the tip of the snout (termed as the muzzle), have been found to be stable yet discriminative

across breeds [5], when post-processed, signal-conditioned and harvested carefully.

1.2 Biometric and Breed Identifiers in Pigs

It was surmised in [5], that biometric identifiers tend to be concentrated near sensory
interfaces. These sensory interfaces could be the eye (ocular type with the biometric in question
being the iris) [15], the ear (aural type dealing with vein patterns on the inner surface) [16],
the nose or snout (nasal and tactile type especially for pigs, involving the muzzle) [17, 18] and
many others. While a single biometric identifier imparts a distinct identity to a particular pig,
it does not directly qualify the pig in a larger group (analogous to "race” based classification for
humans based on their origin and life-style over generations). When several biometric micro-
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identifiers are aggregated, at a coarser level they constitute a ”breed-identifier”, which qualifies

the pig in a larger setting based on some similarities in traits.

1.3 Muzzle as a Pig-breed Identifier

The nasal disc on the snout of the pig, while rigid enough to be used for digging, has
numerous sensory receptors. Pigs use their snout while exploring and searching for food items,
to push objects, to flatten them, for scooping and for leveraging out thick roots. Furthermore,
under natural conditions, pigs may spend 75% of their daily activity engaged in rooting and
foraging [19]. Apart from this, snout also houses the nasal interface carrying two nostrils
as shown in Fig. 1.1, which plays a crucial role on several fronts such as: (i) breathing, (ii)
discriminating between odors and tracking down food, (iii) using the odors stemming from
chemical discharges to locate one’s mate [19]. This frontal portion or disk is termed as the
"muzzle”. Thus, the muzzle segment serves as both a tactile as well as a nasal interface for
interacting with the environment. Owing to the presence of many sensory features in virtually
the same location, it was concluded in our earlier work [5], that the frontal image of the muzzle
covering the heart shaped nasal disc which houses two nostrils could be used as a ”breed
identifier”.

The pigs selected for analysis and profiling have crossed what is known as the weaning
period (more than six weeks from the date of birth). This implies that their biometrics and
breed-identities have crystallized morphologically in time. Beyond this weaning period virtually
no change is observed in the biometric and breed-parameters [20].

The manually cropped muzzle segment of a Hampshire pig is shown in Fig. 1.1 in which
the key parts of a muzzle are marked. Apart from having two large nostrils and hair at the
periphery of the muzzle contour, the muzzle region also shows large sweat pores and some
stunted hair. This stunted hair was restricted to the darker region leaving the pinkish-white
patch barren with respect to the hair. Sweat pores, however, were present uniformly in both

the dark and pinkish white patches.
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Large pores

Cilia/lhair follicles on
the muzzle surface

Faintly appearing
pores on the pink
patch not clearly
visible because of
the reflecting surface

Figure 1.1: Description of the muzzle of a Hampshire pig.

1.4 Visual Descriptors Related to Muzzle Surface for
Breed Identification

The visual domain provides ample information for breed discrimination at a machine level.
The cropped frontal view of the muzzle of the pig was chosen as the input muzzle image for
breed model building and analysis. Exemplar muzzle images from each of the four breeds viz.
Duroc, Ghungroo, Hampshire and Yorkshire are shown in Fig. 1.2. On a breed specific basis,

the following visual trends were observed for the four breeds:

e Ghungroo: These pigs have a high density of sweat-pores and cilia (hair follicles), more
towards the periphery of the muzzle (near the muzzle contour) and towards the bottom
side of the muzzle surface below the nostrils. Muzzle is either completely black or blackish-

grey. Specular artefacts are produced upon imaging due to nasal secretions.

e Duroc: These pigs either have a purely powdery black-coloured muzzle or are dual
coloured with a relatively small pink region embedded within the black area. Sweat pores
are not as prominent as Ghungroo and limited amount of cilia present over the muzzle
surface. Also the muzzle contour of the Duroc pigs contain two notches at approximate

angular location of 60° and 120° in the upper half of the contour.
TH-3084_166102007




1.4 Visual Descriptors Related to Muzzle Surface for Breed Identification

(a) Duroc (b) Ghungroo (c) Hampshire (d) Yorkshire

Figure 1.2: Exemplar muzzle images from the four breeds. Each column contains two examples from
the same breed.

e Yorkshire: These pigs have a completely pink coloured muzzle surface with almost no

hair or cilia. Sweat pores are present, but not visually prominent.

e Hampshire: They have a dual coloured muzzle surface (greyish-black and pink) with a
partial pink patch. All male Hampshire pigs exhibit this dual colouration. Pink patch
has an arbitrary size and orientation. The sweat pores and cilia are concentrated more
over the greyish part of the muzzle. The pink region is devoid of any cilia and very less

prominent sweat pores.

The visual information listed above in a breed specific manner indicate that the muzzle
images from the four breeds have some distinctive features in certain information domains viz.
muzzle contour shape, colour and texture density on the muzzle surface. Discriminative visual
descriptors can be extracted from these domains to segregate the breeds based on their muzzle

image. These information domains are described next:

e Texture density: These refer to the spatial distribution of lines/curves (from cilia/hair
follicles on the muzzle surface), small dots of different sizes (from sweat pores on the

muzzle surface) and in some cases internal contours and curves (from the boundary of
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pink regions and nostrils on the muzzle surface). While internal contours resulting from
the boundary of pink region in dual coloured muzzle images can be used for individual

biometric identification, they cannot be used as breed identifiers.

e Colour: As already mentioned, on the colour front Ghungroo muzzle images are purely
greyish-black, Yorkshire muzzle images are purely pink, Hampshire muzzle images are
dual coloured (grey and pink), while Duroc muzzle images are either dual-coloured or
purely powdery black. For the Duroc, the fraction of pink region (if present) within the
muzzle area is very small; for most cases it is less than 10%, while in very few cases
it is around 20 — 25%. However, in Hampshire pigs, this fraction can be quite large
reaching upto around 75% in some cases and the variation is also large with some pigs
having the fraction of pink region around 25%. Because of the muzzle surfaces being
specular in nature and due to improper lighting conditions, the colour profile of the
muzzle images suffers from distortion. This leads to overlap of feature vectors capturing
the colour information from different breeds in feature space, especially between Duroc

and Hampshire.

e Shape: The muzzle contour shapes of Hampshire and Yorkshire are similar and takes
the form of a inverse cardioid. Ghungroo muzzle muzzle contours contours are largely
circular. Duroc has a distinct shape with two upper contour notches as compared to the

other three breeds.

1.5 Stable Information Domains

The discussions in the previous section qualify the Texture density, Colour and Shape as ro-
bust information domains for breed classification. However, it is imperative that these domains
of information be inspected from the viewpoint of practical implementation as well before they
can be really churned to extract robust descriptors for breed classification. In order to con-
struct accurate muzzle shape descriptors, it is imperative that the muzzle contour be extracted

out with utmost accuracy which in itself is an extremely difficult task. It will be shown in
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Chapter 2 that even with state-of-the-art active contour methods it is very difficult to extract
out the muzzle contour precisely. In contrast there are a plethora of operators available in the
literature based on gray level intensity difference, spatial distribution of gray levels etc. to pick
up the texture information of the muzzle surface. Also the colour information of the muzzle
surface is directly available from the [R G B] colour vector of each pixel. Hence, in this work
instead of going for shape domain, the focus is on extracting robust visual descriptors from the

texture and colour domain.

1.5.1 Texture Descriptors

The role of a texture descriptor is to highlight out the textural details like cilia, sweat pores
etc. on the muzzle surface. There are several texture descriptors in literature [21]. The textural
details on the muzzle surface like cilia and pores do not have any breed-specific correlation in
their positional association. It is the amount of textural details that is of interest for breed
segregation and these details are to be highlighted at their respective location on the muzzle
surface with the help of a suitable filtering operator. Two different texture filters have been
used to amplify the relevant breed-specific textural details while suppressing the other details
as noise: one the Gradient Significance Map (GSM) [5,17] and the other uses the Morphological
Tophat transformation operator [1]. As will be discussed in detail in Chapter 3, the response
of the muzzle image to a filter operator is thresholded to obtain a binary map, which highlights
the relevant textural details. When a muzzle image belonging to a pig-breed is passed through
a texture filter, it is expected to enhance and amplify the features linked to that breed. For
instance, the binary map obtained after applying the GSM tends to bring out the hair and pore
patterns along with the contour-profiles, if prominent, in a particular breed(example Ghungroo).
On the other hand, it suppresses the less prominent sweat pore patterns seen in Yorkshire and
thus, in the processed image, the muzzle interior is found to be largely empty as shown in

Fig. 1.3.
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(b) Binary Map

(a) Ghungroo Muzzle Image
Ghungroo Muzzle Image

(c) Yorkshire Muzzle Image (d) Binary Map
Yorkshire Muzzle Image

Figure 1.3: Binary maps generated using the GSM operator for Ghungroo and Yorkshire muzzle
image. The cilia and large pores in the Ghungroo get highlighted whereas the smaller pores in Yorkshire
are not brought out in the binary map.

1.5.2 Colour Descriptors

The role of a colour descriptor is to bring out selective attributes from the colour profile of
the muzzle image which can impart distinctiveness to the breeds. One major impediment in
the extraction of robust colour descriptors comes from improper illumination conditions while
capturing snapshots of the muzzle images. Hence, the luminance information is to be separated
out from the chromatic part before any further analysis. This is done by analysing the colour
profile of the muzzle image in the C, — C, space after transforming it from RGB domain to
YCbCr domain. 2D-histogram is formed from the colour profile of the muzzle image in the
Cy — C, domain. Breed-specific statistics are extracted out from this histogram in the following

way:

e Using moments and moment linked statistics to trap certain aspects linked to the his-
togram shape such as bi-modality via Sarle’s index [22] etc. This helps in isolating breeds

such as Hampshire from the rest.

e Position, size and skew linked to the footprint of the colour histogram can be done via

an Eigen-analysis in the Cj, — C). space.
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Table 1.1: Table listing the nature of the Cy — C,. histogram for the different breeds.

Breed-type Cy — C,. - histogram (C, — C,. - histogram|C}, — C!. - histogram
position/mean footprint size footprint skew
Close to origin as .
colour is black Small except for Mlnlmal.. Largely
Duroc except for dual dual coloured sometric except
coloured muzzle muzzle images. for dual §oloured
imafGe muzzle images.
Close to origin as Minimal and
Ghungroo colour is black. Mostly siiafl. largely isometric.
Histogram is bimodal
and positioned
with one foot in the Slightly unpredictable
Hampshire third quadrant Large but largely
(pinkish-red tinge) and elongated and narrow.
the other near the
origin(partially black).
Histogram is in the .
Yorkshire | third quadrant alone Small larMéln Hirilnii(jic
(purely pinkish-red tinge) g '

Table 1.1 shows the nature of the C}, — C,. histogram in terms of its location(which is equivalent

to the centroid or mean), size of the histogram footprint and the skew associated with this

footprint as a function of the four breeds. While the C}, — C). histogram positions are largely

distinct for each of the four breeds, the size and the skew associated with the footprint of this

histogram impart a distinctive feature to the Cj, — C,. histogram of Hampshire muzzle images.

1.6 Classification frames

Once robust feature sets have been constructed from the colour and texture descriptors,

suitable classification frames need to be explored based on the nature of the feature sets. Two

different classification frames have been used, which are discussed next:
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Table 1.2: Table listing the different breed pairs and the feature sets which best separates the pair.

Reliable Feature Type/

Combination Justification

Breed Pair

Colour profiles are similar
Duroc vs Ghungroo Texture Alone (both have pre-dominantly
dark muzzle).
Duroc has moderate texture
and is largely dark coloured
Duroc vs Hampshire Texture Alone (a few dual coloured), while
Hampshire is dual coloured
and has texture on the lower side.
Duroc has moderate texture
and is largely dark coloured
Duroc vs Yorkshire Texture and Colour (a few dual coloured), while
Yorkshire is fully pink
and has almost NIL texture.
Ghungroo pigs are uniformly
high texture and black coloured
Ghungroo vs Hampshire| Texture and Colour while Hampshire pigs are dual
coloured and have texture on the
lower side.

On both colour and texture front,
these two are poles apart(high
Ghungroo vs Yorkshire Texture and Colour |and low with respect to texture and
black and pink with respect
to colour).

Texture profiles are similar. Hence,
colour alone is preferred and works
Hampshire vs Yorkshire Colour Alone as Hampshire pigs are dual
coloured while Yorkshire is
uniformly pink.

1.6.1 Classification Frame 1: Siphoning Trees and Feature Selectiv-
ity

On visual grounds, while scrutinizing the cropped muzzle images from different breeds,

there arises a choice of going with Texture or Colour or a combination of Texture and Colour

descriptors for separating the breeds. All the possible breed pairs along with the corresponding

descriptor by which they are best separated are listed in Table 1.2 and shown graphically in

Fig. 1.4. The breed pairs for which the reliable feature type is combination of Colour and
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DUROC GHUNGROO

m— Texture

Colour

YORKSHIRE HAMPSHIRE

Figure 1.4: Different breed pairs and the feature sets which best separates the pair shown graphically.

Texture descriptors are the ones which are farther apart in feature space as compared to the
breed pairs for which the reliable feature type is either Colour alone or Texture alone. As can
be observed from this table that all the breed pairs are not separated in the best manner by
the same type of descriptor. This provides the motivation to go for a multi-stage classification
scheme in a hierarchical fashion. The breed occupying the highest position in the hierarchy
is separated out first from the rest. The separation is carried out using that descriptor which
best separates the two classes. After one of the breeds has been separated out from the rest,
the same process is re-iterated with the remaining breeds and this process continues till all
the breeds have been separated. An algorithm has been proposed to determine the order of
the hierarchy as well the type of descriptor which is to be used at each stage of classification.
This proposed multi-stage classification scheme where the breeds are siphoned out one after
another is completely different from a multi-class classification scheme which involves classifying
a test muzzle image as belonging to one of the four breeds in a single stage and over a fixed
decision space. In the proposed multi-stage classification scheme, at each stage of classification
a binary classification is performed using a binary classifier like SVM. Thus, the classification

performance at each stage is governed by the virtues and limitations of the SVM.
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1.6.2 Classification Frame 2: Data Centric Models based on Span-
ning Trees

There exists substantial variability in the colour and texture profile of certain breeds,
mainly Duroc and Hampshire. This intra-breed variability leads to scattering of the fea-
ture vectors constructed from the colour and texture descriptors for a single class or breed.
Apart from this inter-breed similarity also exists: for example between Duroc/Ghungroo and
Duroc/Hampshire, which leads to overlap between the clusters formed from feature vectors of
two different breeds/classes. This intra-breed variability and inter-breed similarity affects the
performance of any classification algorithm. For the multi-stage classification scheme discussed
in the previous subsection, the performance of the SVM classifiers at each stage of classifica-
tion is severely affected by these factors. Hence, an attempt is made to develop a classification
frame whose performance is less affected in the presence of intra-breed variability and inter-
breed similarity and which is not data hungry, i.e. the classification algorithm can provide good
performance even with few good quality representative samples.

The proposed classification scheme is a generative model, i.e. it tries to learn robust repre-
sentation for each of the training classes. For this purpose, representations based on spanning
trees are learnt for each class. The proposed classification scheme is a single-stage classifier
which uses a common decision space formed from the combination of colour and texture fea-

tures. Spanning trees discussed in detail in Chapter-6, are useful on many fronts:

e Emphasis and De-emphasis: It is important to define what part of the training data
is important and is representative of the breed-core and what part is noisy and can be
discarded as the samples are of a poor quality. Spanning trees can help achieve this

objective.

e Conflict resolution: Given the training samples of a particular class, the class specific
data-correlation profiles and similarities can be obtained from the Minimum Spanning
Tree(MinST) representation. When one attempts to define the spread of class-specific
training data, more connected to bounds, Maximum Spanning Tree(MaxST) representa-
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Figure 1.5: MinST model and five test cases.

tion becomes useful. Both these types of trees tend to stitch data-points in their own way

so that one can address one of the following questions:

— If a particular test feature vector is embedded inside a training cluster, how deeply
embedded is it? How relevant is it in the context of a multi-class problem wherein a
given test-point is in the interior overlapping region of multiple clusters from different

classes?

— If a test feature vector is in the interior of one of the breed-clusters but is exterior
to another, the problem becomes simpler but must be resolvable at a data-centric
level, particularly when limited training samples are available for each class. How

does a spanning tree frame detect this change in modality?

— If the test feature vector is exterior to all the breed-clusters, then this case becomes
simple but the question becomes tricky in the context of the shape and orientation

of the cluster. How far is the test point really from each of these clusters?

An exemplar figure comprising of several cases of test feature vector locations and two train-

ing clusters represented as MinST-models and MaxST-models are shown below in Fig. 1.5 and
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Figure 1.6: MaxST model and five test cases.

Fig. 1.6. Here T}, € {1,2,3,4,5} denote the test feature vector variations, X;,i € {1,2,3,4,5}
are the training nodes from Class 1 and Y;,7 € {1,2,3,4,5} are the training nodes from Class
2. To generate a class specific outlier score, the change observed in the MinST and MaxST
primary graph(linking the training nodes alone) is quantified after inducting the test feature
vector. This in a crude way reveals whether the test feature vector is deeply embedded in one
of the class clusters or is outside one or both of them. The outlier score assigned to a test
feature vector depends on the amount of change induced by it to the Spanning Tree structure.
It has been observed that the farther a test feature vector moves outside the cluster, the higher
is the change induced by it to the Maximum Spanning Tree structure formed from the training
cluster. On the contrary, if the test feature vector lies inside the training cluster, then the
change induced in the Minimum Spanning Tree structure increases if the test feature vector
lies closer to any feature vector within the cluster and it is surrounded by more number of
neighbours. Thus cases wherein the test feature vector lies in the exterior of all the classes or
it lies in the exterior of all classes except one can be resolved using MaxST-models; whereas
cases wherein the test feature vector lies in the overlapping region of two or more classes can

be resolved using MinST-models.
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1.7 Research Challenges, Primary Thesis Contribution
and Chapter Outline

The earlier sections bring out the variability with each breed class. In other words, a typical
muzzle is not just a homogeneous disk or dual coloured disk. It harbours a variety of structural
artefacts coming from the cilia/hair follicles and sweat pores, randomly positioned for each
pig within the same breed. Coupled with a natural scene illumination variation, these visible
artefacts tend to interfere with the colour profiling process. Thus, since colour profiling alone
will not work, it becomes important to use the texture domain as well and indirectly trap
parameters such as ”density” of artefacts present on the muzzle surface and to some extent
their spatial distribution all around the dial. This feature identification problem is exacerbated
by lack of availability of sufficient training samples. This makes both the model building and
test-point classification processes highly challenging and unique to this application frame. A

summary of the research challenges are specified below:

1.7.1 Challenges involved in the breed identification process
The main challenges associated with this breed identification problem are as follows:

e The size of the dataset available for training was highly limited (assuming training and
testing is done based on a 50%-50% split and in cross-validation mode to emulate on-field
natural variability). This meant that pigs which were used for building the breed-model

were completely different from the ones used for testing.

e The natural intra-class variability was found to be very high particularly for dual-coloured
pigs such as Hampshire and Duroc. Furthermore, different pigs of the same breed-type
exhibited variability with perspective, scale and contour-skew. To add to that there was
a variability in the local illumination profile for different pigs as they were snapped in

different sheds.

e Each muzzle snapshot (albeit cropped) exhibited some variability in background (in most

cases the facial profile of the pig coupled with the glove of the individual holding the
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pig’s snout formed the background). Separating the muzzle contour from the face of the
same pig in the backdrop, was a challenge for some of the breeds such as Ghungroo and

Hampshire.

e Numerically 5-7 pigs per breed with 10-variations per pig were available for building a
breed-model. This placed severe limitations on the effectiveness of classification models

towards multi-class breed-model building.

When the breed classification problem is viewed in relation to the sparse, limited and diverse
nature of data available for model building, it is clear that there is a need for a solution which
does not over-generalize the construction of the breed-model. That is because, this would imply
that breed-types which have similarities in some domain, would be very difficult to resolve, when
a test sample falls in the region of intersection of two or more clusters from different breeds in
feature space. There are two ways this problem has been handled in this thesis: (i) finding a way
to isolate only those features, which impart some form of structure to the breed clusters; and
(ii) stitching together the samples within a particular cluster based on some form of association
rule with the help of a spanning tree, which makes the construction dataset-adaptive, yet unifies

parts of the whole in a certain way.

1.7.2 Contributions of this thesis

In line with the above challenges, the contributions of this thesis are multi-fold and covers

the following fronts:

e A customized segmentation algorithm has been designed in which an attempt is made to fit
a circular ball shaped segmentation mask with the largest possible radius so that no part
of the background region is picked up from the muzzle image for feature extraction. For
this purpose suitable filter kernels have been designed and deployed based on differential
Gabor variant [23] operator to emphasize the muzzle contour while suppressing the texture
details in the muzzle interior. This composite filter is convolution of three identical kernels
oriented at 0°,120° and 240°, which we term as the ’'STAR’ operator. Using this 'STAR’
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operator internal cleaning is done, by considering the centre of the muzzle image as the
centre of the circular mask, wherein the median radius is determined from the response
of the muzzle image to the 'STAR’ operator. This ball fitting segmentation algorithm is

muzzle content adaptive.

e Judicious selection of discriminatory statistical measures have been made to segregate
breeds so that difficult breeds such as Duroc and Hampshire can be differentiated from
the rest. This involved designing suitable texture operators such as GSM [8] and Mor-
phological Tophat operator [1] to enhance textural details in different breeds. On the
colour front, statistical parameters such as Sarle’s distribution bi-modality index [22],

were deployed to detect breeds with dual coloured muzzle images such as Hampshire.

e On the classification front, there are two contributions. The first contribution is centered
around the design of a hierarchical classification scheme involving multiple classification
stages. The hierarchical classification scheme resembles a tree structure where at each
stage of classification hierarchy a particular breed was separated out from the remaining
ones in a decision space in which it is optimally separated from the others. The order
in which the breeds are to be separated out as well as the decision space at each stage
of the hierarchy is decided by our algorithm, which uses a feature specific inter-breed
distance table. Over the existing Phylogenetic tree construction using AGNES [24] [25],
the proposed siphoning tree was found to provide a compact cluster representation at each

decision node, ensuring a much more efficient use of the linear Support Vector Machine

(SVM) module.

e The hierarchical classification scheme mentioned above tries to search suitable decision
space for each breed where the overlap between classes can be minimized, thus allowing us
to achieve the best possible classification accuracy with standard classifiers like SVM. In
contrast the second contribution on the classification front tries to improve the classifica-
tion accuracies further by developing generative models corresponding to each class/breed

based on Spanning Trees. The classification model uses an outlier detection framework
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based on Maximum Spanning Tree representation for each of the classes/breeds. A novel
testing procedure has been proposed to assign class label to a test feature vector corre-
sponding to the class with the lowest outlier score. However, when the test feature vector
falls within a cluster of feature vectors from a training class, the Maximum Spanning Tree
representation model generated identical outlier scores irrespective of the position of the
test feature vector within the cluster; since it could not account for the positional ar-
rangement of the test feature vector with respect to the feature vectors from the training
clusters. To take care of this situation, two separate methods were proposed: one based
on Minimum Spanning Tree representation and the other involved calculating the outlier
score after projecting the feature vectors to R? plane using Random Projection Matrices.
Although both the methods lead to nearly the same accuracy for the four breeds; but
the method based on Minimum Spanning Tree representation is computationally much
cheaper as compared to the other. The highlighting feature of our proposed outlier detec-
tion framework is that while computing the outlier scores corresponding to a particular
training class, the spanning tree model considers the proximity of the test feature vector
to the training cluster(of target class as a whole) as well as the positional arrangement
of test feature vector with respect to the feature vectors within the training cluster. This
has led to the performance improvement of our outlier detection framework as compared

to other state-of-the-art methods in literature.

1.7.3 Thesis outline

The outline of the thesis is as follows:

e Chapter 2 discusses a customized adaptive ball-fitting segmentation technique to isolate
the muzzle region from the background. Since it is extremely difficult to extract the
muzzle contour precisely even with state-of-the-art segmentation techniques in literature,
hence instead of going for an over-estimate of the muzzle contour, an attempt is made to
fit a circular ball shaped segmentation mask inside the muzzle contour with the largest

possible radius, so that no part of the background region is picked up. The selection
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and design of a suitable pre-filtering operator followed by the design of an algorithm
to calculate the radius of the circular segmentation mask is discussed. The effect of

background leakage on the texture statistic is also discussed in this chapter.

e Chapter 3 discusses the colour and texture descriptors followed by the construction of
feature vectors which can impart distinctiveness to each of the four breeds. These feature
vectors are constructed based on the colour and texture descriptors from the segmented
muzzle region only. Two different texture descriptors are described: one based on the
GSM and the other based on the Morphological Tophat Transformation operator. Suit-
able attributes are defined and aggregated from the response of a muzzle image to these
two operators to form the texture feature vectors. Similarly the 2D Cj, — C, histogram
constructed from the description of the image in the YCbCr domain acts as the colour
descriptor. Suitable statistics based on the footprint of the Cj, — C). histogram are defined

and aggregated to form the colour feature vectors.

e Chapter 4 discusses a multi-stage classification scheme for breed classification with three
feature sets viz. Colour(C'), Texture(T") and combination of Colour and texture(C' UT).
At each stage of classification, a single breed is siphoned out from the rest using a SVM
classifier in a suitable feature/decision space as decided by the proposed classification
algorithm. First of all, a distance metric between feature vectors from two different classes
is defined by treating feature vectors from any class a single entity. With this distance
metric, and corresponding to four different breeds, a total of (;1) = 6 pairwise distances
are calculated for each of the three feature types (C), (T') and (C' UT). These distance
metrics are fed as the input to our multi-stage classification algorithm to determine the
order of breed-siphoning as well the feature types to be used at each stage of siphoning.
The performance comparison of our proposed multi-stage classifier which generates a tree-
like classification hierarchy is compared with other tree based classification methods in

literature.

e Chapter 5 discusses a multi-class classification scheme based on an outlier detection frame-
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work using Maximum Spanning Trees and Random Projection Matrices which can provide
high classification accuracies even in the presence of intra-breed variability and inter-breed
similarity. These two problems severely affected the classification performance of SVM
in the multi-stage classification scheme discussed in Chapter 4. To tackle the problem
of intra-class variation, a formulation based on Minimum Spanning Tree(MinST) is pre-
sented which splits any training class into multiple clusters and enables learning Maximum
Spanning Tree(MaxST) for each such cluster within a class. The MaxST representation
of a training class along with the method of testing is discussed in detail. To account for
the scenario, when the test feature vector lies inside the cluster of training feature vectors,
a method which involves calculating the outlier score after projecting the feature vectors
to R? plane using Random Projection Matrices is discussed. Outlier scores correspond-
ing to each training class is generated for a test feature vector. The method for making
inference about breed label for the test feature vector from the outlier score correspond-
ing to each class followed by the performance comparison of our proposed method with
standard multi-class classifiers like SVM, Decision Trees, Nearest Neighbour algorithms

is also discussed.

e Chapter 6 discusses an improvement of the outlier detection mechanism discussed in
Chapter 5. The method which involves calculating the outlier score after projecting
the feature vectors to R? plane using Random Projection Matrices is found to be com-
putationally intensive. Hence, this method is replaced by another method which takes
advantage of the MinST representation of the clusters within a training class. The MinST
representation is found to be sensitive to the positional arrangement of the test feature
vector with respect to the training feature vectors of the training cluster within which
it lies. The performance comparison of this modified outlier detection framework with
respect to a target class which uses MinST representation in conjunction with the MaxST
representation is compared with state-of-the-art classification methods in literature. The
multi-class classification strategy developed using this modified outlier detection frame-

woork is discussed and its performance comparison is done with respect to the method
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discussed in Chapter 5.

e Chapter 7 concludes the thesis with a summary of the research work carried out and an

outline of the future research.
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Figure 2.1: Cropped muzzle image with the actual muzzle region shown separated from the back-
ground by the contour of the muzzle boundary.

As discussed in Chapter 1, one of the reasons why the muzzle region was chosen as a
biometric for breed analysis, was because it was a part of a sensory interface. Behavioural
traits over generations tend to influence the shape, colour, ruggedness, roughness and to a
large extent the texture profile of the muzzle of a typical pig from a particular breed. From a
visual standpoint, one could use any one or a combination of the following descriptors to profile
the breed-type: Shape, Colour or Texture. The muzzle contours of Hampshire and Yorkshire are
mostly shaped in the form of a cardioid [26], while the Ghungroo breed has a largely circular
shaped muzzle. All these three breeds have notches at the bottom of the muzzle contour.
Apart from these three breeds, Duroc has the most distinct shape, which is other than that
of a cardioid or circular. Most Duroc pigs exhibit two prominent inward notches at around
60° and 120°, which are not present in the other three breeds. Despite this distinctiveness,
due to background interference and perspective variations(rotation and skew changes), precise
segmentation of the muzzle contour is very difficult.

While muzzle shape analysis can be dismissed as a breed-identifier, it is essential to extract
only that part of the muzzle interior from which texture and colour features and statistics can
be computed(either locally or globally). The question that arises is how does one specify the
region of interest. It should ideally fall in line with the muzzle contour or periphery and the

entire interior should be used for analysis. However, as will be shown in the initial part of this
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2. Adaptive Ball Fitting Segmentation Algorithm

chapter, this is not a good idea. Going ahead with an attempt of over-precise segmentation
process can result in involving a significant portion of the background. Since the texture density
in the background region is usually on the higher side and the background colour profile is
unpredictable, its inclusion towards final feature and statistic computation is likely to increase
the standard deviation of the of the colour and texture statistics; thus increasing the intra-class
variability.

The muzzle database available with us has cropped muzzle images as shown in Fig. 2.1, which
comprises approximately 25% as background area. While extracting breed specific features
from the muzzle surface, this background consisting of some parts of the facial region of the
pig along with the surrounding region presents some interference, thus corrupting the feature
vectors. Thus it becomes important to isolate the muzzle area from the background prior to
feature extraction. The graphical flow of the entire breed identification process can be explained

with the help of Fig. 2.2.

e [nference

Muaz Algorithm breed
g e

Segmentation fication [ about

Figure 2.2: Overall block diagram of the classification pipeline.

Thus, given a cropped muzzle image, the first step, is to extract or estimate the muzzle
contour from a noisy background which is both rich in colour as well as texture. Feature
extraction can be done once this region of interest is detected and is confined to the interior of
the muzzle. The role of a segmentation process is to ideally extract out the muzzle region from
the background for further processing and feature extraction. Active contours using level sets
are one of the most extensively used methods in image segmentation [27,28]. This is due to

their inherent ability to adapt to complex contours after a certain number of iterations, thus
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defining the boundary between regions in an image. The level set methods in literature are
broadly categorized as edge based or region based.

In edge based level set methods, minimizing the energy functional for curve evolution is
equivalent to locking the contour onto edges in an image. These methods are suitable when the
object to be segmented is separated from the background by sharp edges. The distance regular-
ization term in [29] plays a crucial role in locking the contour to complex boundaries with high
edge strength. While in region based level set methods, the minimization of energy functional
is equivalent to segmenting the image into homogeneous regions. The measure of homogeneity
could be based on gray level intensity or colour or some texture-profile. In an early work by
Chan et al. [30] involving region based level sets, a degradation in performance was observed
when there was an intensity in-homogeneity either in the foreground or the background. Wang
et al. [31], [32] later covered this issue, so long as this intensity in-homegeneity was found to
be within certain bounds. Cai et al. [33] on the other hand used colour information guided by
visual saliency for segmentation. Zhi et al. [34] used a combination of edge and region based
methods.

However, these methods were not suitable for pig muzzle segmentation, due to the following

practical on-field constraints:

e Colour-profiling issues: When the snapshot of the muzzle is taken from the front,
the region immediately around the muzzle contour is usually either the face of the pig
and /or partially a glove (belonging to the individual holding the pig to stabilize the head
movement). Since the location of the glove around the muzzle(if present) is likely to vary
and furthermore, in some cases this may not even be picked up in the photograph, there
will be an inconsistency both in the background colour profile as well as the texture profile
around the muzzle periphery. This inconsistency in background interference, if picked up
during the segmentation procedure will severely impair the stability of the features, both
on the colour and the texture front. In the initial part of this chapter, we illustrate
this sensitivity on the texture front alone, when a small portion of the background is

erroneously recognized as the segmented region.
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e Texture-profiling issues: From a texture viewpoint, the presence of lines, edges, cor-
ners, curves in the form of pores and hair spikes over the muzzle surface, impart a certain
texture profile to the interior of the muzzle. However, the background around the muzzle
periphery, if included will also contain some artefacts and in fact in most cases will also
be rich in texture(although may have a different composition as compared to the muzzle
interior). Since the background scene during muzzle photography will vary from pig to pig
within a breed, there will be a large intra-class variability with respect to texture as well.
Given a broad definition such as this, it becomes difficult to segregate the background
containing the face of the pig which also has a rich texture due to furry and spiky hair

present over this facial region.

Since standard segmentation algorithms fail, feature mixing is virtually unavoidable if one
attempts an over-precise detection of the muzzle contour and its interior. Hence, instead of
going for a precise contour extraction, an attempt is made to fit in a ball inside the muzzle
(with the largest possible radius) as shown in Fig. 2.3, so that no part of the background is
picked up. The initial goal is therefore to pre-filter the muzzle portion so that the interior gets
cleaned up as much as possible and becomes largely homogeneous in appearance. While this
interior is being cleaned up, the signal enhancement algorithm also enhances the contour linings
without over emphasizing other parts. The segmentation algorithm must therefore achieve the
following dual objective:

Selection and tuning of a suitable pre-filtering operator in a way that the muzzle contour is
brought out clearly (or enhanced), while at the same time suppressing the details in the interior,
making it appear partially homogeneous with respect to texture.

Once this selective enhancement is done, an attempt is made to fit in a circular mask that
gets nicely inscribed in the interior of the muzzle. The circular mask must be large enough so
that it can trap sufficient details both with respect to colour and texture during the feature
extraction procedure. If the radius of this mask is too small (i.e. a conservative strategy to
ensure the mask covers only the interior), the fraction of the muzzle area available for analysis

will also be very less and this will eventually reduce the efficacy of the breed characterization
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Figure 2.3: Segmentation procedure: (a) Cropped muzzle image; (b) Detected region containing
only muzzle interior.

process. On the other hand if the radius is too large this may pick up unnecessary noise
associated with the background and boundary variations. Hence, the search for the optimal
radius (keeping this trade-off in mind) is done over a certain band Ry and Ry ax. It may
be noted that a part of the data in the interior of the muzzle is also lost (rather of less use),
owing to the presence of two large nostrils in the muzzle interior. Hence, the minimum radius
Ryrv must be at least large enough to go beyond the nostrils. Fig. 2.4 shows the muzzle region
segmented out from the background using a variety of methods such as an edge based active
contour model DRLSE [29]; a region based active contour model [30]; and a combination of
region and edge based active contour model SDREL [34] along with our proposed method;.
Active contour models which try to maintain region homogeneity by minimizing the energy
functional fail miserably for cases where the muzzle region contains the pinkish white patch
embedded within the grey region. These methods also fail to differentiate the facial region from
the muzzle, when their colour is almost the same. The edge based methods suffer from the
problem of boundary leakage, where the edges are very weak. In the following the pre-filtering
operator used to enhance the muzzle contour followed by the mask generating algorithm are

discussed.
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2. Adaptive Ball Fitting Segmentation Algorithm

(a) Segmentation resulis using our proposed method

(b Segmentation resulis obtaine d using DRLSE method (edge hased)

e} segmentation results oblained using SDREL method (hased on region homogenity and edges)

1d) Segmentation results obtained using Chan-Vese method (hased on re gion homoge ity )

Figure 2.4: Segmented region obtained using (a)Our proposed algorithm (b)edge based DRLSE
model (c)Combined region and edge based SDREL model and (d)Region based Chan-Vese model

2.1 Muzzle Contour Sensitivity Analysis

The effect of background interference on the extracted features can be understood by mea-
suring the sensitivity of the amount of textural details present in a muzzle image. Consider
the binary maps generated in Fig. 1.3. Let BM denote such a binary map. The foreground(or
white pixels) in such a binary map highlight the location of textural details in the image. Let
MASK denote the binary segmentation mask which is used to isolate the muzzle region from
the background. It is the textural details in BM falling under the segmentation mask M ASK
which is to be used for making inference about breed label. Let BM,,,q denote the binary map
obtained after modulation of BM by M ASK. The modulation of BM by the segmentation
mask M ASK to obtain BM,,.q is shown in Fig. 2.5.

Let n, denote the number of foreground pixels in BM,,,,q whose size is N1 x Ny. A statistic
S is defined which denotes the total amount of textural details in the muzzle region defined by

the segmentation mask M ASK normalized with respect to the size of the image. Then
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]V[ASKgroundLrulh B]\l,,md

(a) Segmentation with actual mask. S = 0.2094
BM MASKspreL

(b) Segmentation with SDREL mask. S = 0.3081

Figure 2.5: Figure showing an instance of the change in statistic S, when improper mask is applied.

n
S=_ W 2.1
N1 X N2 ( )
N1 Ns
ng = Z ZBMmod(x7y)
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BMmod(ny) - BM(I,y) X MASK(Q%?J)V%?J

In order to measure the sensitivity of S as a function of error in the mask generated by any
segmentation algorithm with respect to the actual ground truth segmentation mask, a set of
20 muzzle images, with 5 muzzle images per breed as shown in Fig. 2.6 are chosen. The aim is
to measure the sensitivity of S breed-wise, i.e. we want to study the effect of mask error as a
function of the different breeds. Let Mpr(i) denote the statistic S obtained by the application
of manually extracted ground truth segmentation mask on the " i € {1,2,..,5} muzzle im-
age from breed BR, BR € {DUROC,GHUNGROO, HAMPSHIRE,YORKSHIRE}. The
manually extracted ground truth segmentation masks for the muzzle images in Fig. 2.6 are
shown in Fig. 2.7.

Let SYEPL{ORIG} denote the representative S value from breed BR when the statistics

are calculated using the ground truth segmentation masks. Then SMFP{ORIGY is defined as
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Figure 2.6: Figure showing a total of twenty muzzle images, with five muzzle images per breed.

90 e
91910]@

=]
=
=
(g}

—_

a) D

(b) Ghungroo

(c) Hampshire

9191910
0191010

[

(d) Yorkshire

9191910

Figure 2.7: Manually extracted segmentation masks for the muzzle images in Fig. 2.6.

SMEPLORIG} = MEDIAN{Mpgg(i)}

The effect of error in the segmentation mask generated by the different active contour models

(2.2)

as mentioned in Fig. 2.4 on the sensitivity of the statistic S is studied. Let M4 (i) denotes

the statistic S obtained by the application of the mask generated by the active contour method

AC,AC € {DRLSE,Chan—Vese, SDREL} on the muzzle image. If S§yFP{AC} denotes the
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(a) Groud Truth Segmentation Mask
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(b) Noisy Versions of Groud Truth Segmentation Mask
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Figure 2.8: Ground truth segmentation masks and its noisy versions.

representative S value for breed BR, then

SMEDIACY = MEDIAN{M%S (i)} (2.3)

The sensitivity with respect to the active contour method AC' is then defined as

SMED{AC}
AC __ BR

The breed specific sensitivity of the statistic S is also studied by corrupting the ground
truth segmentation masks in Fig. 2.7 with noise. Corresponding to every segmentation mask in
Fig. 2.7, a set of noisy versions are generated as shown in Fig. 2.8. Let the statistic S obtained
by the application of these noisy masks be denoted by M2/ (i, 7), where i € {1,2...5} as earlier
and j € {1,2...30}. Thus corresponding to breed BR, if the representative statistic of S is

denoted and defined as

SMFP{NM} = MEDIAN{MYY (i, )} (2.5)

then the sensitivity with respect to noisy masks is defined as
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Spi {NM}

Experiments have also been performed to observe the change in the statistic S when the
ground truth segmentation masks in Fig. 2.7 are eroded by small amounts. Thus for each
of the masks in Fig. 2.7, we generate multiple eroded masks. For any random mask selected
from Fig. 2.7, the multiple eroded masks are generated by the following procedure. After the
centroid of the original mask is located, the average radius of the mask is computed. Let this
average radius be denoted by R,,cqn. Five different disk shaped structuring elements with radius
ri =1 x 0.01 X Ryean,i € {1,2,...5} are then generated and used to erode the original mask,
thus generating five different eroded mask. Let the statistic S obtained by the application of
these eroded masks be denoted by MEE(i, j), where 4,7 € {1,2...5}. Similar to the earlier cases,

corresponding to breed BR, if the representative statistic of S is denoted and defined as

SKFP{ER} = MEDIAN{MEL i, j)} (2.7)

then the sensitivity with respect to noisy masks is defined as

Sk "{ER} I
SMED{ORIG}

The sensitivity values SENSAC, SENSMM and SENSER are tabulated in Table 2.1. The

SENSEE = |log] (2.8)

sensitivity values in Table 2.1 shows that even if the segmentation mask shrinks by a small
amount with respect to the ground truth segmentation mask, so that it does not cover any
portion of the background region, the statistic S do not change much. Thus, these values
provides a strong support in favour of our proposed adaptive ball based segmentation algorithm,
where we try to fit a circular segmentation mask with the largest possible radius so that no
part of the mask penetrates outside the muzzle contour. Also it can be observed from the
table that the sensitivity is quite high for Yorkshire as compared to the other three breeds.
This is because of the fact that the binary map contains a lot of response near the muzzle

contour, whereas there is virtually no response inside the muzzle contour. Therefore, as the
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Table 2.1: Table showing the sensitivity values of statistic S for the segmentation mask generated
using different methods as a function of the four breeds viz. DUROC(D), GHUNGROO(G), HAMP-
SHIRE(H) and YORKSHIRE(Y).

Duroc/GhungrooHampshire Yorkshire
SENSEE  10.0398] 0.0174 0.0146 0.5625
SENSNM 0.44 | 0.1298 0.2343 0.6234

SEN SChan=Vesel( 1841 0.3577 0.2619 0.7399

SENSPRLSE 101671 0.0219 0.1092 0.5208
SENSSPEEL 103661 0.1086 0.0344 0.5741

ground truth segmentation mask erodes even by a small amount it loses a significant amount
of textural details coming from the muzzle periphery and thus the S value changes by a large
amount. Moreover, these textural details on the periphery for the are not important from the
breed classification point of view. It is the internal details of the muzzle that are of paramount

importance and hence needs to be retained by the segmentation mask.

2.2 Pre-filtering operator used for contour enhancement

Orientation-specific Gabor filters have been used extensively to detect texture patterns in
literature [23,35,36]. The motive for modifying and adapting these directional Gabor filters,
with differentiation along one direction and smoothing along the orthogonal direction, was to
enhance the step edges, trapping parts of the main contour. The smooth regions are expected
to register a lower detection-score as compared to the edges. In order to enhance the muzzle
contour as compared to the smooth interior a quantized Derivative of a Gaussian (DGau)

function is presented in its discretized form as:

D(z) = —xe /79 (2.9)

Here, o is the standard deviation associated with this Gaussian and z € {—L,..,0,..., L},
with L = |30 (with | | representing the floor function). The base kernel is created by rotating
the discretized version in the X-Y plane. The kernel has two degrees of freedom: (i) Standard

deviation o associated with the differentiation process along a certain line and (ii) thickness
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t associated with a smoothing along a direction orthogonal to the orientation of the DGau
function. If §;p(m) represents the 1D Kronecker delta function and dop(m,n) represents the

2D Kronecker delta function, then they are defined as follows:

dip(m)=1ifm=0and 0" if m#0 (2.10)

dap(m,n) =11if (m = 0,n = 0) and ’0” if (m # Oorn # 0) (2.11)

Both (m,n) € Z, the set of integers. The 2D linear convolution denoted by h(x,y) between

two functions hq(x,y) and ho(z,y) is defined as:

f(xay) = hl(xhy) & h2($7y)

= Z Z hi(u, v)he(z — u,y — v) (2.12)

The proposed pre-filtering operator has two wings: one a derivative filter and the other a
smoothing filter in the orthogonal direction. This operator is obtained by a 2D linear convolu-

tion between two functions hy(x,y) and ho(x,y), defined as follows:

hi(z,y) = D(x); fory =0 (2.13)
Written compactly as,

o

hi(z,y) = Z D(u)dop(x — u,y) (2.14)

U=—00

The smoothing wing is given by:

=1
2

halw,y) = > dap(z,y —u) (2.15)

y—— (z;1)

hc,OF('Ia y) = hBASE(:L‘7 ?/) = hl ('Ia y) * hg(l’, y) (216)
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2.2 Pre-filtering operator used for contour enhancement

This is equivalent to running the first filter h; over the entire image and following it up
with hy (or vice-versa). The first filter which is the DGau filter, eliminates zones where the
intensity profile is largely homogeneous and converts step edges to thick lines. The second
filter, depending on the thickness parameter ¢, serves as a brush (whose thickness is decided by
t) in extending the impact of the directional gradient over a small neighbourhood.

Let (X,Y) be the new coordinates when the reference system is rotated in the counter-
clockwise direction by an angle 6 and let (z,y) the coordinates with respect to the original

reference system.

x = X cos(f) — Y sin(0)

y = X sin(f) + Y cos(d) (2.17)

And in this new reference frame,

heazor(x,y) = hpase(X = xcos(0) + ysin(f),Y = —xsin(f) + y cos()) (2.18)

where 6 = 120° in the above equation. A similar pattern is followed for the other function
positioned at 240 degrees. The generated plots are shown in Fig. 2.9. There are in fact three
primary, directional DGau-type filters in operation, whose results are fused using the square

energy linked relation [23]. The final texture profile is,

IF(.’L',Z/,Q) = [M(l',y) *hc[G}F(mﬁy)

T(x,y) = [Ir(z,y,0°)] + [[r(z,y, 120°)])* + [Ip(x,y, 240°))? (2.19)

In order to enhance the relevant textural details and eliminate the irrelevant ones which are
oriented along different directions, two rotated versions of the operator h.op are created. When
the orientation of this kernel is changed along the X-Y plane to 120° and 240° (Fig. 2.9), this

definition of homogeneity extends to include elimination of lines at other orientations. Curves
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can also be eliminated provided the curvatures at points where there is a change in direction

is not significant. Pores are also eliminated.

a=120" a=240"

Figure 2.9: Structure of the directional (orientation specific) DGau filters corresponding to three
different angles: 0°,120° and 2400, all with respect to the X-axis.

Figure 2.10: Toy texture patterns for testing the effectiveness of the filter chosen for analysis.

An increase in oy tends to thicken the contour profiles as the DGau function tends to
operate along the normal to the contours. To apply this design, it is recognized that the muzzle

pre-filtering procedure has two degrees of freedom:

e Standard deviation, oy The strength of the orientation specific Gabor-differentiator
can be adjusted by increasing or decreasing oy. Because of the circular symmetry of

triad-arrangement (0°,120°,240%), most line artifacts owing to the presence of hair in
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i)y o =6;t =1 j) & =5: t =3 k) o =51 =5 Iy 5 =5t =41

m) o =59; t =1 n)o =9 t =3 o) o =91t =5 plro =9t =11

Figure 2.11: Results of DGau operation for different parameter values (o¢,t) on the toy image of
Fig. 2.10. Preferred result is boxed.
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the muzzle interior can be eliminated. This triad-arrangement is fixed (inclusion of more
spokes in this wheel will only add redundancy to this form of profiling). The interior of
the muzzle has many sweat pores (in some cases covered by stunted hair), which emerge as
spikes. These spikes can be suppressed is the value of o is sufficiently large (illustrated in
Fig. 2.13 with respect to the muzzle of the Ghungroo pig in Fig. 2.12). When this DGau
is aligned with a line artefact, the line can be removed completely. But since the hair on
the muzzle may have arbitrary orientations, this line elimination is indirectly facilitated
through a projection mechanism involving three DGau along three different directions

(indicated by the filters in Fig. 2.9).

e Thickness, t The effectiveness of the brush work involved in cleaning up the interior
increases with ¢. This also increases the tolerance of the triad-DGau structure to multiple
line thicknesses, sweat pores of different sizes and arbitrary short curves. But too large
a thickness ¢ has a tendency to enhance step edges particularly in the case of breeds
which have pink-patches in the interior, such as Hampshire and Duroc. Furthermore,
this increase in ¢ may lead to an overemphasis of the contours associated with the pig’s

nostrils (which is unnecessary).

Impact of selection of the filter parameters on a toy-image containing some simple patterns
in Fig. 2.10 are shown in Fig. 2.11 for different parameter values: oy € 1,3,5,9and t € 1, 3,5, 11.
An increase in oy tends to thicken the contour profiles as the DGau function tends to operate
along the normal to the contours.

To crystallize the parameters for our breed classification problem, calibration is done with
respect the most noisy breed, which happens to be Ghungroo and then test the final set on
all. To identify the right choice of parameters, of is varied over the set {1,3,5,9} and the
thickness is varied from 1,3,5,7. The original cropped Ghungroo muzzle image is shown in
Fig. 2.12 upon which the impact of the Gabor filtering followed by the binarization procedure
is witnessed. High texture homogeneity within the Ghungroo-muzzle contour is obtained for

of =4;t > 3, as indicated in the sub-figures inside the red-rectangle in Fig. 2.13.
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2.2 Pre-filtering operator used for contour enhancement

Figure 2.12: Muzzle of Ghungroo pig for DGau pre-filtering and texture quantization.

AT P
Best L
Choices

Figure 2.13: Impact of DGau pre-filtering and texture quantization on the muzzle of a Ghungroo
pig (Fig. 2.12).
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2. Adaptive Ball Fitting Segmentation Algorithm

‘ Original manually cropped muzzle portions

@6

e

Figure 2.14: Results of adaptive circular mask generation process for pigs from different breeds.

2.3 Generation of the circular mask

Once the response of the muzzle image to the pre-filtering operator has been obtained,
the circular mask needs to be generated from this response. The centre of the circular mask
coincides with the centre of the cropped muzzle image and the radius of the circular mask is

what needs to be determined. The process starts with the computation of the global mean of

T(x,y) as

% SN T(ay) (2.20)

and the final quantized binary representation is given by,

BINrgx(z,y) =11F T(z,y) > perand 0’ otherwise (2.21)

for z,y € 1,2,..N (N = 512). Once the binary segmentation map BINypgx(oy,t) is created
for the best choice of parameters oy = 4 and ¢ = 3, two thresholds Ry and Ryrax are to
be set. Let (zs,ys) denote the set of points in BI Npgx such that, BINpgx(zs,ys) = 1 and

Ryiin < Dspr(xs,ys) < Rayax, where
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2.3 Generation of the circular mask

DSEL(mmys) = \/(xs - xc)z + (ys - yc)2 (222)

(¢, y.) being the centre of the binary map BINrgy. Then the radius of the circular mask

denoted as Ry a5y is obtained as the median over the entire set Dgpr (25, ys), i.e.

Ryask = MED]AN(DS), s e {1, 2,3, NS} (2.23)

where N; is the number of pixels in BI Npgx satisfying Ry v < Dspr(xs,ys) < Ryax. Results

of this adaptive circular mask generation process are shown in Fig. 2.14.
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(a) Duroc (b) Ghungroo (c) Hampshire (d) Yorkshire

Figure 3.1: Exemplar muzzle images from the four breeds.

Once the muzzle interior is isolated using the adaptive BALL-based segmentation algorithm
discussed in Chapter 2, measurements can be taken on both texture and colour fronts. These
measurements taken within the muzzle region are then pooled together to generate macro-
statistics which eventually form a part of the visual descriptor. While choosing these macro
statistics, it is important to ensure that numbers produced on a breed specific basis (i.e. on
conditional grounds), remain largely distinct. Exemplar muzzle images from the four different
breeds: Duroc, Ghungroo, Hampshire and Yorkshire are shown in Fig. 3.13(a-d). The colour
and texture characteristic of the muzzle for the four breeds are listed in Table 3.1. The mo-
tivation for developing the macro-statistics on the colour and texture front comes from these
characteristics listed in Table 3.1.

It is clear from Table. 3.1 that while examining breed-differences in a pairwise fashion, Ghun-
groo and Yorkshire turn out to be antipodes both with respect to colour and texture. However,
because of the dual-colouration which prevails in the case of both Duroc and Hampshire pigs,
the breed classification problem becomes tricky. In the following we discuss about the devel-
opment of texture and colour attributes and how they are coalesced to form macro-statistics

which can impart distinctiveness to each of the four breeds.
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3. Hand-crafted feature selection and adaptation

Table 3.1: Distinguishing visual parameters from the original cropped muzzle colour images (taken
from male pigs) and their corresponding GSMs.

Duroc Ghungroo Hampshire Yorkshire
Colour  [Either completely|Greyish black Dual coloured (pink|Pink
profile powdery-black or and grey)
Dual-coloured (pink
and  powdery-black
with a slight white-
tuft)
Texture [Dot pattern den-|Dot density high|Dot pattern density|Dot pattern density
profile sity  high (onlylvirtually throughoutmoderate (only overjuniformly low over
over powdery-blackithe muzzle greyish segment ofithe entire muzzle
patch) the muzzle)

3.1 Texture features

The breed characteristics mentioned in Table 3.1 provide the hint that the amount of textural

details present on the muzzle surface may serve as a distinct representation for each of the four

breeds. The contour, pore and hair follicles on the muzzle surface represent these textural

details. These textural details do not follow any particular orientation or relative positioning

with respect to each other on a breed specific basis. Only the amount of these details matter in

generating breed specific statistics. Thus, there arises a need to highlight these details. Further

quantization of this feature set will ensure robustness to image variations within a specific class.

The following are some observations regarding this textural details:

e Sweat pores are present all over the muzzle surface both on the pinkish-white regions

(present in breeds such as Hampshire, Duroc and all-pink Yorkshire), as well as the

greyish-black patches (present in breeds such as blackish-Ghungroo, dual-coloured Hamp-

shire and selectively dual-coloured Duroc).

e Hair or cilia (both prominent as well as stunted) are different for different breeds. Firstly

these are confined to the greyish-black regions and do not exist over the pink patches.

Over the greyish-black patches this density is more or less uniform and high. Hence,

Ghungroo, which is all black, exhibits a high density of pores and hair (both stunted and
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3.1 Texture features

long) all around the dial, while in the case of Yorkshire, there are no hair/stunted hair

on the muzzle surface.

The objective of any texture filter should be to produce distinct and different results/outputs
for different breeds, while swallowing the variability within the same class. The textural details
present on the muzzle surface need to be highlighted out at their corresponding location on the
muzzle surface for this purpose. There are several texture descriptors available in literature [21].
However, in order to capture the amount of textural details on the muzzle surface two texture
filters/descriptors have been used for trapping the significant portions in the muzzle region
where there are artefacts related to sweat-pores, hair, stunted hair, patch transition regions (or
contours) and in some cases wrinkles in the skin. The Gradient Significance Map [8] and the
Morphological Top-hat(THAT) [1] operators are used to generate two separate binary maps
which can then be quantized to produce what are known as patch density maps(PDMs) [8].

These two operators are discussed next.

3.1.1 Gradient Significance Map Generation

The structured artefacts present over a muzzle surface involve lines(from cilia/hair follicles),
several scattered small circles and dots(stemming from the sweat pores) and internal contours if
the muzzle is dual coloured as in the case of Hampshire and Duroc. If one deploys a conventional
discrete differentiator, then the image would become too noisy and the dot density pattern
would remain virtually uniform across all breeds. If Gaussian smoothing is combined with
discrete differentiation, then the smoothing parameter o associated with the Gaussian function
can be carefully chosen so that the finer unwanted dots and thin lines are eliminated from the
counting process. The details of this operation are explained with the help of the following
steps:

Step-1: A Gaussian smoothed derivative along the X and Y directions are computed by con-
trolling the smoothing parameter o. The discrete derivative is a discretized version of the

derivative of the zero centric Gaussian function,
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3. Hand-crafted feature selection and adaptation

— x (—x2/202)
- V2mo3/2 P
= —corexp™ /) 2 eR (3.1)

The value of standard deviation (or o) plays a crucial role in shaping the gradient profile of
the muzzle. Relatively small values of sigma would amplify sharp ciliary patterns, expiration
pores and contour boundaries. For registered and cropped images of muzzles, this value of
o would correspond to one or two pixels in resolution (leading to a derivative footprint of
approximately 60 or 6 pixels to 12 pixels respectively). Large values of ¢ would tend to iron
out the sharp details, ignoring the spot/spike introduced by the cilia/hair or even pores during
the imaging process. To preserve the internal details it is therefore advisable to select a value
of o between one and four. The question lies as to how the upper bound on ¢ is decided. For
a 512 x 512 image, the typical thickness of a cilia and the diameter of a sweat pore is around
10 — 12 pixels as observed from Fig. 3.2. So long as the length 60 is comparable with the
dimensions of the structured artefacts, the lines and sweat pores will be preserved. All other
micro-details and variations will be dissolved.

Step-2: Both the X and Y discrete kernels (K, and K,) are generated from D(x) through

sub-sampling. Thus,

K,(x =0,y =1) = D(i), fori==-M,—(M —1),..,0,....., (M = 1), M
where, M = floor[3c]K,(x,y) = Oelsewhere

andK,(z,y) = K,(y, x) (3.2)

Step-3: If Cprzz is one of the snout/muzzle color images as seen above and Iz the intensity

pattern of the muzzle, the intensity profile is derived from the RGB palette as follows:

Inuzz = 0.3CR 4+ 0.587C¢ + 0.114Cp (3.3)
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3.1 Texture features

Enlarged view of
the same patch.

L. L g
=8 Diameter 10-13

pixels.
q\- = -._ -

=

Corresponding
portion from the
GSM.

Approximately 80
pixels in length and
breadth.

Figure 3.2: Figure showing the approximate dimensions of pores and cilia on the muzzle surface.

where, Cr, Cg and Cp represent the red, green and blue channel profiles of the muzzle color
image.

Step-4: If Inpz2(i,j) represents the intensity level at pixel location (7, ) ,the X and Y gra-
dient profiles are computed at each pixel after the image is zero padded on all sides, as a two

dimensional convolution process:

M M
Gm(luj) = Z Z Kx(u7 U)IMUZZ<i - uaj - U) = IMUZZ(pad)<i7j) * Kx(lvj)
u=—M v=—M
M M

Gy(i.5) = > > Ky(uw,v)yuzz(i —u,j —v) = Invzzpan (i) * K,(6,5)  (34)

u=—M v=—M
where the " operator here represents 2D discrete space convolution.

Step-5: The magnitude of the smoothed gradient is computed at each pixel as:

Ma(i, j) = [ Gali, )2 + Gy (i, )2 (3.5)

Step-6: The mean over all the gradient values is computed as:

o = 3 2 3 Mo ) (36)
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3. Hand-crafted feature selection and adaptation

where, N1 X Ny is the size of each snout image.
Step-7: Generate a normalized gradient profile by dividing gradient magnitude profile by the

mean gradient pg
MG (Za j)

. (3.7)

Memorm) (i, j) =
Step 8: A significance map is constructed by thresholding the normalized gradient profile. This
significance map is a binary map and the threshold value d¢, is chosen as UNITY. Any pixel
which exhibits a normalized gradient value larger than ONE is set to ONE and the others are
set to zero. The reason for this is because we are interested only in the points or locations where
the gradient values which have some significance (hence the baseline threshold is chosen as the
one because all the gradient values are normalized with respect to the mean). This ensures
that the threshold remains content adaptive and rides with variations in contrast, illumination
changes, variations induced because of erroneous de-focussing of the muzzle by the camera.
This significance map is represented by a binary image of size Ny * Ns,

1 MG(norm)<i7j) > 6G
BMgsn (i, 5) = (3.8)

0 otherwise

This binary map BMgsys thus generated is termed as the Gradient Significance Map(GSM).
Fig. 3.3, shows the muzzle profile of one of the pigs and the corresponding GSM.

If the threshold dg is too small, there will be an uncontrolled classification of pixels as
significant ones and almost all binary images irrespective of their breed will appear the same
as in Fig. 3.4(b). One the other hand if d¢ is too large, very little detail will be captured and
once again all the density images will begin to appear the same, irrespective of their breed as in
Fig. 3.4(d). To facilitate sufficient base feature separation by an accurate representation of the
concentration of pores and cilia on the muzzle, this threshold is set to an in-between value ’1’
(Fig. 3.4(c)). This binary map which we term as the GSM thus generated serves as the primary

feature map from which suitable statistics need to be extracted out for breed segregation.
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3.1 Texture features

Note density of =
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Figure 3.3: Muzzle image and binarized gradient profile.

(a) Muzzle images from the four breeds
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(b) Gradient Sighiﬁcance Map obtained with 3 " 0.25

t Significance Map obtainéﬂ with § o7 1
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(d) Gradient Signiﬁcance Map obtained with § " 2

Figure 3.4: Effect of )¢ on the Gradient Significance Map.
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3. Hand-crafted feature selection and adaptation

3.1.2 Localized Texture Profiling and Maximum Likelihood Infer-
encing.

To demonstrate the efficacy of the GSM obtained using the Derivative of Gaussian operator
as described in Section 3.1.1 towards breed classification, a formulation is shown where an
attempt has been made to extract secondary statistics from the GSM based on a conjecture
which is called as the patch diversity conjecture and use these statistics for classification. It is
mentioned as follows:

Patch diversity conjecture: The patch density profile is expected to be a function of the
environment in which these animals are reared and is therefore expected to vary from breed to
breed. More importantly the density maps derived from different spatial locations are expected
to be different. It is precisely this diversity in these patch distributions that we wish to use for

our final inferencing and decision making procedure related to breed identification.

Pixel info: (301, 320) 1

Figure 3.5: Division of the GSM into patches and the corresponding patch statistic.

The distribution of textural patterns on the muzzle surface for the different breeds have
been observed to follow a pattern. Ghungroo has uniformly high textural density all around
the muzzle, whereas Yorkshire has uniformly low textural density throughout. For Hampshire,
the textural density is uniformly low in locations of the pink patch and relatively high in

other zones. In the case of Duroc, if the muzzle region has no pink patch, then the texture
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3.1 Texture features

is uniformly moderate all around; else for dual-coloured muzzle images, the textural density
follows a similar pattern as Hampshire. To extract location specific statistics related to density
of textural profile, the GSMs are first divided into equal sized patches as shown in Fig. 3.5. The
statistic calculated for each patch is the percentage of significant pixels in that patch. Thus, if
the patch size is m x n and n, is the no. of significant pixels in that patch as obtained from

the GSM, then the corresponding patch statistic as obtained from the GSM is

Z(i,j)epatch BMGSM (Z, j)
mn

S(patch) =

x 100% (3.9)

In order to verify the Patch diversity conjecture mentioned above, an experiment was
carried out with a database of 311 muzzle prints corresponding to 30 animals across four breeds
(Duroc, Ghungroo, Hampshire and Yorkshire). There were around 8 to 15 muzzle variations
from each animal. Duroc and Ghungroo had six animals in their set while Hampshire and
Yorkshire had 9 animals each. The muzzle images were taken with a high resolution hand-held
camera with another person holding the nose of the pig tightly to avoid excessive blurring of
the image due to relative motion between the camera and muzzle surface.

First the RGB colored image is converted to gray scale, resized to 1000 x 1000 and then
the GSM was constructed. Square patches were prepared for analysis. Let Np be the length
associated with this square patch. Regarding the patch size Np, if the patch size is too small,
it will make the patch statistic too sensitive to camera panning and pig head movement (pose
variation) and illumination changes, during image acquisition. On the other hand, large patch
sizes are not desirable because variation of the textural density as a function of location on
the muzzle surface is lost as a result. As a trade-off, we begin with a patch size of Np = 250
resulting in a 4 x 4 grid with 16 patches. From these 16 patches, effectively 14 patches were
analysed as the patches from the top-left and the top-right were left out of the analysis owing
to background interference. One of the reasons for choosing a rectangular grid arrangement of
patches was because the muzzle movement was insignificant and subsequently rotational effects
and perspective differences were low. Thus the views were largely front on for a majority of

the snapshots.
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3. Hand-crafted feature selection and adaptation

3.1.2.1 Training procedure

This training phase was set-up as follows:

e Using the proposed feature extraction algorithm the patch density statistics were com-
puted for every muzzle image within the training set, which comprised of 159 muzzle
prints (out of a total of 311 muzzle images) coming from 30 different animals across four
breeds. The patch statistics were computed for a patch size of 25% (viz. the muzzle

prints were split into 4 x 4 grids).

e Thus each print was mapped to a 4 x 4 matrix:

S11(k) Sia(k) Sis(k) Sia(k)

P (lmoge — K)m So1(k) Saa(k) Sa(k) Sau(k) (3.10)
Sz1(k) Ssa(k) Ssz(k) Ssa(k)
Su1(k) Sao(k) Siz(k) Sa(k)

with S;;(k) € [0, 1] indicating the fraction of significant points in patch located at position

(1,7) and i,j € {1,2,3,4} corresponding to Pig-k.

e From the Ny = 159, training muzzle prints across four breeds, the 4 x 4 patch matrices

for each breed were concatenated.

DUROC, = {D17D27""7DND}
GHUNG; = {G},Gy,...,Gn.}
HAMP; = {H,,H,, ... Hy,}

YORK; = {Y.,Ys ....Yy,} (3.11)
Wlth, ND+Ng+NH+Ny:NT: 159.

e If BR; corresponds to a patch matrix from PIG-k in breed type BR, this can be written
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3.1 Texture features

down as,

S11(BRy,

BR, = (3.12)

S31(BRy

(BRy) Si2(BRi) Si3(BR) Siu(BRy)
So1(BRy) Sa(BRy) S3(BRy) Sau(BRy)
(BRy) Ss2(BRi) Ss3(BRk) Ssi(BRy)
Si(BRy) Si(BRi) Sis(BRy) Su(BRy)
where, S;;(BRy) € [0,1]. All the patch statistics from a breed corresponding to a spatial
index (i,j) were concatenated to create a location specific conditional histogram. For
instance the conditional histograms for patch location (i,7) € {1,2,3,4} for the four
breeds can be created by first sorting the values from the patch statistics (from a specific

breed), in ascending order and then binning the count of the values falling within a fixed

range. If M is the number of histogram bins, this process is represented as follows:

%Sij/DUROC(x) == BINM [SOTt ({Sij(Dl)aSij(D2)7a""aSij(DND)})]
%Sij/GHUNg(x) = BINM [SO’T’t ({Sij<G1),Sij(G2>,,....,Sij(GNG)})]
fs,/mamp(®) = BINy [Sort ({Si;(H1), Si(Ha),, sy Sij(Hny)})]

%Sij/YORK(x) = B[NM[SOTt({Sij<m),Sij(}é)v7""’Sij(YNY)})]

where, Sort(.) sorts the array of scalars in the ASCENDING order and BIN,,(.) generates

the fractional count of values in M equi-spaced bins over the range [0, 1].

e To ensure there is some form of a polynomial fit for the histograms, the Gaussian density

function, which has two degrees of freedom, has been chosen as a reference:

fs,;/Br(T) = e 27 (3.13)

with, BR € {DUROC, GHUNG, HAMP, YORK}. In the training phase, we learn the
parameters of this Gaussian fit i.e u, 0. A plot of all the learnt Gaussian distributions are
shown in Fig. 3.6. Note each subfigure in the set (a to n) comprises of a parametric fit
for each of the four histograms corresponding to a specific patch location (i, j) with patch

locations (1,1) and (1,4) not considered on account of extreme background information
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3. Hand-crafted feature selection and adaptation
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Figure 3.6: Patchwise conditional densities for each of the four breeds: .

and irrelevant details.

The following are some observations regarding the sub-figures:

Sub-figures Fig. 3.6(a,b) still show considerable overlap in the conditional density func-
tions on account of prevalent background information in all the patches extracted from

these two spatial locations irrespective of the breed-type.

A clear discrimination between the conditional densities begins with sub-figure(c) and

continues all the way to sub-figure (n).

As predicted by the patch density conjecture, since Yorkshire has been reared in colder
areas, the fraction of significant points corresponding to pores and cilia is much smaller
as compared to the other breeds (corroborated by Fig. 3.6(g,h)). This is depicted by the
'black’ conditional density function in Fig. 3.6((g,h,k,n), which has the smallest mean in

almost all the patches.

On the other hand because of the high density of pores and cilia for Ghungroo, the
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3.1 Texture features

conditional mean is much higher than the other breeds for most of the patches (Green

Gaussian curve in Fig. 3.6(d,e,f,g,h,]) and corroborated by Fig. 3.6(c,d)).
3.1.2.2 Testing and Inferencing procedure

When a query muzzle template is supplied to this spatial conditional patch distribution
model, the statistics related to the density of textural details across different patches are first
computed according to ( 3.9).

Thus, this query muzzle print becomes a 14-point vector:

Q = [(J1,27 q1,3,92,1, 92,2, 92,3, 92,4, 43,1,

43,2,43,3, 43,4, 94,1, 94,2, 44,3, Q4,4] (3-14)

The patchwise inferencing is done as follows: For each patch corresponding to the spatial
location (i, j), the breed with which the corresponding query patch is most closely associated

is extracted through a simple MAXIMAL LIKELIHOOD test.

BRq(i,j) = ARGBJI}{[AX {fs.,/pur0c(@i5), £s,; jcruna (@) £s,y ym amip(Gis), £s., v ori (ai5) }
(3.15)

where, BR € {DUROC,GHUNG, HAMP,YORK?}. The overall association of the query
vector with one of the breeds is obtained by taking a MAJORITY VOTE across all patch

decisions:
BRG(FINAL) = MAJORITYyvorg |BRg(1,2), BRo(1,3), BRo(2,1), ..., BRo(4,4)| (3.16)

If BRo(FINAL) is the same as the original breed, then the query has been IDENTIFIED
correctly, otherwise there is a mis-classification. For testing: 29 muzzle prints from Duroc, 34
from Ghungroo, 45 from Hampshire and 44 from Yorkshire were deployed out of the total of 311
and the number of correct detections were noted in Table. 3.2. Since Yorkshire demonstrated a
low conditional mean and a small variance across most patches, as expected the classification

percentage was high (100%).
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3. Hand-crafted feature selection and adaptation

Table 3.2: Results of the breed classification algorithm with patch size Np = 250

Breed Classification Accuracy
Duroc 75.86%
Ghungroo 70.59%
Hampshire 57.78%
Yorkshire 100%

Table 3.3: Confusion matrix associated with the breed classification algorithm: patch size set as
Np = 250. Ideally the diagonal elements must be as close to ’1’ as possible.

Duroc | Ghungroo | Hampshire | Yorkshire
Duroc | 22/20 | 5/29 1/29 1/29
Ghungroo | 4/34 24/34 6/34 0
Hampshire | 4/45 7/45 26/45 8/45
Yorkshire 0 0 0 44/44

Duroc and Ghungroo showed moderate classification (slightly poorer) results of 75% and
70% respectively, as the variances in their conditional density functions were larger leading
to a significant overlap in the functions. Since Duroc, Ghungroo and Hampshire all have
partial white patches in some pigs, Duroc tends to be confused for Ghungroo and Hampshire
(Ghungroo higher, because of the similarity in the contour and overall muzzle structure) and
Yorshire (least), while, Ghungroo tends to be confused for Duroc and Hampshire (both high)
and Yorkshire (least). This can be witnessed in the confusion matrix Table. 3.3.

Hampshire shows the worst classification result of 58% as the location and size of the internal
pink patch is arbitrary as shown in Fig. 3.7.Since the pink patch location and sizes are arbitrary,
misclassification as either Ghungroo or Yorkshire is equally possible as is also evident from the
confusion matrix in Table 3.3. This result also justifies the need for a colour descriptor.

Thus the secondary statistics derived from the GSM are reasonably effective in segregating
the breeds. Apart from Hampshire, the classification accuracy for the other three breeds have
crossed 70% mark which is a fairly encouraging result obtained using a single type of texture

operator. Even for Hampshire, the classification accuracy is more than 50% which is better

than a random guess. In the following, one more texture descriptor based on the Morphological
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Figure 3.7: Texture density variation patch-wise for two different Hampshire pigs.

Tophat operator is discussed followed by the colour features.

3.1.3 Morphological Top-hat operator

The morphological Top-hat transformation (7'H AT') operator is applied on the gray scale
muzzle image and the response is then thresholded to obtain another binary map similar to the

GSM. The morphological Top-hat transformation operator is defined as

f=f—(fon) (3.17)
where f is the gray scale muzzle image, b is the structuring element and (f o b) denotes the

morphological opening operation of f by b. The response Tjq(f) generated in ( 3.17) is then

thresholded with respect to a preset threshold T'H to generate a binary map BMpyar, i.e.
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Figure 3.8: Illustration of the morphological Top-hat transformation process [1]. Here, the morpho-
logical top-hat transformation is being carried out on a signal in R! with a line structuring element.The
top figure shows the structuring element sliding underneath the signal to perform the morphological
opening operation. The middle figure shows the signal after the opening operation has been done on
it. The bottom figure is the difference between the original signal and the opened signal to obtain the
Top-hat transformed signal.

1 f(i,j) >TH
BMryar(i,j) = (3.18)
0 otherwise
The morphological Top-hat transformation operator is used to highlight bright objects in
dark background. Most of the textural details viz. the pores and hair follicles are distributed
in the greyish region of the muzzle, which make them appear like bright objects embedded
in a relatively darker background. This provides the motivation to use this operator, so that
hair follicles and pores are exclusively picked up rejecting irrelevant details like the contour
separating the grey region from the pink in the case of certain breeds such as Duroc and
Hampshire.

The process of working of the morphological Top-hat transformation operator is shown in

Fig. 3.8. In the case of intensity images, the morphological top-hat operator is expected to
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3.1 Texture features

highlight discontinuities having finite width at least along one of the direction. This includes
structures such as points, roof edges and line edges. The hair follicles and pores on the muzzle
surface fall under these category of structures. The dimensions of the structuring element is
crucial in this regard. The structuring element should be larger in dimension as compared to
the object to be highlighted. This operator when applied on the muzzle images highlight only
the hair follicles and pores on the surface. This property is particularly useful for segregating
Ghungroo from the other three breeds. As discussed earlier Ghungroo has the highest amount
of hair follicles and pores among all the four breeds and so our interest lies in highlighting these
details only in the binary map. If the Derivative of Gaussian operator is applied, the contour of
the muzzle boundary along with the line separating the pink and grey region (for Hampshires
and Duroc) also gets manifested as foreground pixel in the GSM. This acts as a hindrance in
the segregation of Ghungroo from the rest. The binary maps BMggy and BMypyar generated
using the Derivative of Gaussian and the Morphological Top-hat operator are shown in Fig. 3.9.
The muzzle image in the top row corresponds to a Ghungroo muzzle image while the muzzle
image in the bottom row corresponds to a Hampshire muzzle image. By comparing columns
(b) and (c) for the Hampshire muzzle image in the second row it can be clearly seen that the
boundary separating the grey and pink region gives a strong response in BMgsys when the
Derivative of Gaussian operator is used. However, this boundary does not appear in the binary

map BMTHAT-

3.1.4 Arriving at a Stable Texture Descriptor for each Muzzle Im-
age.

The classification acccuracies obtained for the four breeds using the Patch Diversity Con-
jecture mentioned in Section 3.1.2 were relatively low for all the breeds except Yorkshire, and
for Hampshire in particular it was extremely low. This is because of the inherent flaw in the
Patch Diversity Conjecture which assumes that the density maps at different spatial locations
are expected to be different for all the breeds. However, this conjecture is highly invalid for dual

coloured muzzle like Hampshire, where the location and size of the pink patch is arbitrary as
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3. Hand-crafted feature selection and adaptation

Figure 3.9: Illustration of the details extracted out in BMgsyr and BMpgar. Column (a) shows two
different muzzle images. Column (b) shows their corresponding binary map BMgg)s extracted using
the Derivative of Gaussian operator. Column (c) shows their corresponding binary map BMr7mar
extracted using the Morphological Top-hat operator.

shown with the help of the example in Fig. 3.7. Thus, it becomes necessary to arrive at a more
stable texture descriptor which is robust to these variation of textural density with location on
the muzzle surface. The binary maps BMgsy and BMpgar are significance maps which can
then be quantized to produce what are known as patch density maps(PDMs) [8]. A binary sig-
nificance map (either BMggsy or BMrgar), is split into four equal quadrants and the fraction
of white/significant pixels are counted and recorded in each quadrant. Fig. 3.10(a) shows the
muzzle of a Hampshire pig and Fig. 3.10(b,c) shows the differential information obtained from
the significance maps with respect to BMgsy and BMypyar along with the quadrant PDM
scores. The contour present in the interior, because of the pink patch in the Hampshire pig, is
picked up by the Derivative of Gaussian operator but not by the Morphological Top-hat oper-
ator. This distinction becomes useful while segregating certain breeds with respect to others

in the texture domain.
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Figure 3.10: Patch related texture variations seen in a Hampshire pig.

The significance map BMggys is a function of the standard deviation parameter (orgy)

associated with the Derivative of Gaussian operator, while the Morphological Top-hat operator

is primarily a function of the radius of the structuring element r. It has been observed [8] that

a small value of orpx tends to enhance the noise leaking into the feature calculation, while

a large value suppresses key internal details on the muzzle’s surface. For the morphological

Top-hat operator, the dimension of the structuring element must be carefully selected [1]. The

main objective of using this operator is to enhance fine details like the hair follicles and pores on

the muzzle surface, while filtering out the coarse details. Hence, a structuring element with a

small dimension is desirable. The corresponding quadrant-wise density feature vectors, related

to the binary maps BMgsy and BMpyar are respectively given by,
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3. Hand-crafted feature selection and adaptation

QGSM(UTEX) = [p17p2,p3,p4]

QTHAT(T) = [Q1> 42, 43, (]4] (3-19)

where, p;,q; € [0,1] and ¢ € {1,2,3,4}. With reference to the size of the patches described
by the parameter Np in Section 3.1.2, it is to be noted that Np has been set to 50% of the
image dimensions for evaluating the density feature vectors Qgsy and Qrgar in contrast to
Np being set as 25% of image dimensions in Section 3.1.2. This increase in the patch size has
been done to mitigate the variability, particularly in dual coloured Hampshire and Duroc pigs.
In the case of the Hampshire pig, owing to the presence of the pink-patch, there is a prominent
internal contour which is picked up in BMggys but suppressed in BMryar. Thus the texture
filter outputs are different for Hampshire (Fig. 3.11). The lack of details within the pinkish-
white patch in the Hampshire pig is demonstrated in Fig. 3.10(d,e,f). Much of the details (dot,

blob, line and curve artifacts) are concentrated over the greyish-black zone, Fig. 3.10(g,h,i). To

AN

f *'m\g

&

a) MUZZLE of HAMSHIRE PIG b) GSM with e = 1 ¢) TOP-HAT mapping

Note prominence of internal contour linked Contour has been dissolved

fo the pinkish-white patch

Figure 3.11: Texture profile and patch density scores for a Hampshire pig.

account for the overall density scores over the four quadrants, two mean parameters have been

derived from the BMgsy and BMpyar quadrant density scores.

P1+ P2+ Pp3+ps

Hesm = 1
1+ G+qtq
HTHAT Sl 1 S (3.20)
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3.1 Texture features

The final texture feature vector is a 10-dimensional vector, a function of two primary parame-

ters: orpx from the GSM and structural elemental radius r for the top-hat operator.

fTEX(UTEX7 T) = [p17p27p37p47 41,492,493, 44, LGSM, /vLTHAT] (321)

With respect to the attributes in the texture feature vector frex(orgx,r), the following
trends are anticipated in the case of the four breeds: For Yorkshire, all the attributes are
expected to have low values, while for Ghungroo all of them are expected to be high. For
Hampshire, any two or three out of four values are expected to be low and means are expected
to be moderate. In the case of Duroc, if the muzzle is dual coloured the attributes are expected
to follow the same trend as Hampshire, while for Duroc muzzle images which are not dual
coloured, all the attributes including the means are expected to have moderate values. To
verify the robustness and distinctiveness characteristic of this feature vector, muzzle images
of 20 pigs (five per breed), were chosen for the experiment. The four breeds were Duroc,
Ghungroo, Hampshire and Yorkshire. The Gaussian gradient parameter orgx was varied over
the range of orgpx € {2,4,6,8,10} and the radius of the top-hat structuring element was varied
asr € {2,3,5,7,9}.

In order to assess the performance of the texture feature as a function of the smoothing
parameter from the Derivative of Gaussian (orpy) and radius of the structuring element(r)
from the Morphological Top-hat operator, the overall separability across breeds for different
parameter settings was computed. This was done using a metric based on the Mahalanobis
distance [37] for measuring cluster/class separability. Five muzzle images selected from five
different pigs per breed were chosen for this purpose; leading to four different sets of feature
vectors. Let BRy,BR,, BRs and BR, represent the four breeds/clusters. Then dyp)(j) is
chosen to be the Mahalanobis distance from the centroid of the cluster BR; to cluster BR;.
First, the distance of breed BR; from each of BR,, BR3 and BR, is measured individually.

The overall distance of BR; (denoted by JMD(U) from the other three classes is the mean of
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3. Hand-crafted feature selection and adaptation

Table 3.4: Separation scores for the composite texture feature for different values of orpx (GSM-
operator) and different radii 7(THAT [1] morphological operator).

r=2|r=8|r=58|r=7|r=9
orgx = 2 |31.50 |45.04 |[39.33 |35.57 |35.77
orpx =4 |43.77 |52.41 4141 |35.94 |35.65
orgx = 6 4430 |51.77 |41.18 | 3543 | 36.68
orex = 8 [41.33 |49.59 |40.47 |34.80 |37.08
orgx = 10 | 36.73 | 46.37 |37.92 |3227 |34.78

the individual distances of BR; from the other three classes, i.e.,

In a similar manner, distances d,, D) dy p(3) and dy p) are measured. The overall separation

between the four breed datasets is the mean over those four scores.

JMD(l) + JMD(z) + CZMD(3) + CZMD(4)

SM(UTEx,T') = 1

(3.23)

From the separation scores produced in Table. 3.4, orpx = 4 and r = 3 are obtained as the best
parameter set for extraction of robust texture features. The corresponding t-SNE [38] map
which brings out the feature separability across breeds for the optimal parameter set orpx = 4

and r = 3 from Table. 3.4 is shown in Fig. 3.12.

3.2 Colour features

As mentioned earlier in Chapter 1, the motivation for the use of colour descriptors come
from the observation that there is some distinctiveness in the colour profile between the various
breeds. While Ghungroo muzzle images are fully greyish black in colour, Yorkshire muzzle
images are fully pink in colour. Hampshire muzzle images are dual coloured. Some of the
Duroc muzzle images have a colour profile similar to that of Hampshire, while others have a
powdery black colour. Also, it has been observed that the texture descriptors are not sufficient
to segregate the breeds. For example, some of the Hampshire muzzle images have a very large

pink region with the muzzle, because of which the texture profile appears similar to Yorkshire.
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Figure 3.12: t-SNE map of the texture feature set.

On the other hand, Hampshire also shares similar texture profile with some of the Duroc pigs.
In a very few cases, some of the Duroc pigs have texture profile similar to that of Ghungroo.
Thus, there arises the need for colour descriptors to increase the separability between the breeds
in feature space for such cases. Depending on the positioning of the light source and the manner
in which the pig’s snout is being held, there will be significant illumination variations across pigs
from the same breed. This results in considerable intra-class variability. To ensure a robust
colourimetric analysis, the luminance component must be segregated from the chrominance
part and thus the image must be first converted from RGB space to another appropriate colour
space. The luminance component gets decoupled from the chromatic part when the image is
analyzed in the YCbCr space, making the Chromatic components (Cj, and C,.) independent of
the local illumination profile and variations as shown in [39]. Some muzzle samples from the
four breeds (corresponding to 4 x 2 = 8 different pigs: two per breed), are reproduced here

in Fig.3.13 for convenience, with the photographs taken under natural lighting conditions (viz.
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3. Hand-crafted feature selection and adaptation

in a shed in broad daylight). The development of the proposed colour descriptor based on a

2-dimensional histogram over the chrominance space (or Cj, — C,-space), is discussed.

N

(a) Duroc (b) Ghungroo (c) Hampshire (d) Yorkshire

Figure 3.13: Exemplar muzzle images from the four breeds.

3.2.1 Primary Colour Feature Map Obtained from Cj,— () histogram

It was summarized in Table. 3.1, that the colour composition of the muzzle surface shows
some distinctiveness for the four breeds: Duroc, Ghungroo, Hampshire and Yorkshire. Exam-
ples of intra-class variability as well as breed separability with respect to colour can be observed
in Fig. 3.13. In some cases, the muzzle of Duroc carries a pinkish-white patch (whose size and
position is un-predictable). Hampshire male pigs on the other hand show a strong and con-
sistent pink-patch presence (again the size and position of the patch is variable, but generally
found much larger than the ones found in the odd Duroc pig). Yorkshire pig-muzzles are com-
pletely pink in colour, which makes them easily identifiable and separable from pure-greyish
black Ghungroo pigs. The main confusion thus arises between Duroc and Hampshire both with
respect to colour and texture. In the colourimetric part of the Y — Cy,— C,. space, this separation
can be tapped statistically via C, — C,. histograms (Fig. 3.14 (third and fourth rows)). It is

evident from row-4 (top-view of the C, — C,. histograms), that the chromatic-centroids of Duroc,
TH-3084_166102007
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3.2 Colour features

Ghungroo, Hampshire and Yorkshire are all distinct (Fig. 3.14, fourth row). The footprints of
the histograms in the (a-b) space are much larger for Duroc, Hampshire and Yorkshire as com-
pared to Ghungroo. The colour diversity is much less in the case of Ghungroo and maximum
for Duroc (Fig. 3.14, fourth row). Thus, there are distinct features in this histogram for all the
four breeds, which qualifies this primary feature as a robust yet distinctive colour descriptor
for breed-segregation.

Colour measurements were taken from the muzzle surface only over the region defined by the
mask. Thus, given a muzzle image, the following dataset associated with chroma measurements
in C, — C, space, was generated from the region defined by the mask: CDATApicpr =
{(uy,v1), (ug,va), ....(un, v,) }, with n being the number of data-points picked picked from this
region. The muzzle images were resized to 512 x 512 and all points within the circular mask
were considered for the 2D histogram generation and colourimetric analysis. Robust statistics
from this histogram such as, marginal and joint moments, secondary statistics such as Sarle’s
bimodality coefficient [22], both at a 1-D level and also at a 2-D level with the assumption of
independence were computed. All the moments were normalized with respect to the standard
deviations in both the dimensions (Cj, C,.).

Let fy(u,v) denote the 2-dimensional normalized histogram associated with the chromatic-
components (Cy, C;.) linked to the muzzle-colour profile of a particular pig belonging to a certain
breed BR, where BR € {1,2,3,4}. This in essence is a 4-class classification problem where
class-1 corresponds to the Duroc breed of pigs, class-2 to Ghungroo, class-3 to Hampshire and
class-4 to Yorkshire. Here the variables @ and v takes the C}, and C) values respectively of
a particular pixel. The ordered pair (u,0) € Zg X Zg, where Zg = {—128, —127,...,128}. If
(ui, v3),i = 1,2, ....,n denote the (Cy, C,.) values of the n randomly selected pixels in the region
defined by the circular mask, then fy(@,?) is defined as the total number of pixels having a

quantized (C, — C,.) pairing of (a,?)

Fr(,0) = bap(it — u;, 0 — v;) (3.24)
=1
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3. Hand-crafted feature selection and adaptation

Since fy(@,?) is a 2-dimensional histogram, hence it has the following properties:
1 i
0< (—) fu(,7) <1
n

(%) f f i) =1 (3.25)

u=—128 v=—128
3.2.2 Secondary Features Extracted from the Cj, — C, histogram

The statistics computed on this sub-sampled dataset tend to characterize the histograms
seen in Fig. 3.14. Of interest are the following parameters: (P1) Bi-modality Index [22]: In
breeds like Hampshire and Duroc, muzzles tend to show a pink patch and the rest of the muzzle
is either greyish-black or powdery-black. Thus the histograms in these two cases tend to be
of a bi-modal nature(if a pink patch is indeed present in the Duroc pig). This bi-modality,
reflects as a heavy-tailed distribution and hence as per the literature [22], can be trapped using
a combination of the Skewness and Kurtosis. Extension to 2-dimensional data is done here
based on certain assumptions; (P2) Centroid: Mean vector associated with the chroma-pair
(Cy, C,). Since the muzzle is black for Ghungroo, weighted combination of black and pink
for Hampshire, pink for Yorkshire and selective weighting (black,pink) for Duroc, hence the
centroids are definitely expected to be distinct for these breeds; (P3) Footprint of the distribu-
tion: This is obtained through a principal component analysis (PCA), over the chroma-space.
The eigen-vectors of the covariance matrix obtained from the data gives the principal compo-
nents and the corresponding eigen-values represent the variance of the data along each of these
components. Thus the square-root of the product of the eigenvalues is expected to provide
an estimate of the footprint of the distribution; (P4) Skewness and Kurtosis of both the C,
and C, data (to be used for computing the composite bi-modal index assuming independence
of the colour-channels). The corresponding equations for parameters P1, P2, P3 and P4 are

constructed in the following way:

First the marginal means of the respective chromatic components C, and C,. are computed

to generate the centroid of the distribution:
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ney, = %Zuz
i=1
Ue, = 1 zn:vi (3.26)

n
i=1

Then the Kurtosis and Skewness measures for the respective chromatic components Cj and

C, were computed as,

% Z?:l(ui - ,ucb)s
(2 20 (i — iy
% Z?:1<ui _ p“Cb)4
(% Z?zl(ui - ch)2)2

In a similar fashion SK EW¢, and KU RT¢, are computed. Based on Sarle’s proposition [40],

SKEWg, =

KURTe, = (3.27)

bi-modality can be predicted using the heavy tailed nature of the respective chroma marginal
probability distributions, which in turn reflects in the higher order moments: Skewness and

Kurtosis. This Bi-modality index can be computed for the respective chromatic components

Cp and C, as,

1+ SKEW
BIMg, = ——— % 2
@ KURT, (3:28)

with a similar form for the C)-component, BI M¢.. Assuming independence of the chromatic
components (3, and C,., a 2D bi-modality coefficient approximation can be generated as a

geometric mean of the bi-modality coefficients of C, and C.,

BIMpp@p) = v/ BIMc, x BIM, (3.29)

To establish the size of the footprint of the joint Cj, — C, probability distribution, a PCA
analysis is done to compute the eigenvalues \; and \,. The eigenvectors are discarded as they
are expected to be data-sensitive but the eigenvalues are retained. Let the data-vector be

0; = [u;, v;)7 and the centroid vopy = [ue,, pc, |’ First the colour covariance matrix over the
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Cy, — C). space is computed as:

n

1
Sc,c, = - Z(@z — veen) (U — vepn)" (3.30)

i=1

Let the eigen-decomposition of this matrix be,
Se,e, = VDV (3.31)

where, D is a diagonal eigenvalue matrix comprising of two eigenvalues: A; and As. The

footprint of the joint probability distribution can be approximated as,

FOOTCbCT =V )\1 X )\2 (332)

The skew associated with this footprint, about the eigen-directions can be quantified as,

MIN(A, )

FOOT = L2l
SEEW = MAX (A1, A2)

(3.33)

The final colour descriptor or feature vector is given by this seven-dimensional vector:
feoror = [cdy, cdy, cds, edy, cds, cdg, cd7]. Here, cdy = pe,, cda = pe,, cds = BIMe,, cdy =
BIMec,, cds = BIMapp@p), cds = FOOT¢,c,, and cd; = FOOTskgw. The t-SNE map [38],
which is indication of the extent of feature separability across these four breeds is shown in
Fig. 3.15. It can be observed from the t-SNE map that most of the feature vectors from Ghun-
groo are well separated out from the others and form a distinct cluster. There are however some
Ghungroo muzzle images which have a colour profile very similar to that of Duroc, due to some
of the muzzle images from both the breeds having common shades of grey. Duroc also has some
similarity with Hampshire, due to some of Duroc pigs having dual coloured muzzle like that of
Hampshire. On the other hand, it can be seen that there is some similarity between Hampshire
and Yorkshire muzzle images as well. This is because, some of the Hampshire muzzle images
have a significantly large pink area within the muzzle region which makes it appear very similar
to Yorkshire. Also in some of the Yorkshire muzzle images, due to heavy specular reflection,

the entire pink region is not properly picked up/represented by the colour features.
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Figure 3.15: 2-dimensional t-SNE map for colour.
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Since Yorkshire has no texture and some
DUROC pigs have a smnnth muzzle in the
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Figure 4.1: Figure highlighting the separability between the breeds in the colour and texture domain.

The feature vectors extracted from the colour and texture descriptors are not strong enough
individually to provide segregation between all the breeds. As mentioned earlier in Table 1.2,
the different breeds cannot be separated from each other using a single feature type and this
can be verified from the t-SNE plots of colour and texture features in Fig. 4.1. From this figure,
it can be observed that Duroc and Ghungroo have considerable overlap in the texture domain,
however, they are better separated in the colour domain. Ghungroo is well separated from
Hampshire in colour domain, but in texture domain, the two clusters are close to each other.
Also, because a very few of the Duroc pigs have a smooth muzzle, they overlap with Yorkshire
in the texture domain but they are far apart in the colour domain. Thus a single feature-type
is not sufficient to segregate all the breeds in feature space.

Fig. 4.2 identifies specific patterns of feature vector distribution in feature space due to
which standard classifiers like SVM, nearest neighbour algorithms are expected to perform
poorly. In the texture feature space, Duroc and Ghungroo cannot be separated with SVM

classifier because the feature vectors from Duroc are highly scattered in feature space and there
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kNN and kNN-type algorithms can be used
to resolve the clusters locally.
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Figure 4.2: Figure showing certain patterns in the distribution of feature vectors in feature space
which can affect the performance of standard classifiers.

is considerable overlap between the two classes. Even nearest neighbour algorithms are also not
expected to perform well under such cases. This same situation is observed in the colour feature
space between the two breeds Duroc and Hampshire. Thus it is not possible to separate out all
the breeds in any single feature space using standard classifiers like SVM or the class of nearest
neighbour algorithms. The combination of colour and texture features increases the separability
between breeds only if there is strong correlation between the two feature types. As will be
shown later in this chapter that this correlation is weak for breeds such as Duroc and Ghungroo,
hence the combination of colour and texture features is not expected to improve the separability
between breed-pairs which involve Duroc or Ghungroo. Thus, it can be stated that it is not
possible to separate out the breeds in a single classification stage using Colour(C'), Texture(T')
or a combination of Colour and Texture(C' U T') features. This provides the motivation to go
for a multi-stage classification scheme, where the breeds are siphoned out one after another in a
hierarchical fashion. The breeds which are better separated from the rest are siphoned out first
to prevent classification errors from propagating down the hierarchy to the later classification
stages. Furthermore, at each stage of hierarchy the decision space which best separates the

two classes is used. For example, Ghungroo seems to be best separated from the others in the
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Figure 4.3: Motivation for choice of separate feature space for each breed.

C feature space as shown in Fig. 4.3. It is to be noted that at each stage of classification, a
standard classifier like SVM can be used. The choice of the hierarchy as well as the decision
space for each classification stage is decided by our algorithm which will be described in the
subsequent sections.

As seen from the earlier figures and the initial discussion, feature vectors obtained from
the colour or texture information alone are not self-sufficient for breed discrimination. On the
other hand, simply combining the texture and colour features into one single composite vector
may not work on all comparison fronts. Given a particular breed such as Ghungroo, it was
spotted in Fig. 4.3, that resolution on the texture alone front or combination of texture and
colour front is not possible. However, it can be easily resolved on the colour alone front with
respect to anyone of the other three breeds. In some cases such as Hampshire, which is dual
coloured and the texture profile varies in accordance with the size of the pink patch(as the pink
zones in all pink and dual coloured muzzle carry no hair and exhibit very few apparent sweat
pores in the texture map), the choice of feature can be done based on which select group of
breeds is weighed against it. For example, in the case of Hampshire versus Duroc, both colour
and texture seem to be the right choice; in the case of Hampshire versus Yorkshire the choice

could again be colour and texture as the dual colouration in Hampshire can be captured by the
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Sarle’s index. In the case of Hampshire versus Ghungroo, they are better separated by colour.
This is the motivation for taking a graph-theoretic approach mainly for identifying the order
and manner in which the breeds are siphoned out in the proposed classification procedure.
A decision tree is constructed whose leaves form the breed-nodes but the difference here is
that unlike a conventional decision tree algorithm which does random attribute sampling and
model building and adaptation to arrive at the optimal decision space at each node, the feature
selection in our proposed tree building algorithm is done at the MACRO level and NOT at the

attribute level.

4.1 Tree based Classification Methods in Literature

Since the pig breed classification task calls for a tree like hierarchical classification scheme,
hence it becomes necessary to take a look at other tree based classification algorithms in liter-
ature and compare their similarities and differences with our tree generation algorithm. In the

following, a couple of well established tree based classification schemes are discussed.

4.1.1 Tree construction based on Phylogenetic Analysis

The concept of constructing a Phylogenetic tree [24] based on the similarity and differences
in the physical or genetic characteristics between different species to describe the evolutionary
process, can also be used for arriving at the optimal classification hierarchy. Given required
information regarding breeds, the methods for the construction of this optimal phylogenetic
tree can be classified mainly into three categories: (i) Distance based methods [41]: These
methods are used when pairwise distances between the different entities are available for the
construction of the phylogenetic tree. Each leaf node on the phylogenetic tree represents one
entity. A hierarchical clustering algorithm is used for preserving the relative distance between
different entities on the tree; (ii) Maximum parsimony [42]: This method searches for the
phylogenetic tree with the minimum number of evolutionary steps which can explain a given
set of data assigned on the leaves. Here, the topology of the tree is randomly changed till there

is no more improvement in the parsimony; (iii) Likelihood-based methods [43]: This method
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involves computing the likelihood of the given data sequence with standard evolution models
and the tree corresponding to the best likelihood model is generated.

The requirement in all cases is to identify a tree which can maximize the separation between
the child nodes at each step of evolution, so that the best classification accuracy is possible
with the given set of features. Distance based methods using hierarchical clustering algorithms
[44] are the best choice since they try to separate out the maximally distant classes at each
step of evolution starting from the root node. Thus in the first stage the class which is farthest
from all the other classes is separated out; in the second stage, out of the remaining classes, the
one which is farthest from the remaining others is separated out and so on. The Bioinformatics
Toolbox in MATLAB [25] provides functions related to Phylogenetic analysis using Distance
based methods. The function takes the matrix of pairwise distances and uses a Hierarchical
Agglomerative Nesting algorithm (AGNES) [44] to cluster objects based on their similarity. The
algorithm starts by treating each object (breed) as a singleton cluster. Next, pairs of clusters
are successively merged until all clusters have been merged into one big cluster containing all
objects. The result is a tree-based representation of the objects, named Dendrogram, where the
leaf-nodes correspond to the breed-types. At each step of the algorithm, the two clusters that
are the most similar are combined into a new bigger cluster (nodes). This procedure is iterated
until all points are member of just one single big cluster (root).

The process does not however prescribe a procedure for arriving at the right choice of
features/statistics at each decision point (i.e. is feature agnostic) and also handling multiple
features. If the matrix of pairwise distances is created by selecting the branch weight between
any two breeds as the maximum distance over all the feature combinations for that breed-
pair, then a tree can be constructed (even this feature is not available with the AGNES). The
final phylogenetic tree which is built on this collection of maximal distances, remains therefore
completely feature type agnostic. The AGNES therefore demands some form of a higher level
protocol, first, to generate a distance table based on some fusion measure and then to identify

the best feature at various levels in the tree.
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4.1.2 Decision Trees

Decision trees [45] though being very simple machine learning techniques have the powerful
property of being able to automatically select the attributes from the feature vector which can
impart maximum separation between two or more classes of data given the training samples.
Starting from the root node, each parent node is split into multiple child nodes in a way
that the purity of each child node is maximized. The most widely used splitting criterion are
based on Gini’s Diversity Index [46] and entropy reduction methods [47]; although more recent
methods are available in literature for binary [48] and non-binary splits [49] which ensure the
constructed tree is more compact with smaller number of nodes without compromising on the
classification accuracy. The major steps involved in the construction of a decision tree include:
(i) Selecting one of the attributes(a;) from the feature vector; (ii) Choosing a threshold(¢;) for
that attribute, that divides the training data into child nodes; (iii) Measuring purity of the
child nodes, when the parent node is split based on the attribute a; using the threshold ¢; (iv)
Repeating this process for all the attributes and feasible ¢; till maximum purity is obtained,
for all the child nodes (v) On obtaining the maximum purity split, the process is repeated for
a second split, and so on. The following are some issues which can be anticipated with this

decision tree approach:

e Attribute selection is not the same as feature-type selection, as the selection is done
by randomly sampling the parent composite feature set. Since this random attribute
selection design is not in tune with the on-field analysis and customization, results are
definitely expected to be poorer as compared to the optimal hierarchical tree generation

algorithm (which includes feature-type identification).

e While decision trees are expected to work well with raw data vectors and simple primary
statistics, performance will degrade when the feature vectors include secondary and ro-
bust statistics, which are compact in nature. Decimation of such secondary statistics
is expected to result in an information loss both with respect to within-class similarity

(which brings breed-specific variants together) with respect to that parameter (which has
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been dropped), as well as precious information which imparts segregation across breeds.
For instance dropping the bi-modality index will make Hamshire pigs look like Yorkshire

(with respect to colour).

4.2 Proposed Hierarchical Classification Scheme

The proposed hierarchical classification scheme starts with computing a distance metric
between clusters corresponding to all possible breed pairs in across all the feature spaces. The
different feature/decision space in our case are formed by the Colour(C'), Texture(T') and a
combination of Colour and Texture (C'UT) feature sets. Starting with four breeds and the
pairwise distance between the breeds across different feature spaces, the proposed algorithm
tries to find out a tree like structure; where at each node of the tree a particular breed is
separated out from the rest. The algorithm also provides the decision space in which a particular
breed can be separated out from the rest in the best possible manner. The order in which the
breeds are separated out one after another is also decided by the proposed algorithm and this
order in the hierarchy starts from the top of the tree down to the bottom. The proposed

classification scheme is described in detail in the following subsections.

4.2.1 Cluster/Class separation indicators

The distance metric between any two classes should properly portray the separability be-
tween these two classes assuming that this frame is modelled using a binary linear classifier
(two class separation problem). First a linear discriminant classifier is learnt from the data
taken from the two classes which attempts to separate the two classes with minimum error.
There are two independent indicators for this cluster separation:

Fractional crossovers: Here,the number of crossovers on either side of the hyperplane is used
as a measure of separability. More the fractional number of crossovers, lower is the separability
between the two classes (and greater is the class mixing). Let n; and n; denote the number

of members in class ¢ and class j respectively and n;; the number actually belonging to class ¢
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but falling on the other side of the hyperplane. This distance indicator is,
SEPool(i, j) = 0.5 x (2 L - ”—J) (4.1)

T; n;

A value of SEPco(i,j) ~ 1 indicates that the classes are clearly separable (via a linear classi-

fier).

Normalized cluster distance: Here the separation between the clusters is of greater
concern as compared to the overlap between them. Non-overlapping closely positioned clusters
are penalized as compared to more separated ones. A hyperplane is first learnt for separating
the two classes using a linear discriminant classifier. A certain fraction of data is chosen from
each of the two classes, which are nearest to the learnt hyperplane. Note that all of these
chosen data points from either of the classes are the ones which fall on the respective side of
the hyperplane to which they actually belong to. Let pp;(a) and ppgj)(a) denote the mean
distance of these a-fraction of the nearest data-points of class i and class j respectively from

the hyperplane. Then, distance metric along the second dimension is defined as

SEPy(ij) = (%>
Q) = po@ (@) | pog) (@)
S(e) = opi) () " ap()(a) -

The role of standard deviation based normalization as far as the Euclidean distances are con-
cerned is to penalize clusters which are non-compact (same centroidal separation, but show

greater variability). The separation indicator is,

SEPoverars(i,j) = SEPco(i,5) + SEPp(i,5) (4.3)

over range [0,2]. Table 4.2 gives the mean separation between two different breeds as a function
of the feature/composite feature used over 100 different random selections of training data as
will be explained later in Section. 4.3. It can be observed from Table 4.2 that out of the six

breed-pairs, there are instances when either the color (C') or texture feature (7') alone gives
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Table 4.1: Histogram type for colour and conditional distribution for texture density along with the
correlation between (C') and (7") feature sets for various breeds.

Breed type/Histogram type for Color

Conditional distribution|Correlation between Color and
for Texture density Texture feature parameters

Color histogram can be eitherModerate to low texture
Duroc bi-modal or uni-modal(if uni- |density and moderate Virtually independent.
modal the spread is narrow). |variability.

Weak correlation

Limited variability as far as |[High density in texture (virtual independence

Ghungroo |color (grey shades) are bgt varl.ablhty on the of color and texture
concerned. higher side.
features).
Hampshire [Bi-modal. Bi-modal. Moderate to strong.
Low density in texture
Yorkshire Moderate variability in and hmfced vgrlablllty Strong correlation
pink shades. (non-existent in most

Yorkshire pigs).

better class separability as compared to the union of colour and texture features (C'U T).
Thus in the union of colour and texture features, the union may take place constructively
or destructively, so that the class separation either increases or decreases respectively. Upon
examining a combination of feature sets such as (C') and (7"), the correlation profiles between
these two feature sets in different breeds are expected to be different. Thus there is expected
to be a mismatch between the correlation trends which affects the cluster separation in this
common decision space(C'UT"). There is therefore a need to exercise a judgement as to whether
both features have to be included and if not, which one is the preferred choice to form the
decision space.

Since the correlation between the feature sets (C') and (7') is strong both for Hampshire and
Yorkshire as depicted in Table 4.1, hence the distance metric is observed to be maximum for
the feature set (C'UT) as expected. Also, in all distance comparison between pairs of breeds
involving Duroc or Ghungroo, because of the lack of correlation between the feature sets (C')
and (7); it has been observed that the feature set (C'UT) does not provide the maximum

distance between clusters with the exception of the Duroc-Yorkshire pair.
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4.2.2 Guided Tree Selection

At a macro level, since a hierarchical classification strategy is to be adopted, based on the
manner in which the training data is split and/or fused, for four breeds BR;, BR;, BR, and BR,
there are four distinct decision tree possibilities as shown in Fig. 4.4. The structure of the tree,
which gives best classification results through a particular siphoning order at different levels
and with a proper feature choice (or choices) at those decision points, needs to be identified
without going through the computational rigor. Given four breeds, Duroc (D), Ghungroo (G),
Hampshire (H) and Yorkshire (Y) (which will eventually become four leaf nodes in the final
decision tree), there are six pairwise breed-cluster distances that can be computed: (D-G),
(D-H), (D-Y), (G-H), (G-Y) and (H-Y). There are three macro feature possibilities: (i) Colour
feature alone (C); (ii) Texture feature alone (including GSM as well as Top-hat) (T); (iii) Union
of Colour and Texture (Composite) (7" U C'). A sufficient set of distances which can be used
to derive a strategy for breed-siphoning is the 6 x 3 = 18-cell table of breed-cluster pairwise-
distances shown in Table 4.2. From this Table secondary distances can be derived. To find out
roughly how far each breed is cumulatively far away from the rest (with the same consistent
rule), by pivoting around a specific breed, its distance from the other breeds are added up. This
is in turn a function of the feature-type: Colour (C) or Texture (T) or Composite: Colour and
Texture C UT. The following analysis will show that using the pairwise distances as a function
of feature type as listed in Table 4.2, along with the analysis based on cumulative statistics
leads to a classification tree of type T3(asymmetric binary tree). That is why the other tree
structures in Fig. 4.4 have not been considered.

Table 4.2: Distance metric for all possible binary splits when two breeds are present: D:Duroc,

G:Ghungroo, H:Hampshire, Y:Yorkshire; C: Colour features, T: Texture features, T'U C: Composite
features; Largest distances in each column are indicated in BOLD font.

D-G |D-H |D-Y |G-H|G-Y |H-Y

C: Colour 1.90(1.71 |1.74 (1.94(1.97|1.64
T: Texture 1.67 |1.83(1.81 |1.81|1.95 |1.87
cuT 1.7111.74 11.93 |1.87 |1.94 |1.87

Best features |C T cuT|C C cuT
MAX-distances|1.90 [1.83 {1.93 |1.94 {1.97 |1.87
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BR,,BRs, BRs, BR, | Fu €[M.CTUC)

BRy,BR3,BR3,BRy || F=TuUC

Fi2: E[T.C,TUC}

(BB BR;) | | (BR.,BR)

Fy4 € [T,€,TU €} \
(@) Tl:Flat tree structure ‘ ‘

BR{ BR, BR, | BR,

L

(b) T2: Symmetric binary tree

BRy,BR-, BRa, BR, | Fra E[T.C.TUC} BR,,BR,, BR+, BR, || Fr1 E[T.C,TUC)

m (BR;,BR,,BR,| Fiz2 € [T,€C,T U C} m (BR;,BR,BR,) || Fraz =T UC

Fia €[T.C.TUC)

[ (BR,BR,)| BR,

(d) T4: Asymmetric binary tree-2

(c) T3: Asymmetric binary tree-1

Figure 4.4: Classification routes or tree-types possible in a four class setting.

Table 4.3: Cumulative distances with respect to a particular breed across various feature combina-
tions.

BREED and feature Colour|TEXTURE|Colour and TEXTURE
Duroc vs rest 5.35 15.31 5.38
Ghungroo vs rest 5.81 |5.43 5.52
Hampshire vs rest 5.29 |5.51 5.48
Yorkshire vs rest 5.35 1[5.63 5.74
CUMULATIVE-MAX 5.81 15.63 5.74
CUMULATIVE-MEDIAN|5.32  |5.47 5.50
DIFF(MAX, MEDIAN) |0.49 |0.16 0.24
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The cumulative distance table (Table. 4.3) provides a distinct angular perspective from the
point of view of the individual breeds. The separation of Duroc (D) from the remaining breeds
is a function of the feature combination used: Turns out to be Spyroc(C) = 1.90+1.714+1.74 =
5.35 with respect to colour; Spyroc(T) = 1.67 + 1.83 + 1.81 = 5.31, with respect to texture
and Spuroc(C,T) = 1.71+ 1.7441.93 = 5.38, with respect to the composite feature involving
colour and texture. Similarly such statistics can be computed for the other three breeds leading
to Table. 4.3. For a specific feature type (color or texture or UNION), if the deviation between
the maximum cumulative distance and median is significant, this indicates a certain skew in the
breed arrangement and also provides indirect information, that the optimal tree structure, may
not be a flat tree (i.e. Fig. 4.4(a)). Here, from the scores, Table. 4.3, appears to indicate that
Ghungroo should be siphoned out first, in terms of color and then the cumulative distance table
should be recomputed without Ghungroo. If one compares the differential (MAX, MEDIAN)
scores for color (0.49), texture (0.16) and UNION (0.24) from Table. 4.3, there is a hint that

the color feature could be dominant over texture, for this specific 4-breed arrangement.

Table 4.4: Leaving out Ghungroo, pairwise distances for various feature combinations, reproduced.

BREED and feature|D-H |D-Y |H-Y

C: Colour 1.7111.74 |1.64
T: Texture 1.83|1.81 [1.87
curT 1.74 11.93 |1.87
Best features T curT|icurT

MAX-distances 1.8311.93 |1.87

Table 4.5: Leaving out Ghungroo, cumulative distances with respect to a particular breed across
various feature combinations.

BREED and feature Colour | TEXTURE |Colour and TEXTURE
Duroc vs rest 3.45 |3.64 3.67
Hamshire vs rest 3.35 [3.70 3.61
Yorkshire vs rest 3.38  |3.68 3.80
CUMULATIVE-MAX 3.45 13.70 3.80
CUMULATIVE-MEDIAN|3.38 [3.68 3.67
DIFF(MAX, MEDIAN) [0.07 ]0.02 0.13

It is clear from the cumulative scores from Table. 4.3 that best results can be obtained from

asymmetric binary split-tree types T3 (Fig. 4.4(c)) or T4 (Fig. 4.4(d)), where the solitary leaf
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Table 4.6: Leaving out Ghungroo and Yorkshire, pairwise distances for various feature combinations
reproduced.

BREED and feature|D-H

C: Colour 1.71
T: Texture 1.83
TUucC 1.74
Best features T

MAX-distances 1.83

node on the left happens to be Ghungroo (highest score) and the decision space is defined with
respect the colour feature alone. Thus, the first level simplification results in a subtree (one
versus three split), shown in Fig. 4.5. When the cumulative distances are recomputed (minus
Ghungroo), one arrives at Table. 4.5 and from the deviation statistics, there is an indication
that the tree structure is of type T3 (Fig. 4.4(c)) with the leaf being Yorkshire and the feature

type being UNION of color and texture. Finally the tree structure converges to type T3 and the

D.GHY Fn=0C

DHY Fpp=CUT

D, H SEpyi=7T

Figure 4.5: Final decision tree and siphoning policy.

final tree is shown in Fig. 4.5. Note in the last leg since it is Duroc vs Hampshire, the feature is
Texture (T), Table. 4.6, as the highest score is registered for 7). As per the siphoning order in
Fig. 4.5, Ghungroo is separated from the rest with respect to colour, Yorkshire versus the rest
with respect to colour/texture and finally Hampshire is separated from Yorkshire with respect

to texture alone.
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Table 4.7: Table showing the mean percentage accuracy for 100 iterations for the proposed colour,

texture and combined features. A Flat Tree structure was deployed (i.e. linear classifier for a 4-class
SVM).

Colour Texture Combined
Mean |St.Dev|Mean|St.Dev|Mean|St.Dev
Duroc 68.14 [21.80 |51.88 |18.00 |84.00 [13.85
Ghungroo [89.80 [10.43 [65.97 |15.86 |92.38 [9.42
Hampshire|73.81 [13.94 |84.40 |10.32 |81.62 [9.98
Yorkshire [95.44 |6.13 96.49 |2.97 98.22 |3.57

4.3 Experimental results and comparisons

4.3.1 Database and training/testing procedure

The dataset used for the experiments consists of a total of 673 images for 55 animals taken
from all the 4 breeds. Out of these 55 animals, 11 belonged to Duroc, 13 belonged to Ghungroo,
12 to Hampshire and 19 to Yorkshire. Thus on an average there were 12 images for each animal
and these different images of the same pig shows the variation caused due to camera pan, skew
effects and blur. 50% of the data was used for training and the remaining 50% for testing. This
is a form of cross-testing, as the pigs used for testing are completely different from the pigs
used for learning and generating the tree-classifier model (coupled with the optimal choice of
features). For image acquisition, a high resolution digital camera was used. The images were
cropped manually to suppress extreme background interference. But despite this we had to put
these images through a level of automated segmentation, via a circular mask BALL-generation

procedure to highlight portions only on the muzzle surface.

4.3.2 Performance evaluation for the Flat Tree

The formation of a decision policy to establish the optimal hierarchical scheme for classi-
fication is of paramount importance. The results for a 4-class linear classifier, are tabulated
in Table 4.7. The mean and the standard deviation of the classification accuracies for 100
iterations are given for each of the three feature types.

Table. 4.7, shows that Yorkshire and Ghungroo have registered the highest numbers 98.22%
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and 92.38%, respectively with respect to the composite (both colour and texture features),
since, they are both distinct in terms of colour (Yorkshire all pinkish-white muzzle and Ghun-
groo is all greyish-black). This can be corroborated by the corresponding ” Colour only” feature
scores of 95.44% and 89.80% respectively (same Table. 4.7). The drop takes place with respect
to "Texture only”, for Ghungroo as it shares similar patch density profiles with Duroc and
Hampshire (Ghungroo’s classification accuracy drops to 65.97% for texture alone, while for
Yorkshire it remains high at 96.49%). Since the pigs used for training and testing were com-
pletely different, the testing process was tough as the pigs exhibited considerable variability on
the following fronts:

(i) Hair and pore density profiles: type, location and concentration of patterns was completely
different for different pigs within the same breed; (ii) Breeds like Duroc and Hampshire which
were expected to have pinkish-white patches on their muzzle, exhibited considerable unpre-
dictability in the size, position and structure of the patch on the muzzle surface for the pigs
being tested for the first time; (iii) These pigs being tested also exhibited differential variability

with respect to local illumination and environmental settings.

4.3.3 Performance evaluation: Proposed TREE structure

The training and testing image subsets were randomly selected and the process was iterated
10 or more times to investigate the impact of training data variability on the final classification
accuracies. At the beginning of each iteration, the training process involved computation of
the features for those images and determining the optimal hierarchical structure (based on
the algorithm in Section. 4.2.2) from the cluster/breed distances. Using the labeled features
from the same training-arrangement, SVM classifiers were learnt for all the three stages of
classification, identified by the feature type selection procedure. This random train-test splitting
process was repeated multiple times. The hierarchy/TREE, obtained from the training data
in all the 10 iterations, wherein the training and test sets were split randomly (to check tree
stability), turned out nearly the same as shown in Table. 4.8, which indicated two things: (i)

Tree structure was relatively insensitive to changes in the cross-validation arrangements during
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Table 4.8: Hierarchy obtained along with accuracies using the proposed algorithm for the same 10
random selections of training data as used in Table 4.11 along with the feature choice at each node.

IterationLinked Max-L1/ Max-L2/ Max-L3/Duroc |GhungrooHampshireYorkshire
List Fr, Fro Frs Acc.(%)Acc.(%) |Acc.(%)  |Acc.(%)

TREE-1 G-Y-(D,H)p.82/C  BRI/(CTL8/T  01.12 93.52 86.71 06.23
TREE2 |G-Y-(D,H)5.81/C  B.78/(C.T)L.83/T [4.31 [90.29 84.23 08.17
TREE3 |G-Y-(D,H)5.77/C  B.8/(CT) [L77/T [16.23 [87.32 78.55 06.78
TREE-4 |G-Y-(D,H)p.81/C  3.81/(C,T)1.83/T 81.48 91.63 87.21 99.54
TREE-5 G-Y-(D,H)j5.83/C 3.77/(C,T)1.79/T B88.45  [94.79 80.48 100.00
TREE-6 [Y-G-(D,H)j5.79/(C,T)B.74/C 1.81/T [79.47  [96.53 83.65 95.41
TREE7 [G-Y-(D,H)5.8/C  B.79/(CT)L.82/T [R0.45 [89.41 00.32 090.54
TREES [G-Y-(D,H)5.85/C 13.8/(C.T) L.78/T [83.78 [97.13 81.68 100.00
TREE9 |G-Y-(D,H)5.77/C B.82/(CT)L.82/T [r7.21 [86.33 02.57 100.00
TREE-10|Y-H-(D,G)p.82/(C,T)3.64/C  1.88/C [77.42  89.79 84.22 100

the train-test iterations, wherein 50% of the pigs were randomly picked for training and the
other 50% were shortlisted for testing. Table. 4.8, shows the hierarchies obtained using the
proposed algorithm for all the ten iterations. For seven out of ten (7/10) cases, the tree had
the same structure: G —Y — (D, H) (i.e. the breeds as leaf nodes were picked out in the order:
Ghungroo, Yorkshire, and then finally Hampshire versus Duroc). (ii) The secondary features
covering both texture and colour were robust for trapping breed-specific traits while dissolving
individual variability within the same breed.

Table 4.9, shows classification accuracies with respect to the stable hierarchical scheme
described in Section. 4.2.2 and shown in Fig. 4.5. In relation to the flat-tree (four-class) ar-
rangement, the proposed TREE registered a higher score of 86.45% versus 84.00% for Duroc;
93.02% versus 92.38% for Ghungroo; 86.91% versus 81.62% for Hampshire and 98.54% ver-
sus 98.22% for Yorkshire; The main improvement was in the score for Hampshire (one of the
toughest breeds for classification which exhibited a similarity in texture profile with respect
to both Duroc and Ghungroo and also a similarity in colour with respect to Duroc). The
improvement for Hampshire, stemmed from the fact that Ghungroo taken out earlier in the
TREE arrangement, comparison could now be done exclusively on the texture front (ignoring

the color profile).
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Table 4.9: Classification accuracy (100 iterations), following the TREE hierarchy obtained, using
our method.

Mean St.Dev
Duroc 86.45 12.05
Ghungroo 93.02 7.46
Hampshire 86.91 12.51
Yorkshire 98.54 4.84

The corresponding confusion matrix is shown in Table 4.10. The first row of the confusion
matrix tabulates the number of actual Duroc muzzle images being classified as one of the four
breeds. The second row gives the same numbers for the actual Ghungroo muzzle images. In
the same way the third row corresponds to Hampshire and the fourth row to Yorkshire. Ideally
the confusion matrix should have been a diagonal matrix with all the non-diagonal elements
equal to zero. However, because of some mis-classification between the breeds, the matrix is
not a diagonal one. From the first row of this confusion matrix, it can be observed that Duroc
has the maximum confusion with Ghungroo on account of its moderate to high density of hair
follicles and pores on the muzzle surface. This same reason applies to some of Ghungroo muzzle
images being confused with Duroc muzzle images as observed from the first entry in second
row. Also, it can be observed from Table 4.10 that there is some confusion between Duroc
and Hampshire as well. This is because there is some similarity in the density profile of hair
follicles and pores present on the muzzle surface of both the breeds. Also some of the Duroc
breeds have a significant pinkish white patch on their muzzle which is mainly a characteristic

of Hampshire breed and this becomes a source of confusion between the two breeds.

Table 4.10: Confusion matrix for proposed tree algorithm.

Actual Predicted Duroc/Ghungroo|/Hampshire|Yorkshire
Duroc 56 ) 3 1
Ghungroo 4 70 1 0
Hampshire 6 2 60 1
Yorkshire 0 1 1 108
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4.3.4 Comparison with the Phylogenetic Tree algorithm (AGNES)

Table. 4.11, shows the hierarchies obtained from the Phylogenetic tree algorithm [44] used
by the Phylogenetic MATLAB Toolbox [25] for 10 different random splits of training-testing
data (50%-50%). The training-testing data used in the 10 iterations are the same as those used
for evaluating the results in Table 4.8. While the Phylogenetic algorithm processes the breed-
pair distance Table. 4.2, it is feature agnostic. It does not provide a mechanism for arriving
at or selecting the optimal combination of features for forming the decision space at every
intermediate node. Hence, for comparison purposes each of the node in the linked list has been
supplied with the feature set (C'UT). Fig. 4.6, shows a typical tree produced by the AGNES
MATLAB toolbox corresponding to the first row of Table. 4.11. The Phylogenetic tree structure
(unlike the proposed algorithm) exhibits a high variability or data-sensitivity (four instances of
TREE: Y — G — (D, H); two instances of G —Y — (D, H); two instances of Y — H — (D, G) and
two instances of Y — D — (G, H)) (Table. 4.11). In contrast, the proposed algorithm showed
a strong base tree G — Y — (D, H), which remained virtually the same (8 out of 10 times) for
the same database-splits, identical to the proposed optimal tree in Fig. 4.8. Mean accuracies
for AGNES toolbox are in Table. 4.12 based on the tree structure Y — G — (D, H) (Yorkshire
first and then Ghungroo, the main difference; last stage same, for both proposed and AGNES).
Accuracies for Duroc, Hampshire and Yorkshire were on the lower side for AGNES, registering
83.58%,81.78% and 96.19% respectively. In contrast, the proposed TREE registered higher

scores, 86.45%,and 86.91% for the critical /difficult breeds, Duroc and Hampshire respectively.

4.3.5 Comparison with Decision trees

Decision trees are useful when one is operating on raw measurements, as opposed to hand-
crafted statistics and work via random attribute sampling, to identify the decision space where
the separation between sub-groups of data is maximized. While the tree search is extensive,
there are several reasons why this route turns out to be sub-optimal: (i) When features are
handcrafted, they cannot be selectively dropped on a random basis, as every single statistic

plays a crucial role towards breed separation. Deleting some of them from the decision making
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Figure 4.6: AGNES TREE-1.

Table 4.11: Table showing the hierarchies obtained from the AGNES algorithm used by the Phylo-
genetic Toolbox for the same 10 different random splits of training-testing data (50%-50%) as used in
Table 4.8. Feature used at each node of hierarchy is C U T.

Tteration Linked Duroc Ghungroo Hampshire Yorkshire
List Accuracy(%) | Accuracy(%) | Accuracy(%) | Accuracy(%)
TREE-1 |Y-G-(D,H) | 76.15 98.58 80.53 97.88
TREE-2 | Y-D-(G,H) | 83.21 90.22 75.48 97.34
TREE-3 | G-Y-(D,H) | 82.63 87.42 78.39 98.32
TREE-4 | Y-G-(D,H) | 80.51 89.78 77.24 100.00
TREE-5 | G-Y-(D,H) | 79.42 93.21 82.38 100
TREE-6 | Y-H-(D,G) | 85.43 92.19 8471 97.23
TREE-7 | Y-D-(G,H) | 74.44 92.64 83.19 98.56
TREE-8 | Y-G-(D,H) | 77.83 90.19 76.22 100.00
TREE-9 | Y-H-(D,G) | 74.31 94.39 83.78 100.00
TREE-10 | Y-G-(D,H) | 86.48 100.00 82.64 99.14

Table 4.12: Accuracies obtained using the feature agnostic, Phylogenetic toolbox (features selected
using the procedure from sub-section 4.2.2) and the mean tree Y — G — (D, H) (Table. 4.11)

Mean St.Dev
Duroc 83.58 15.11
Ghungroo 94.11 9.07
Hampshire 81.78 11.92
Yorkshire 96.19 3.28
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procedure or de-registering the feature vectors through random sampling, will only degrade
the overall performance; (ii) Attributes when mixed as a union of colour and texture assume a
”colourless” flavor, wherein no attribute is pre-labeled. No knowledge gained from the colour or
texture feature analysis is used in the attribute search and sub-sampling procedure. In compact
feature vectors, when tailor-made statistics such as the Sarle’s bi-modality index [22] and the
chromatic eigen value ratio, are randomly dropped from the (colour, texture) feature mixture,
performance degradation is expected (as can be seen in Table. 4.13). Not surprisingly, the

accuracies for Duroc, Ghungroo and Hampshire have dropped below 80%.

Table 4.13: Breed accuracies obtained using the decision tree architecture.

Mean St.Dev
Duroc 73.81 20.50
Ghungroo 75.78 17.76
Hampshire 71.42 14.84
Yorkshire 92.07 6.87

4.3.6 Absence of segmentation and Overall Picture

The proposed BALL-based muzzle segmentation process, described in Chapter. 2, ensures
that colour and texture features are not affected by the portion outside the muzzle region.
Comparisons between the proposed and classification algorithms from literature, in terms of
accuracies, are now re-evaluated both with and without the mask. Table. 4.14 shows a reduction
in the accuracies for the tree-based algorithms (including both proposed and the ones from
literature), in the absence of segmentation. Note that interestingly the background profiles for
different breeds are heavily pig-specific, as the background interference usually arises from two
sides: (i) Face of the pig and (ii) In some cases, glove of the individual clutching the pig’s
snout. The fractional background portion outside the muzzle region constitutes roughly 25%
of the total cropped square area. This background composition (25%) varies from pig to pig
(even within the same breed), and creates an inconsistency in the breed-linked feature modeling
procedure.

The impact of our BALL-based segmentation algorithm on the classification accuracy, is

also checked and compared with the accuracies obtained by applying masks using the Chan-
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Table 4.14: Accuracies for Proposed Tree, AGNES and Decision trees (NO segmentation).

Proposed Tree | Phylo Tree Decision Tree

Mean | St.Dev | Mean | St.Dev | Mean | St.Dev
Duroc 64.73 17.07 62.23 14.48 52.97 17.23
Ghungroo 81.78 13.39 79.50 17.76 69.38 17.89
Hampshire | 80.77 11.23 80.96 8.02 66.71 18.30
Yorkshire 96.78 3.77 96.13 4.87 91.66 10.14

Table 4.15: Accuracies, with segmentation, using a variety of methods and comparison with proposed
BALL-based approach (Difficulty level maximum for Hampshire breed).

Proposed "N
BALL- DRLSE SDREL Chan-Vese )
method segmentation

Mean|St.Dev|Mean|St.DeviMean|St.Dev|Mean|St.Dev|{Mean|St.Dev
Duroc 86.45 (12.05 |80.29 [9.72 66.33 (18.37 |51.72 (19.34 |64.73 |17.07
Ghungroo [93.02 |7.46 85.11 [17.17 |82.77 (11.17 |91.05 |6.72 81.78 |13.39
Hampshire|86.91 [12.51 [81.72 [10.18 [59.13 |16.40 |40.63 [14.36 |80.77 |11.23
Yorkshire [98.54 |4.84 93.68 |4.84 95.11 [6.39 87.10 [9.30 96.78 |3.77

Vese [30], DRLSE [29], SDREL [34], active contour models (in Table 4.15). Clear evidence
of the superiority of the proposed BALL based segmentation conjecture, can be seen from
the classification results, particularly for Hampshire, where the muzzle profile exhibits color
diversity in a dual mode (i.e. pink and grey). Although the proposed segmentation algorithm
is customized, it can still be used in segmentation tasks where the location of the contour
defining the boundary of the object is approximately known; but is complex and partially
diffused.

This work provides fairly strong evidence regarding the utility of the muzzle image of a pig
as a potential pig breed identifier and can be extended further in the future with more number
of breeds to further strengthen this hypothesis. The proposed tree synthesis procedure searches
for a bias with respect to a specific breed (some breeds such as Ghungroo and Yorkshire are
easier to pick out of the mixture) and chalks out, not just the selection order, but also the
best choice of feature, at each intermediate decision point. Hence, this tree synthesis process,

with many more secondary statistics and guidelines, can be extended to attack a larger frame
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comprising of n classes, m basic feature types (m small), purely based on the pairwise distance
table which will now have O(2™ x n?) entries. The main weakness is that the current set of
guidelines for tree-synthesis (based on cumulative, feature specific distance statistics) are fairly
simplistic and effective for both small n (classes/breeds) and small m (basic feature types). For
a larger arrangement, say large scale dog breed classification problem, based on facial images
(large n and moderate m), one will require more sophisticated protocols and guidelines for

intermediate decision making and feature selection.
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In the earlier chapter, a solution was developed based on the observation that when con-
sidering the problem of siphoning out individual breeds, it is important to decide the decision
space in which this can be done. We showed that this selection rule can be formulated based
on pairwise cluster distance values across different feature combinations and eventually leading
to breed-specific cumulative distance statistics(i.e. i breed versus the rest Vi € {1,2,3,4}).
These cumulative distance statistics can then be used to build a tree which contains informa-
tion regarding the order in which the breeds can be siphoned out and the corresponding feature
type/combination deployed to form the decision space related to the SVM classifier at that
node. Classification accuracies of around 86% obtained for both Duroc and Hampshire using
the hierarchical classification scheme described in Chapter 4 provide scope for further improve-
ment. It has been observed that the principal factors limiting the classification accuracies for
the breeds Duroc and Hampshire are inter-class similarity and intra-class variation. This is

shown in Fig. 5.1.

Similarity

F across class

Variability
within o
class

(a) Duroc

(b) Ghungroo (c) Hampshire (d) Yorkshire

Figure 5.1: Exemplar muzzle images from different breeds showing inter-class similarity and intra-
class variation.

Because of inter-class similarity, there is considerable overlap between clusters of feature
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vectors from different classes, whereas intra-class variation leads to scattering of feature vectors
from the training data of a particular class in feature space. When encountering such problems,
it becomes necessary to assign likelihood or membership scores to a test feature vector (which
falls in the overlapping region) corresponding to each of the overlapping training classes. There

are two challenges here:

e When the training data is sparse and heterogeneous, it is important to stitch the data
samples which are closely connected mainly to establish some form of reliability in the
breed-specific training data representation. This can be done only via some form of

spanning tree which is a data-centric macro-construct and binds the data together.

e While inclusiveness of a test feature vector can be established via a likelihood score
the moment the tree-based data-centric model is available, it is important to weigh this

likelihood against the likelihood scores generated with respect to tree models from other

breeds.

When the feature vectors from a particular training class are distributed in feature space
forming multiple compact clusters, it is advantageous to first identify each of these clusters and
then learn suitable generative model for each of these clusters. Based on these, a classifica-
tion scheme has been developed which uses an outlier detection framework for improving the
classification accuracies in our breed classification problem.

When dealing with classification problems with limited datasets, a classic example of which
is the dataset for our breed classification problem, it becomes necessary to bind the data samples
from a given training class via some form of an association map. This motivated the search for

a class of algorithms connected with spanning trees.

5.1 Multi-class classifiers and their limitations

When the number of data samples per class is very large and the representation is almost
complete, the cluster in a higher dimensional space almost assumes an isometric structure.

Thus every class-cluster can be modelled as an ellipsoidal blob of points [50]. The decision
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boundaries between clusters are then hyperplanes [50], as one would find in a linear SVM
model. Furthermore, if one attempts to generate multidimensional conditional probability
density functions (PDFs) out of these class-samples, for a substantial class representation,
these conditional PDFs will assume a Gaussian form [51] with their own mean vectors and
class-covariance matrices. This lends itself to decision rules involving log-likelihood ratio tests
etc. [52] which can be quite effective provided the class cluster density profile exhibits some
form of contiguity and gradual variability about the mean vector. However, when the data-
sample representation is not complete and the volume of data per class is moderate, the clusters
will not be contiguous in space. Under these circumstances class detection becomes purely a
geometric exercise, as opposed to a conditional likelihood ratio test.

As mentioned earlier, the current work connected with pig breed analysis involves four
breed-classes viz. Duroc, Ghungroo, Hampshire and Yorkshire [53], amongst which Ghungroo
is a breed found commonly in the North-Eastern part of India [54], while the others are im-
ported breeds in India [55]. Along with the intra-class variability and inter-class similarity
already mentioned, the classification accuracy for breeds such as Duroc and Hampshire is lim-
ited because of the relatively small size of the dataset available for breed classification. On an
average, each class (among the four distinct breed-classes over which data was gathered) had
anywhere between 10 and 15 pigs (with 10-variations per pig). Out of these 10-15 pigs per
class, only 50% could be used for training which imposed severe constraints on the training
procedure. This limited training data ruled out the usage of Neural Networks (Multilayer Per-
ceptrons) and Deep Neural Network architectures [56]. These architectures are commonly used
when labelled training data are available in large numbers as in [57] or auto-population can be
done with the limited training data [58]. However, when the intra-class variability is high (i.e.
breed specific data exhibit a high degree of variability with respect to colour and texture) and
the training samples available per breed is as low as 50-70 (with 5-7 pig-subjects per breed),
auto-population both at the image level as well as the feature level is ruled out. SVMs [59]
could not be used because of the overlapping nature of data from different classes(particularly

for Duroc and Hampshire). In the case of overlapping clusters there is no conflict resolution
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protocol or a soft-metric which assigns likelihood scores(to feature points) corresponding to
each cluster. It is precisely why an association map between feature-points constructed based
on feature similarity becomes useful to form a much more clear opinion regarding the samples
in the intersection region [60]. In the case of Nearest Neighbour algorithms [61], since the
voting is purely based on proximity and less on the overall relative structural arrangement of
the training data-points, the bigger picture is lost and it remains sensitive to noise.

When confronting large intra-class variability and limited training data, the first step was to
stitch together the training samples via some form of association map or feature proximity map
so that one could gain a better understanding of the spread of this data particularly the span,
shape and directional growth. This motivated the search for a class of algorithms connected
with spanning trees. In [62,63] Minimum spanning trees (MinST) have been deployed in an
unsupervised mode to detect the outliers from a regular set of measurements. In [64-66]
Minimum Spanning Trees(MinST) have also been used for outlier detection when built over
limited datasets. The main issue with this body of work was the choice of soft-statistic related
to a particular test point. The degree to which a test point belonged to a training cluster was
decided on the basis of the proximity of that point to the closest edge connecting nodes in the

MinST. There were some issues with this frame:

e Since outlier scoring was primarily based on local neighbourhood information about the
test-point, the bigger picture is lost. Questions such as: Is the test-point contained
within the convex-hull of the training cluster and if so, how deeply embedded is it?,

remain unanswered.

e In a multi-class setting there could be overlapping classes, which in turn implies that a
test-point could have multiple owners. To measure the degree and extent of ownership,

one needs a more reliable scoring mechanism to resolve this INLIER-INLIER conflict.

The current work revolves around the development of a multi-class classifier using an outlier
detection scheme based on Maximum Spanning Trees(MaxST) [67].

There are some applications in literature which use the MaxST formulation, particularly
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because connectivity based on diversity (dissimilarity) is emphasized. In [68], the authors used
MaxST to construct a Media Distribution Tree for efficient streaming of media between mobile
smart devices. In [69], a set of attributes are selected from a given feature set to eliminate
the redundant attributes. The redundant attributes are the ones which have a high correlation
with other attributes in the feature set. In the same light, MaxSTs also find applications
in the compression of MODIS [Moderate Resolution Imaging Spectroradiometer| (which is an
instrument aboard polar satellites that provides earth observing data in different spectral bands)
data [70]. While analyzing the nodal inter-connectivity in brain networks, MaxSTs present a
robust and compact description of this inter-connectivity profile [71]. It was observed in Wang
et al. [71] that spurious interconnections which are likely to surface or re-surface over a course
of time in a subject, are less likely to influence the base-tree.

In the context of pig-breed analysis, for every breed-class the dominant sub-clusters are
identified and then robust MaxST tree-models are learnt for each of these breed-specific sub-
clusters. Similar collective MaxST models are built for all the four pig breeds (Duroc, Ghungroo,
Hampshire and Yorkshire). When a test point is confronted, an outlier score is generated
corresponding to each of the individual classes based on the change induced by the test feature
point to on the MaxST representation. The test feature point is assigned the class label for
which it has the lowest probability of being an outlier.

Each class present in the training data is treated as a target class and a spanning tree
representation is learnt for the same. In the following section, the spanning tree representation

learnt from the training data corresponding to each class is discussed.

5.2 Tree Generation and Graphical Model Building for
Outlier detection

The training process in the proposed outlier detection scheme can be broadly divided into
two parts: The first part involves identifying multiple compact clusters in the spatial distribution
of training feature points/nodes. In all subsequent discussions the terms ’feature point’ and

'node’ will be used interchangeably as they refer to the same thing in the context of this
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Figure 5.2: The process of identifying the clusters present in the training samples of a particular
class.

discussion. The second part is concerned with the learning of MaxST representation for each

of these compact clusters.

5.2.1 Forming Compact Clusters from training data

Due to diversity within the target class, it may happen that the feature points exist in
multiple compact clusters. A test feature point which does not lie within or in the vicinity of
any of these clusters is a probable outlier with respect to the target class. Thus it becomes
important to break the target class into its constituent clusters such that each cluster is compact
in itself. Assuming there are k nodes in a cluster, let dyy, denote the nearest neighbour distance

of the 7" node in the cluster. If the cluster is compact, then it is expected to satisfy

MAXdyy,

1 -
= MINdyn,

<l+e (5.1)

where, € > 0 is a small positive real number. The MinST has been used extensively in
literature [63,72-74] to identify the clusters in the training data due to its simplicity of im-
plementation and efficacy, purely based on a distance profile analysis. Inspired by this, as a

pre-processing and data-massaging step we have used MinSTs to detect the key clusters present
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in a particular breed class. Fig. 5.2(a) shows a set of training feature points from an arbitrary
target class. Fig. 5.2(b) shows the MinST constructed from these feature points. In this MinST
representation, the weight of an edge connecting two feature points is the Euclidean distance
between them. It can be observed that there exist more than one compact cluster in this
training set, and any two such clusters are joined to each other by a single long edge in this
MinST representation while the feature points within a cluster are joined by short edges. Thus
all the edges in this MinST can be categorized into two classes: viz. longer edges connecting
feature points across clusters and shorter edges connecting feature points within a cluster. This
binary categorization of the edge weights is precisely the reason why an MinST representation
has been chosen for the purpose of separating the clusters. The longer edges connecting fea-
ture points across clusters need to be eliminated to identify the clusters. Also, if there are n,.
clusters then they are connected to one another by exactly n. — 1 edges. Fig. 5.2(c) shows the
histogram of all these edge weights. Since the edge weights connecting feature points across clus-
ters are large and distinct, hence we get prominent nulls(i.e. large sequence of zero weighted
bins between two non-zero weighted bins) in the histogram as shown in Fig. 5.2(c). These
nulls become more prominent as the inter-cluster distance increases with respect to the largest
distance between any two feature points within a cluster. Hence, a suitable threshold(er) is
computed which is a function of the position of these nulls. Based on this threshold value,
the relatively long edges between two different clusters can be removed to obtain n. connected
components(corresponding to n. clusters) as shown in Fig. 5.2(d). The procedure adopted to

determine this threshold is described next.

The histogram of the edge weights shown in Fig. 5.2(c) is examined to determine the start-
ing position of each prominent null. A successive string of zero-weighted bins in the histogram
is considered as a prominent null if this successive number of zero-weighted bins exceed a pre-
defined threshold. Assuming m prominent nulls are present in the histogram (for our example
m = 3), let e,1, €,9....€,,, denote the edge weights corresponding to the starting point of each of
these prominent nulls. Then er = MIN{e,1, €,....€. }, such that the cumulative distribution

TH-3084_166102007

105



5. Classification Scheme based on Outlier Detection Framework Using Maximum
Spanning Trees

function CDF{er} is greater than a threshold (usually in the range of 0.9 or above). The
choice of threshold is closely connected to the priori estimate related to the number of distinct
clusters [73]. This is to prevent the formation of spurious clusters and weed out noisy points

midway between clusters.

5.2.2 Generating outlier detection scores based on Maximum Span-
ning Tree analysis

When a test sample is received and positioned with respect to the training feature set of a

specific breed, which may comprise of n. compact clusters, one of the following scenarios may

arise:
S1 The test point could be outside all the n. clusters (exterior case).
S2 The test point could be sitting inside one of the n,. clusters (interior case).

If positioning corresponds to the scenario S1, i.e. exterior case, then, the proximity of a test
feature point to each of these n. clusters need to be estimated first. To get a measure of this
proximity, separate MaxSTs are constructed from the fully connected graph of each of these
n. clusters. Any edge in the MaxST connecting two feature points is the Euclidean distance
between them.

The following analysis corresponding to scenario S1, reveals as to how the proximity of a
test feature point to one of the n. compact clusters can be estimated via a MaxST analysis.
A MaxST has been chosen for representing the distribution of training feature points within a

cluster for the following reasons:

e For a given set of nodes forming a cluster, which are fully connected with distinct edge

weights, the MaxST forms a unique representation.

e [f the test point is inside the cluster, it has been observed that the MaxST constructed by
inducting the test point with the remaining nodes, remains the same when viewed with
reference to the training nodes. However if this test point is outside the cluster, there is a

change in the tree structure with respect to the training nodes, which can be quantified.
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e The extent of change caused in the structure of this MaxST can be shown to be a function

of the proximity of the new test node to the cluster under scrutiny.

This is illustrated in Fig. 5.3 where a set of training feature points compactly arranged in
feature space from the original cluster and a test feature point forms the new node. There are
several established methods in literature for MinST construction from connected graphs. The
classical Prim’s algorithm [75] has been chosen for our purpose. A MaxST can be constructed
using the Prim’s algorithm by feeding the Prim’s algorithm with the set of nodes and the
negative of the edge weights connecting the nodes.

Prim’s algorithm is a greedy algorithm and constructs the MinST in an iterative manner.
The algorithm starts with an empty tree T'R containing no nodes and edges. Two different sets
are maintained during the course of the algorithm: N which is the set of nodes which are yet to
be added to TR and W is the set of edges from the connected graph which have still not been
added to T'R at the end of an iteration. In the first iteration a node is selected at random from
the set N and added to T'R. Thus, T'R becomes a single node tree. The second iteration starts
with searching for an edge in W with minimum edge weight such that it connects the node in
TR. This edge and the node from N which is connected to the other end of this edge are now
a part of TR and hence are removed from W and N respectively. This process is iterated till
all the nodes in N are connected to TR, thus making T'R a MinST. At every iteration while
choosing a new edge from W, it is imperative to ensure that no loops are formed in T'R.

Table 5.1 lists the notations that will be used for the rest of the paper. The weights of the
edges that exist between nodes in a MaxST can be put in the form of an adjacency matrix [76].
The element of an adjacency matrix A with index (i, j) i.e. A(3, j) is zero, if there does not exist
an edge between nodes ¢ and j in the MaxST or ¢ = j; else A(4,7) = w; j,4,j € {1,2,...k}. The
different adjacency matrices to be used henceforth are denoted by symbols listed in Table 5.1.
The elements in the last row and column of Ag, ., contain the weights wy;,i € {1,2,...k}.
Thus, the sub-matrix Bg,,, contains information regarding edges in MaxSTrxr which have
been either preserved or removed involving only the training nodes in S.

With & nodes in the cluster, Ag and By, ,, have dimensions of k x k each, while, Ag, ., has
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Table 5.1: Notations used.

Symbol Property of cluster denoted by symbol

S Set of training nodes in a particular cluster.

k Number of nodes in the cluster.

T Test node.

7 Node with index ¢ in S

e(i, 7) Edge connecting any two nodes i and j

W Weight of edge connecting nodes ¢ and j

e(T,p) Edge connecting the test node T with a specific node p
wrp Weight of edge connecting test node 17" with node p

MaxSTorigiMaxST formed by the set of nodes in S.
MaxSTgxr MaxST formed by including 7" with the nodes in S

Ag Adjacency matrix corresponding to MaxSToric
Aspr Adjacency matrix corresponding to MaxSTgxr
B Sub-matrix obtained from Ag, ., by

SexT deleting its last row and last column.
Yg Sum of the edge weights in the tree MaxSToric
Y Spxr Sum of the edge weights in MazSTgxr
E Set of edges in MaxSToric

Training cluster with test point located within it 2 No change in MaxST
1 1
of . of
At At
R ‘ ‘ ‘ ‘ ‘ R ‘ ‘
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Figure 5.3: Effect of test feature point on the MaxST representation with respect to the nodes of
the training cluster.
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dimensions of (k+1) x (k+1). The k nodes in MaxzSToric are connected by k—1 edges, while
the k+ 1 nodes in MaxSTgxr are connected by k edges. In the feature space, as the Euclidean
distance of T" with respect to the nodes in S becomes larger, its probability of becoming an
outlier will increase. It will be shown that the change in the structure of MaxSTgxr with
respect to MaxSToriq increases progressively, as a test feature point moves farther away from
the nodes in S. A metric ¢ is defined to bring out the relative difference between the tree

structures: MaxSToriq and MaxSTgxr as follows:

5(T) _ ||AS — BSEXTHF (52)
||As||F

The behaviour of §(7") as the location of test node 7' changes in feature space needs to be
investigated with 0 < 6(7") < 1. It is necessary to examine the conditions under which the

outlier score assumes the two extreme values zero and one.

CLAIM::

e CL-1: For any test point in the interior of the training cluster or within the convex hull

of the training set, 6 = 0.

e CL-2: The value of § increases on an average monotonically from zero to one, as the
distance of the test point from the cluster centroid increases. The distance saturates

beyond a certain point d., which a function of the cluster structure.

Proof: Firstly given any cluster of k£ points, this can be partitioned into two disjoint sets of
points: (i) Points or nodes which form the boundary of the convex hull of the cluster (i.e. the
points which are at the periphery, Spounpary = { P, Pa, ..., Py, }) and (ii) Points which are in

the interior of the cluster, SixrerioR = {@1, @2, ..., @k, }, such that,

S = SBOUNDARYUSINTERIOR
SBOUNDARY m SINTERIOR:¢

k1 + ko k

P,Q;e S (5.3)
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While constructing the MaxST, every point in the interior of the convex hull Q); € SinrERIOR,
will connect with one of the boundary points P; € Spounpary only (irrespective of its position
in the interior). It will not connect with another interior point. This subsequently has the

following implications:

e If T is a test point within the convex hull of the training cluster and MaxSTogrq is
the maximum spanning tree generated with respect to the k training nodes, the § score
generated with respect to the maximum spanning tree constructed over the extended set:
Spxr = SUT, i.e. MaxSTgxr is zero. This is because since T' is in the interior of
the hull, no training node will connect with 7. The connections of all the nodes in the
training set will take place with respect to the boundary points alone P; € Spounpary -

Thus the base graph structure will remain same and furthermore,

degree(T in MaxSTrxr) =1 (5.4)

Thus, claim, CL-1 is proved and it follows that,
A0, ) = Bep (i, ), Vi j € {1,2,3..k} (5.5)

wherein the first £ nodes involved in both the incidence matrices are the pre-labelled training
nodes. This same theoretical result has been verified empirically by computing the ¢ scores
over a particular training set. This is illustrated in Fig. 5.4, wherein the training points are
shown in blue and all the test points which register zero § scores are in green, while the test
points which register 4 > 0 scores are in red. The convex hull for this training cluster along
with the boundary points are indicated via a dotted line. All the chosen test points within the
convex hull produce zero § scores, as seen from the green dots within the hull (Fig. 5.4).
Consider a set of nodes i € {1,2,...k} from S (shown in blue) and a test node 7" (shown
in red) distributed in R? feature space as shown in Fig. 5.5(a). The MaxST MazSToric
constructed from the nodes in S are also shown in Fig. 5.5(a). Fig. 5.5(b) shows the MaxST
MaxSTgxr formed by including 7" with the nodes in S. One edge in MaxSTgexr (i.e. e(1,4)))

is not preserved, while two edges are formed in MaxSTgxr connecting T" with the nodes in S.
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5 w w w w w

n- Boundary of E
convex hull ' ’ '
constructed from Cg '
the training
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Figure 5.4: Region in feature space for which § = 0 shown as intersection of circular regions. Taking
each node in set G as the centre a circle is drawn whose radius is the maximum edge weight of the
edge connecting that node.

Test point positions for studying the impact of increasing distance and the angular position-
ing is shown in Fig. 5.6. This impact has been discussed via two plots: (i) Referential ¢ scores
produced for different radii, when the test point is moved radially outward from the centroid

of the cluster along the positive X-axis in increments of d,,;, (Fig. 5.7(a)), where,

dmin - MINi,jES;i#jDS(Z.?j) (56)
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le(L L)l = 8.8716 le(TL ) =93795 "
le(L, L)l =9.8919 LI le(TL,)| = 11.1599
le(L, L)l = 7.4193 le(TL )| = 4.6079
atle(L,Ly)l =12.679 4 le(TL,)l = 1.5483
le(L4L8)l =11.7122 le(TL )l = 6.2675
le(L L)l = 10.6005 'e(TLi )l = 3.0895
le(L;Ly)l = 10.1386 le(TL,)l = 3.8139
le(TL )l = 11.0647

Figure 5.5: Changes taking place in the structure of the MaxST when the new test node T is
inducted.

(ii) For the same radial increments, the delta-scores are computed for radial distances, r, =
k X dpin and random angular positions 6 € [0,27]. The standard deviations are computed
as function of the radial distance in Fig. 5.7(b). On a mean scale, it is easy to observe from
Fig. 5.7(a), that the 0 scores increase monotonically as the point moves out of the cluster and
away from the cluster centroid. When the test point falls outside all the circular zones marked

in Fig. 5.4, the score becomes exactly unity.

5.2.3 Region for which ¢ =0

For a particular training set, let jr be the farthest neighbour of T in MaxSTgxr. In
the formation of MaxSTgrxr, an edge e(i,j), with reference to node i € S is preserved in
MaxSTgxr, when the edge weight wr; is less than the maximum of the edge weights w; ;
taken with reference to ¢ and over all j with e(7,j) € MaxSTorig. This is true for all the

nodes ¢ in S except jr. Thus it can be inferred that 6 = 0 if

w(T,i) < wi Vi € {1,2,...k}
Wirax = MAXuwi;

J #i,e(i,j) € MaxSTorrc (5.7)
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i.e. the nodes in S do not connect with the test point 7', while T' connects with exactly one
node, i.e. jp. This subsequently implies that the degree of T' remains '1’.

In the light of ( 5.7), a circle C; is drawn taking the location of the node i as the centre
and w,,y as the radius. If similar circles are drawn for all the nodes in S, then given a test
node lying outside the region of common intersection of all such circles (as shown in Fig. 5.4),
some of the edges in MaxSTogrrc should not be preserved in MaxSTgx7r. That is 0 should
not be zero in such a case. This point is illustrated in Fig. 5.4, where the nodes shown in blue
form the set S in R? feature space and are labelled as i € {1,2,...8}. A number of test nodes
are distributed in this feature space. The test nodes for which ¢ evaluates to zero are shown in
green; while the others are shown in red. It can be observed that ¢ evaluates to zero for all the
test nodes lying in the common intersection region of the circles C;,i = 1,2, ....8. ¢ is found to
be non-zero for most of the test nodes lying outside this intersection region.

The test node labelled 77 is such an exception. This happens because for 77, ¢« = 7 happens
to be the farthest node in S and 77 also lies only outside the circle C7(and not outside any
other circle C;, 7 # 7). Hence, T cannot connect itself to any node other than ¢ = 7 and replace
any edge connected to the corresponding node, because that would destroy the maximum sum
property of MaxSTgxr. Thus if a test node T lies in the interior of all circles except one, say
C; then 0 = 0 under the condition that the farthest neighbour of T' is the node 1.

It is also to be noted that if any test node T lies in the exterior of more than one circle,
then 0 always evaluates to a non-zero value. In such a situation, there always exists an edge in
MaxSTorig which can be replaced, thus making § # 0. When the location of T is such that
it lies outside all the circles, then Bg, ., = 0(null matrix) and hence § = 1 because none of the
edges in MaxSToriq is now preserved in MaxSTgxr. All the nodes in S connect themselves
to T and this situation was shown earlier in Fig. 5.3(third row, second column).

Although this analysis was carried out in R? space, it holds for higher dimensional spaces

too. In R™(n > 2) space, the circles will be replaced by hyper-spheres.
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5.2.4 Score adaptation accounting for anomalous cases

Now consider the location of the test node T" with respect to the nodes in S as shown in
Fig 5.8. In this case, although the metric § evaluated for T is zero, it is a highly probable
outlier with respect to the nodes in G. Thus, the nearest neighbour distance of the test node T'
with respect to the nodes in G also plays a crucial role in determining whether 7" is an outlier
with respect to the nodes in G. When the test node 1" is at a very large distance from the
cluster G(third row in Fig. 5.3), 0 saturates to a constant value of one and does not increase
with further increase in the distance of the test node. In such a case also the nearest neighbour
distance becomes an important metric to determine the probability of 7" being an outlier. Thus,

in order to determine the probability of a node T being an outlier, the metric ¢ is modified as,

)

n
=

]

Figure 5.8: Test node being an outlier although it is a convex combination of the nodes in G.

A = € X drmin (5.8)
where dp i, is the nearest neighbour distance of 1" with respect to the nodes in S.

5.2.5 Additional notes

With MaxSToric and MaxSTgxr representing MaxSTs, the metric 9 is zero when T is
an inlier with respect to the nodes in S. As the location of T falls outside the cluster formed
by the nodes in S, § becomes non-zero and starts increasing as 1" moves farther away from this
cluster till it saturates to a value of one. Such a systematic behaviour cannot be observed if

MinSTs were deployed instead of MaxSTs.
TH-3084_166102007

115



5. Classification Scheme based on Outlier Detection Framework Using Maximum
Spanning Trees

5.3 Outlier Detection Framework applied to multi-class
classification.

In a multi-class classification scenario, the test feature point is assigned the class label of
that class, for which it has the lowest probability of being an outlier. The binary classification
problem is considered first for the sake of simplicity. It is assumed that the feature points from
both the training classes form a single compact cluster. As shown in Fig. 5.9(a), depending
on whether the test feature point lies completely surrounded by the training feature points of
a target class or not, it can be termed as either an inlier or outlier respectively with respect
to that class. With this notion, for a binary classification problem, four possible cases arise,

which are:
e (ase-1: When the test feature point is an outlier for both the classes.
e (ase-2: When the test feature point is an inlier for class C; but outlier for class Cs.
e (ase-3: When the test feature point is an outlier for class C; but inlier for class Cs.

e (Case-4: When the test feature point is an inlier for both the classes as shown in Fig. 5.9(b).

# Feature points from training data
N # Test data(inlier)
of ¢ Test datafoutler)

@

# Training data(Class 1)
] Training data(Class2)
! U ' ¢ Testdata

" \ DRI

C , A\ ] :" "‘0:""".""' , ’
¢ y ! AN ',co"o ' .

o 4 .|;'"l' v '\.. vl

'

)

Figure 5.9: (a)Examples of inlier and outlier test feature points. (b)Instance when test feature point
becomes an inlier for two overlapping classes.
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Out of these four cases, Case-4 requires special attention; and this situation arises when the
test feature point lies in the overlapping region between the training feature points of two
classes as shown in Fig. 5.9(b). In this case, the test feature point can be claimed as belonging
to either of the two classes. This conflict regarding the membership of the test feature point to
a particular class can be resolved by examining how deep the test feature point lies within the
training feature points from each of the two classes. In such a situation, the test feature point
is assigned the membership of that class corresponding to which it is more deeply embedded
within the training feature points. At this point we digress to find out a metric which gives an

estimate of how deeply a test feature point lies within a particular class.

0%

interior

r
w
-

centroid

Figure 5.10: Variation of 7j,terior With distance from centroid(deentroiq) of training feature points.

Consider the scenario in which multiple test feature points are embedded within the dis-
tribution of training feature points from the target class shown in Fig. 5.9(a). For each of
these test feature point 6 = 0 with respect to the target class. Let Nygr denote the number of
triangles formed by choosing triplets of feature points from the training data. For a training
set with k£ nodes, Ny = (’;) Let Niuterior denote the number of triangles which have the test
feature point in their interior. The deeper the test feature point lies within the training data,
the higher the value of Njuerior Will be. The methodology used to determine whether a test

point lies inside a triangle whose vertices are given is described in [77]. The metric Niyserior 1S
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normalized with respect to Nyr to make it invariant to the number of training feature points
within a class. A normalized metric is defined as:

Ninterior
interior = 1 — 5.9
Tint Nor ( )

A plot of 7jserior Versus the distance of the test feature point from the centroid of the training
cluster deepiroig 18 shown in Fig. 5.10. As the test feature point moves farther away from the
centroid, Niierior Keeps decreasing and hence rjyierior keeps increasing. Thus 7;,ierior gives an
indication of how deep the test feature point lies within the training data. The metric 7,serior
has been developed when the feature points are distributed in R2. For the more general case
when the feature points are distributed in R™, 7;,zeri0r can be evaluated by projecting the feature
points from R" onto R? space by using a random projection matrix [78]. Random Projection
Matrices(RPM) have been preferred over other dimensional reduction methods because they can
more accurately preserve the Euclidean distances between feature points in lower dimensional
projected space as compared to other dimensional reduction methods like Principal Component
Analysis or Discrete Cosine Transform [79]. While projecting the feature points from the higher
dimensional space onto the lower dimensional space, the RPM introduces some noise in the
distances between feature points in the projected space. This noise can be reduced by taking
multiple projections of the feature points in the lower dimensional space using multiple RPMs
and averaging the distances between feature points. Consider a set of training feature points
forming a compact cluster in R'*®. The choice of R!® as the higher dimensional feature space is
motivated by the fact that the feature points fMV4%LE generated for the pig breed classification
problem(as will be discussed later in Section 5.4) lies in R'®. All the feature points in R'® are
projected onto R? using n;, different random projection matrices. Considering any pair of two
feature points in R'®, the ratio ¥ is defined as

dy

ri = B2 (5.10)
d,

where dﬁglg and dﬁg; are the distances between feature points ¢ and j in R'® and R? feature
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space respectively. This ratio needs to be constant Vi, j, so that the cluster in R'® is properly
projected in R2. However, because of noise introduced by the RPM, r“ is not maintained
constant Vi, 7 and there is some non-zero standard deviation associated with it. As Fig. 5.11
shows, the standard deviation in 7% can be reduced by taking multiple projections of the feature
points. After projecting the feature points in R? for n;, different instances using n;, different
RPMs, the distances between each pair of feature vectors is averaged over n;, instances. These
mean distances between each pair of feature vectors 7/ is used to calculate r* using ( 5.10). If

there are k feature points in the cluster, then

X \/ Sl S = )’
" k

with, p, = (5.11)

Dict Zj:l v
k

denotes the standard deviation of the ratio 7. A plot of o, against n,, is shown in Fig. 5.11.
The standard deviation of the ratios r*, Vi, j decreases as n;, is increased, i.e. the ratios become
uniform. Thus the distribution of the feature points in lower dimensional feature space can be
made a more accurate representation of the distribution in the higher dimensional feature space
by using multiple RPMs and then averaging.

The effect of using multiple instances of RPMs and subsequent averaging on the § values is
also investigated. A set of 10 test feature points is randomly distributed in the R!® feature space
mentioned above such that ¢ is zero for all of them. Thus ideally 6 = 0 should be preserved for
each of these test points in the lower dimensional projected space R? as well. If a test feature
point lies in the periphery of the cluster formed by the training feature points in R!®, there is
a chance that in R?, § # 0 for some of these points because of noise introduced by the RPM.
The effect of averaging the values of § on noise reduction can be explained with the help of
observations made in Table 5.2. All the feature points(both from the training cluster as well
as the test feature points) in R'® are projected onto R? using n, different random projection

matrices. Let the § value obtained for the pt*. p = 1,2, ...10 test point in the ¢**,¢ = 1,2, ....np,
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Figure 5.11: Plot of o, against n,.

Table 5.2: §, values as a function of averaging over different number of instances(ny,).

p=1lp=2p=3p=4p=5p =6p =7p =8p =9p = 10
Nin =5 |0 0 0 0 0 0 0 0 0 0.0511
N;n = 100 0.0504/0 0 0 0 0 0 0.0154/0
N = 15|10 0 0 0 0 0 0 0.0070(0 0
n;n = 20[0 0 0.0052(0 0 0 0 0 0 0

instance be denoted by d,,. The mean value of § for the p™ test point over n;, instances is

given by

5.12
-~ (5.12)

opes

Table 5.2 tabulates the values of 9, for different values of n;,. It can be observed that for a given
value of n;, most of the test feature points have d, = 0 even in R?, except for a very few ones.
Within these very few points for which ¢, # 0, the deviation of d,, from zero decreases with
increasing n;,, and this decrease in value saturates beyond n;, = 20. Thus, for a given set of
data points lying in a high dimensional feature space, if we project it into a lower dimensional
feature space using multiple number of random projection matrices and average the results,
the noise introduced due to this projection gets reduced. The reduction in noise increases with

increase in the number of n;,.
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In order to reduce the distortion introduced by these matrices, the metric 7;,seri0- 1S evaluated
for a number of different instances of RPMs and the results are averaged. Thus, if T;nierior
denotes the mean of 7,000 Over different instances of RPMs, we define another metric A
which gives a measure of how deep within the cluster of training nodes the test node lies.

A=Ax Tinterior (513)

In a binary classification problem, if the test node is an inlier with respect to both the
classes, then the metric A is evaluated for both the classes and compared; in all other cases the
metric A is compared to obtain the class label C'L. The test feature point is assigned the class
label with lower value of A/A. In the context of the above discussion, a test point is treated

as an inlier if it satisfies two conditions:

0=20

A7 min < maxd ™ (5.14)

where d,in, is as defined in ( 5.8) and d¥? is the nearest neighbour distance of the i feature
point in the training cluster. For the multi-class problem the extension is as discussed next.
Let n¢, denote the number of clusters obtained for class C; using the methodology described
in Section 5.2.1. During the testing phase, let AJC denote the metric obtained using( 5.8) for

the 5% cluster of class C;. Then the metric

Ag, = mjinAéi, (5.15)
=12, ..nc, (5.16)
i=1,2,..M

corresponds to the proximity metric of the test feature point to the closest cluster in class C;.
For each of the M classes, the test feature point is examined to determine whether it is an

inlier(in the context of satisfying the conditions in ( 5.14)) or not with respect to its closest
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cluster in a particular class. If the test feature point is an inlier with respect to one class only
or it does not turn out to be an inlier with respect to any of the classes, then the test feature

point is assigned a class label C'L according to

CL = argmin/A;,, (5.17)
i
1 =l 22l
On the other hand, if the test feature point turns out to be an inlier with respect to two or

more classes, then A¢. is evaluated for each of these classes and the class label C'L is assigned

according to

CL = argminAci, (5.18)

i=1,2,..M

5.4 Modified Feature Sets

In addition to the colour and texture attributes described in Chapter 3, some new attributes
have been developed to make the feature sets more robust. To avoid interference from the
background region containing part of the pig’s face and the surroundings, the muzzle region is
segmented out from the background using the method described in Chapter 2. The modified

sets of colour and texture features are discussed in the following subsections.

5.4.1 Colour features
Colour feature extraction starts by scanning the pixels which satisfy the following criteria:
e The pixels should lie within the segmented muzzle region.

e The pixels lying within the muzzle region but not carrying any details of the muzzle
surface, which can be identified from the Gradient Significance Map(GSM) described

in [8].
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(a) Original Image

(d) BM 3 (e) BM (f) Segmented Image
eff obtained with BMeff

Figure 5.12: The different binary maps generated and the corresponding effective mask for selecting
the pixels to be used for colour feature extraction.

e Pixels with intensity component above a threshold(set to 240 in our case for intensities
taking values in range 0 to 255) are not considered as these pixels are affected by specular

reflection.

An effective binary mask BM.ss as shown in Fig. 5.12 is generated fulfilling the above three
criteria to select the pixels from the muzzle surface from which the colour information is to be
extracted. For a muzzle image, if BM; denotes the binary segmentation map obtained using
the procedure mentioned in [53], BMs denotes the GSM and B M3 denotes the specularity map,

then BM.y is obtained as

BM,;; = BM; x (F — BM,) x (F — BMs) (5.19)

where F is a binary 2D map of the same size as BM;, BMy; and BMj3, but with all the
elements equal to 1. The multiplication is done on a pixel by pixel basis.

Two sets of colour features have been used which are
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o The first set of colour feature foq consists of i, and jic, as the attribute. These attributes
have been discussed and derived in Chapter 3 and represent the mean of the (', and C.,
components of all the pixels on the segmented muzzle image. The use of this colour
feature set is motivated by the fact that pc, and pe, should be distinct for each of
the four breeds. The values of pc, and pe, should be more prominently distinct for
Hampshires and Yorkshires because Yorkshire muzzle images are completely pink while
Hampshires are partially pink in nature. Coming to Duroc and Ghungroo, the muzzle
images of most of Duroc are powdery black while some are dual colored like Hampshires.

Ghungroo muzzle images are mostly greyish black in nature. Thus

fer = pe, e, (5.20)

e The second set of colour feature foo consists of a single attribute only and it is the ratio
of pink area to the entire area within the segmented muzzle region. For Yorkshire muzzle
images, ideally this ratio should be equal to 1. For Hampshires, this fraction should be
between 0 and 1, (ranges mostly from 0.2 to 0.75); for Ghungroo muzzle images this
ratio should ideally tend to zero, because Ghungroo muzzle images are completely gray
in colour. In the case of Duroc, most of the pigs have a powdery black muzzle with a very
small pink region(less than 10% of the segmented muzzle region), while a few of them

have a pronounced pink region like Hampshire.

The pixels which are identified by the effective binary mask, need to be labelled as either
grey or pink. For pixels belonging to the pink region, the R component in the [R G B|colour
vector is greater than the other two. This property is used for a rough identification of the pink

region. For the i pixel if the colour vector is [R; G; B;], a metric is proposed for this pixel as

Gi+ B;

2

(5.21)

If M; > TH, where TH is a pre-set threshold; then the " pixel is labelled as pink(P), else
grey(G). The [R G B] vector for these labelled pixels is transformed into the YCbCr space. This
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transformation is done in order to decouple the luminance and the chrominance information of
each pixel. In the YCbCr space, the Cb and Cr components i.e. (Cy, C,) completely represent
the colour information. Thus, the vector [R; G; B;] for the " pixel in the RGB space is
transformed into x; = [Y; G, C),] in the YCbCr space. The truncated vector C; = [Cy, C,]
suffices for our purpose since we do not need the luminance information. Each such colour
vector C; has the associated label L; € {P, G}.Such labelled colour vectors are collected from
a set of training muzzle images across all the four breeds. Two separate bivariate Gaussian
distributions G s, and G, 5~ are learnt from the data corresponding to the two classes
labelled {P,G}. Here p and o are the mean and covariance matrix of the bivariate Gaussian
distribution. When a query muzzle image comes, each of the pixels encompassed by the effective
mask are tested using a maximum likelihood ratio. Thus if C; represents a colour vector from

a query muzzle image, then the ratio

p; = G#P,ZP(CJ') (5 22)
’ GNG:ZG (C])
decides as to whether L; is to be assigned P or G.
Pifp; >1
L;= & (5.23)

Let nyini denote the number of pixels with L; = P and ngye, denote the number of pixels with
L; = G. Then the fraction of pink area within the segmented muzzle 7,,,..i., which forms our

colour attribute for fco is defined as

Npink
fC2 = Nmuzzle = a — 5.24
Npink + Ngrey ( )

The effective colour feature is formed as

fo = [fe1 fez (5.25)
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5.4.2 Texture features

The texture feature vector defined in ( 3.21) and denoted as frgpx which is based on the
GSM and the Morphological Tophat operator as discussed earlier in Chapter 3 have also been
used here. Two more texture feature sets have been proposed in addition to this. The first
feature set involves computing the proportion of gray region which is covered by textural details
and is denoted as foravpensiTy. If ng represents the number of pixels with structural details
in the gray region of the muzzle and ng represents the number of pixels in the gray region of
the muzzle, then

ng

faraypensiTy = [—] (5.26)
ne

The number of pixels with structural details is obtained from the GSM and the gray region of
the muzzle is obtained using the method described in Subsection 5.4.1.

The second feature set involves finding out the amount of non-textural/uniform areas in
the muzzle region and is denoted as fynrrora. The GSM is divided into equal sized non-
overlapping patches of size 32 x 32. The proportion of non-foreground pixels(which represents
the uniform areas) within each such patch is computed which are termed as the patch statistic
ps, 0 < p, < 1. With a patch size of 32 x 32 for a 512 x 512 image, there are a total of
16 x 16 = 256 patches and their corresponding patch statistic. A histogram of 100 bins and
uniform bin-width of 0.01 is constructed with these patch statistic values. Let pcos, pesg and
pcrs denote the 25", 50" and 75" percentile of the patch statistics data as obtained from the

histogram. Then fynrrorwy is defined as

f UNIFORM = [M25 M50 H75 Mloo] (5-27)

where, po5 is the mean of all the patch statistic values between 0 and pcaos, 50 is the mean of
all the patch statistic values between pcos and pcsg, prs is the mean of all the patch statistic
values between pcsg and pers and juq9p is the mean of all the patch statistic values between pcrs

and 1. The effective texture feature vector is then formed as,
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fr = [frex feravpensrry funiroru] (5.28)

The colour and texture features derived in this section are fed as input to the MaxST based

classifier described in Section 5.2.

5.5 Experiments and Results

The performance of the multi-class classification scheme developed in Section 5.3 is evaluated
on the pig breed classification problem using muzzle images and the results are compared
with some state-of-the-art multi-class classifiers. The dataset used and the scheme used for
splitting the dataset into training and testing parts are the same as discussed in Section 4.3.1.
The effective colour and texture features derived in Chapter 3 are concatenated to obtain the

composite feature point fMUZZ4LE

fMUZZLE — [foT]; (529)

The calculation of AJ@ for j =1,2,..n¢,,i = 1,2,3,4 using ( 5.8)requires the involvement of
two matrices Ag and Bg,,,. The computation of the matrix Bg,,, requires the test feature
point and hence its calculation is done in the testing phase. On the other hand the computation
of the matrix Ag requires only the training feature points. Let Ag denote the adjacency matrix
obtained for the j** cluster of the i class. So the total number of adjacency matrices to be

learnt in the training phase is
N=> ne (5.30)

If a test feature point satisfies the conditions of ( 5.14) for two or more classes, then A needs
to be evaluated for these classes and the class label C'L is assigned according to ( 5.18). To
evaluate A according to ( 5.13), first Tiuserior needs to be computed. The computation of
Tinterior USINg ( 5.9) involves projecting the training feature point as well as the test feature
point to the R? space using random projection matrices. The number of instances n;, over

which 7;,terior 18 to be computed to obtain 7,ier0r is very crucial from the point of view of
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Table 5.3: Mean classification accuracy for 100 iterations and their standard deviations for different
values of ng,.

Nip = D ni, = 10 N, = 15 N, = 20
Duroc 90.61(7.28) (91.32(7.31) [92.44(7.37) [93.26(7.22)
Ghungroo (96.42(5.37) [96.98(5.09) [97.16(4.88) [97.19(4.35)
Hampshire90.87(11.07)91.73(10.46)(92.78(10.58)(93.61(10.21)
Yorkshire (100(0) 100(0) 100(0) 100(0)

Table 5.4: Mean classification accuracy for 100 iterations and their standard deviations.
O lierSVM . .
Proposed " k-NIN Decision

approach |(Gaussian _
method in [5] kernel) (k = 10) [Trees

Duroc  [93.26(7.22) [36.45(12.05) [36.96(9.92) [83.66(12.49)[77.46(16.61)
Ghungroo [97.19(4.35) [93.02(7.46) [93.95(8.05) 95.2(6.92) [89.93(11.75)
Hampshire93.61(10.21)[86.91(12.51) [89.54(12.74)[85.9(13.79) [76.81(15.28)
Yorkshire [100(0) 08.54(4.84) [99.88(0.91) [100(0) 95.63(5.43)

|||

Table 5.5: Confusion matrix for proposed algorithm.

Actual Predicteg Duroc/Ghungroo|Hampshire|Yorkshire
Duroc 66 3 % 0
Ghungroo 3 83 0 0
Hampshire 3 1 67 1
Yorkshire 0 0 119

minimizing the noise induced by the random projection matrix to the data distribution after
projection in R? space. The impact of the choice of n;, on the classification accuracy are
shown in Table 5.3. The training and testing were carried out for 100 iterations with different
random combinations of training and testing muzzle images. Completely separate sets of pigs
were used in training and testing. The mean classification accuracies along with their standard
deviations(in parenthesis) over 100 iterations, are listed in Table 5.3. It can be observed from the
Table that the classification accuracies tend to improve with increasing n;, which corroborate
with the observations made in Table 5.2. These accuracies saturate beyond n;, = 20. The
improvement in the classification accuracies with increasing n;, clearly shows the significance
of using multiple RPMs and averaging the results in the lower dimensional space as discussed

in Section 5.3.
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Table 5.4 compares the classification accuracies obtained using our method with some state-
of-the-art classifiers in literature. The superiority of the proposed classifier can be observed
from the results in Table 5.4. The proposed classifier combined with the refined set of features
gives better classification results as compared to what was obtained using the hierarchical
classification scheme listed in Table 4.9. The confusion matrix obtained using the proposed
method is also shown in Table 5.5. From the table it can be observed that the maximum
confusion arise between two pair of breeds which are: Duroc/Ghungroo and Duroc/Hampshire.
Duroc/Ghungroo confusion comes from texture(a very few Duroc pigs have texture density
similar to that of Ghungroo) as well as colour front(muzzle images of both breeds are mostly
shades of grey). The other confusion between Duroc/Hampshire comes from the fact that both

the breeds contain some pigs which have identical fraction of pink region in their muzzle images.
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6.1 Outlier Detection Methods in literature

As discussed in chapter 5, based on the MaxST representation learnt for a particular cluster
of a given target class, a test feature point is assigned an outlier score during the testing phase.
It was observed that when the test feature point 7" lies inside the cluster, the metric §(7") in
( 5.2) evaluates to zero, irrespective of the location of the test point inside the cluster. Thus,
when this outlier detection framework is applied to make inference about the class label of a
test feature point 7" which lies in the overlapping region of two or more classes in a multi-class
classification problem as discussed in Section 5.3, a metric 7;,serior Was proposed which provides
an estimate of how deep within the cluster, a test feature point lies. There are two issues in

the computation of the metric riperior using ( 5.9):

e The computation of the metric Tiyerior using ( 5.9) involves checking the number of
instances over (];) triangles for which the test feature point lies inside, where k is the
number of training feature points within the cluster. For even small to moderate values

of k, the computational complexity becomes very high.

e The projected data in R? is affected by noise due to the use of Random Projection Matrices

as discussed in Section 5.3.

In order to avoid these two issues, a new formulation is proposed based on both MaxST and
Minimum Spanning Trees(MinST). The MinST is used to assign outlier scores to the test
feature point based on its positional arrangement with respect to the feature points of the

training cluster, when the test feature point lies within the cluster.

6.1 Outlier Detection Methods in literature

Given a cluster of data-points, it is important to first build a stable, robust and compact
model for cluster. When constructing the natural inlier boundary surface covering most of the
training points, the construction procedure must draw a line between extreme data-sensitivity
and over-generalization. If the boundary-surface is data-sensitive, then the model will not be
stable, since not all training points can be considered typical model-representatives (some of

them can be noisy inlier points atypical of the model being represented).
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Extreme data-sensitivity, is typically the problem with localized outlier detection frames [80—
82], where the test data-point is placed along with the training set/cluster and a conformity
check is done about the test-point location. This local conformity check of the test data-point
can be performed in terms of parameters such as number of nearest neighbours [83], point
density profile [80], degree of connectivity [81] etc.

Minimum spanning trees (MinSTs) are useful in binding data-points which have a high
correlation or statistical similarity. For datasets wherein the data is either limited and/or the
clusters have an arbitrary shape, MinSTs can be used to generate the back-bone or skeleton
about which the shape of the cluster coupled with the tolerance bands can be produced [64].
In Juszczak et al. [64] the authors proposed a method named MST-CD in which the MinST
was used as a cluster-descriptor for the target class. Once the cluster-model was generated, the
distance of the test data-point from the closest edge in the MinST was chosen as the outlier
score.

Localized pattern checking works best when the training data exhibits some form of a regu-
larized pattern over space, not necessarily completely homogeneous, but with some variability
which can be tracked and profiled. This clearly does not mean that if one positions oneself at
a particular data-point in space, the statistical view will be the same and independent of the
data-point picked. This means that when positioned at a particular point, its statistical view
is likely to be similar to its k-nearest neighbours. Beyond this there will be a change in the
statistical profile, whether this happens to be in the form of a density map or some other form
of crude statistic based on the k-nearest neighbourhood distance profile.

Among the unsupervised methods, the most classical one is the k — NN which uses the
distance of the k' nearest neighbour as the outlier score. Such a method also purely relies only
on distance of the nearest neighbours. An example from literature is the Local Outlier Factor
(LOF) which considers the ratio of the density of a test point to the density of its k& neighbouring
points and assigns an outlier score based on this ratio. In [84] the authors demonstrate a case
in which the efficacy of the LOF will reduce when the density of the neighbouring points is

close to the density of an outlier test point. Among other popular methods based on nearest
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neighbours are the ODIN [81] and RBDA [82].

In ODIN [81], the scores are assigned based on the number of instances for which a test
point lies within the k-nearest neighbours of the remaining data. In other words the degree of
connectivity of the test point with its neighbours, is established based on similarity in certain
local statistical parameters such as density etc. In RBDA [82], the average proximity rank of
the test-point is produced with respect to its k£ nearest neighbours, considering the distance
profiles of neighbours of these immediate neighbours. This is an indirect spatial continuity
check and in subtle way indicates whether the inclusion of the test point has changed anything
at all with respect to the local distance profile pattern (about the test point).

Converging at the best possible statistic to measure statistical conformity of a test point
about a local neighborhood, has been the motto of most of these local outlier detection frames.
Arriving at first set of k nearest neighbours based on a minimum distance threshold is essentially
a catch-22 problem [81]. These nearest neighbour methods do not consider the distribution of
the entire data from target class (i.e. uni-modal or multi-modal, the bigger picture is usually
lost). These methods are sensitive to the selection of the parameter k. Fig. 6.1 shows the
variation of the performance metric AUC-ROC of the two nearest neighbour algorithms ODIN
and RBDA. It can be observed that for the ”Ionosphere” dataset the AUC-ROC value improves
with increasing k for both the methods and finally saturates to a constant value. However, for
the " Glass” dataset the trend is completely different. The performance improves with increasing
k till it reaches an optimum value, beyond which the performance again falls. Thus the value
of k£ which is the most crucial parameter of nearest neighbour algorithms has to be adjusted
depending upon the nature of the dataset.

There always remains an uncertainty whether the right and pertinent neighbours have been
chosen in this primary set for further analysis. Thus, a pre-screening strategy was introduced
by Tang et al. [80], wherein, data points which belonged to either the k nearest neighbours
or k reverse nearest neighbours or k£ shared nearest neighbours were used to form the primary
local-set over which the conformity check was to be performed. A reliability check was done

to find out whether the subsequent outlier detection process resulted in a detection of a test
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AUC values as a function of & for ODIN AUC values as a function of k for RBDA
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Figure 6.1: Variation of AUC-ROC values as a function of the number of nearest neighbours k for
two different nearest neighbour methods ODIN and RBDA.

point within a compact spherical region encompassing the three different types of neighbours
used for this analysis. While conformity checks are useful, they assume the datasets to be
largely homogeneous in space with a slight variability. For datasets (e.g. ”Glass” and ”Musk”
as discussed in Section 6.3), which contain several micro-clusters and are of a sparse and
heterogeneous type, these methods may not be that effective.

In another variant, instead of using a single value of k (k, now a locally variable parameter),
the authors in [85] propose a method called TOD in which the information regarding the
nearest neighbour distances obtained for multiple values of k are combined. For each instance
of k, the product of k' nearest neighbour distances of two data points is computed for all
possible pairs and stored in a matrix. The information regarding the deviation in this product
across the range of k is combined for all the pairs of data points (¢,j). Finally, by choosing
triplets of data points and based on a triangle inequality theorem, the points with the highest
nearest neighbour distances across a range of values of £ is found out and assigned as outliers.
However, the lack of a systematic procedure for the proper choice of the range of k values along
with the complexity of the method results in a poor performance on many standard datasets.

In Danesh et al. [86], the primary data was assumed to be a composition of multiple smaller
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clusters and a combination of both labelled and unlabelled samples. To detect the most negative
samples which are unlikely to be a part of the main model, an outlier detection scheme named
EODSP was presented. For all the unlabelled samples, the posteriori probability that the
sample belongs to one of the classes, say C;, was computed based on a normalized relative
distance from that class centroid from C;. For each unlabelled sample an entropy measure was
computed over all the classes with the class-posteriors as a base. Any skew in the conditionals
would be indicative of a cluster proximity and hence, the test-sample is likely to be an inlier.
Thus, higher entropy scores are likely to indicate that the test-point is most likely an outlier.
The problem in using this information for outlier detection is that micro-details are lost as the
computations are global. This approach will also fail for cases where the data can be properly
split into several compact clusters (i.e. for datasets such as " Musk”).

Data pre-processing and massaging helps in streamlining the training data so that irrelevant
details are ironed out and the subsequent model remains robust to intra-class variations. Fur-
thermore, this channelization helps in detecting outliers more reliably. There are some datasets
such as ”Breast(diagnostic)”, wherein the number of attributes or the dimensionality of the
data d = O(n), where, n is the number of training samples. Under these circumstances, the
problem demands a compaction of the feature vector by removing attributes which are redun-
dant and where either the variability [87] or dependence [88] is minimal. This can be done via
a variability check using an eigen-space analysis [87].

In Riahi et al. [89], a method named SODEP was proposed, which used Principal Component
Analysis to divide the feature space into three different sub-spaces, on the basis of the variance
associated with each principal component, outlier scores are evaluated in each of these sub-
spaces and finally they are combined to generate an overall outlier score. In [87], another
method named mRMRD is proposed in which the subspace is formed from the dimensions
along which the density of the data varies the most. The criterion used to select a particular
dimension is based on the mutual information between the distribution of data density in
feature space and along that particular dimension. A particular dimension is retained in the

subspace if it has a sufficiently high mutual information. Owing to the truncation of some of the
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attributes, coarse structural information is lost and original shape of the cluster (if monolithic)
is compromised to some degree. This affects the performance of sub-space based methods
particularly for datasets where the data is heterogeneous and sparse (i.e. where the clusters

are not well defined), e.g. ”Glass” and ”Musk”.

6.2 Proposed Framework for Outlier Detection

The proposed outlier detection framework is an extension of the method described in Chap-
ter 5 which uses a MaxST formulation. In the current framework, we use a MinST in conjunction
with a MaxST. While the MaxST is more sensitive in terms of the structural change induced by
the test feature point 7" when T lies outside the cluster, the functionality of the MinST is just
the opposite i.e. the structural change in the MinST depends on the location of T" within the
cluster. Thus the functionality of the MaxST and MinST complement each other in assigning
outlier score to the test point 7. The training process of the proposed outlier detection frame-
work is similar to the one outlined in Section 5.2, which involves first splitting the training data
from the target class into multiple compact clusters and then learning MaxST representation
for each such cluster. In the current framework, both MaxST and MinST representations are
learnt for each of the compact clusters into which the training data has been split into. The
process of splitting the training data into multiple compact clusters, the learning of MaxST
representation and the associated testing scheme has been described in detail in Section 5.2.2
respectively. The learning of MinST representation along the associated testing scheme and its

efficacy are described next.

6.2.1 Score generation for test-points in the cluster interior based
on MinST analysis

When the test-point falls inside the cluster (or within the convex hull), the MaxST § score

ends up being zero. There is therefore a need to modify the scoring to assess how deeply the

test-point is embedded inside the cluster. This assessment is done via a MinST analysis. Hence,

what cannot be derived from the MaxST analysis is provided by the MinST analysis. Thus two
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graphical models, one based on MaxST and the other based on MinST are required to cover

both scoring-angles related to the exterior of the convex hull and the interior respectively.

-
* Nodes from training cluster
sk * Test node

Figure 6.2: Two test nodes with different positional arrangements with respect to the nodes in G.

As observed from the discussions in Section 5.2.2 and Fig. 5.4, for a test node T', which lies
either inside the convex hull of the cluster or in the vicinity of the cluster, the metric dy4x(T)
evaluates to zero. In such a case depending upon the positional arrangement of the test node
with respect to the nodes of the training cluster, it’s probability of being an outlier with respect
to the nodes of S will change. For instance, consider the two different positional arrangements
corresponding to two test nodes T and 75 with respect to a set of nodes GG from a training
cluster as shown in Fig. 6.2. Although, both 6(7}) and 6(7%) evaluate to zero it is quite evident
from Fig. 6.2 that test node T belongs more to the cluster G as compared to T5. That is Tp
should have a higher outlier score as compared to 7. Thus the metric A(7") can be modified
further to include the effect of this positional arrangement of the test node T

It has been observed that in the formulation of 0,4 x (7") described in Subsection 5.2.2, if the
MaxST is replaced by a MinST, then the information regarding the positional arrangement of 7'
can be within the convex hull can be captured. This observation is shown in Fig. 6.3 for the two
test nodes T and T5. Here, the notations MinSToric and MinSTgxr have the same meanings
as their MaxST counterpart in Section 5.2.2. Since, T} is surrounded by many neighbours from
(G, it induces a higher change in the MinST structure. As a result, it registers a higher value
of 6 = 0.6167 as compared to § = 0 for Ty. Let dp7n(T) denote the counterpart of dprax(T)
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Figure 6.3: Two test nodes with different positional arrangements with respect to the nodes in G.

in (Eqn. 5.2) using the MinST construct. Then, the score positioned as an inlier-outlier with

respect to the k" cluster is given by Sy, (T) and is defined as,

Sy (T) =1 — dnin(T)
|AMIN _ pMIN

Spxr||F
wh€T€,5M]N(T) = ||AM[N||EFXT (6.1)
S

where the matrices A{™" and BN also have the same meaning as their MaxST counter-
part. Similar to the metric 0y ax (7)) derived in (Eqn. 5.2), dp v (7T) also satisfies the property
0 < dprn(T) < 1. With this formulation, greater the change induced by the induction of the
test point in the MinST, larger will be the d,,;5 score. Hence, deeply embedded test-points in

denser zones are likely to generate higher values of dy;;n.

6.2.2 Overall Outlier Score from MaxST and MinST analysis

Given the training data from the target class which contains multiple compact secondary

clusters as identified by the method described in Section 5.2.1, the outlier scores are gener-
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ated for each of these clusters. Let M denote the number of such clusters and Sy;ax,.x) and
Suvinpk), k= 1,2,...., M denote the MaxST and MinST outlier scores respectively generated
for each such cluster, with respect to a particular test-point 7. Then the outlier score for the
target class with respect to either the MaxST or MinST formulation is decided by the outlier
score of T' corresponding to its closest cluster in the training data. Thus if SMINyax,. (T)

denotes the outlier score for the target class with respect to the MaxST formulation, then

SM]NMAXT(T): min SMAXT(k)(T)

k€l,2,.M

where, Syax, (1) = 6(T) (6.2)

d(T") being defined according to ( 5.2). Similarly, if SM 1Ny, (1) denotes the outlier score

for the target class with respect to the MinST formulation, then

SMINM]NT(T) = kerlngnM SMINT(k)(T) (63)

where Sarrn, ) (T) is defined according to ( 6.1). The overall outlier score can be written

as,

SOUTLIER = (SMINM]NT(T) + SMINMAXT(T)) X dNN(p7 T) (64)

where, dyn(p,T) is the mean of the p-nearest neighbour distances to test-point T and
SMINyax,(T) and SMINy N, (T) are given by Equations Eqn. 6.2 and Eqn. 6.3 described
earlier. Including the nearest neighbour distance in the formulation is extremely important
since both the Overall-MaxST and the Overall-MinST normalized scores saturate beyond a
particular distance. At that point the nearest neighbour distance becomes necessary, as an

absolute spatial reference.
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Figure 6.4: Effect of TH on the number of fragments generated.

6.3 Experiments and Results

The performance of the proposed outlier detection framework is mainly dependent on two
parameters. The first parameter is the threshold T'H described in Section 5.2.1 which controls
the number of fragments into which the target training data is split. To illustrate the effect
of the parameter T'H on the number of fragments generated, consider the synthetic dataset in
Fig. 6.4.

Fig. 6.4(a) shows the nodes from a target class distributed in feature space and the MinST
constructed out of these nodes. The histogram constructed out of the edge weights in the MinST
is shown in Fig. 6.4(b). It can be observed that there are long as well as short string of nulls
in this histogram. Two different points in the histogram denoted as C; and C5 corresponding
to values of TH = 0.95 and TH = 0.85 are also shown. The different fragments generated
using these two values of TH are shown in Fig. 6.4(c) and (d) respectively. Although the set
of nodes shown in blue in Fig. 6.4(c) can be treated as a single cluster, this set of nodes is split
up into two different clusters as shown in Fig. 6.4(d) when T'H is changed to 0.85. This over
fragmentation happens because as we reduce the value of TTH many more string of prominent

nulls participate in deciding the value of the threshold er. The effect of over fragmentation
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on some real world datasets will be shown when we consider the performance analysis of our
outlier detection framework on these real world datasets.

The second parameter which we denote as r,,;, sets a limit on the minimum size of the
cluster(after fragmentation); satisfying which it can be considered for further processing. Here
T'min denotes the minimum fraction of the total number of data points which is required to be
present within a cluster after fragmentation. The parameter r,,;, is important because it tends
to reject some of the noisy nodes within the training data and hence improves the efficiency of

the MaxST representation. In all our experiments, we set 7, = 5%.

6.3.1 Performance evaluation of outlier detection framework

The UCI repository [90] consists of several datasets of different sample sizes and dimensions.
The multi-class problems are transformed to one-class by selecting one of the classes as the
target class and the rest as outlier. 30% of the data from the target class are randomly selected
for training and the remaining 70% data form the target class as well as the entire outlier
data was kept for testing. Thus our outlier detection framework uses data from the target
class alone for training purpose unlike many other outlier detection framework in literature.
The Area Under Curve(AUC) obtained from ROC [91] can be used to assess the performance
of one class classifiers and is one of the most popular metric for this purpose. Higher values
of AUC indicates better performance of one class classifiers. A value of AUC less than 50%
indicates that the performance of the one-class classifier is worse than random guessing. In our
experiments, the training and testing cycle was carried out for 20 times with different training
and testing data and the mean AUC values over 20 iterations have been recorded. The datasets
used from the UCI repository for the performance evaluation of our outlier detection framework
along with their details are mentioned in Table 6.1.

As can be observed from Table 6.1, the datasets chosen contain both low dimensional as
well as high dimensional data. The high dimensionality of a dataset affects the performance of
any machine learning algorithm due to the phenomenon of curse of dimensionality [92].There

are datasets with different number of training samples as well. The effect of the parameter
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Table 6.1: Datasets used from the UCI repository with their descriptions.

# of instances from|# of outlier Dimension
Datasets .
target class instances |of data
Ionosphere 225 126 33
Glass 205 9 9
Musk 2965 97 30
MNIST 6903 700 166
Breast
(Diagnostic) 357 3 29

L L |
-15 -10 10 15 -30
"

5 0 5 -;0 -1‘0 g L 1‘0 2‘0 30
(a) t-SNE map for training data from "Glass (b) t-SNE map for training data from

"Breast(Diagnostic)"

Figure 6.5: Visualisation of the training data from the ”Glass” and ”Breast(Diagnostic)” datasets
in R? space.

TH on the AUC values are first observed. Table 6.2 shows the AUC values obtained for the
datasets mentioned in Table 6.1 for different values of TH. The AUC values show some change
with variation in T'H for the datasets ”Glass” and ”lonosphere”; whereas for the remaining
datasets there is virtually no change in the AUC values with TH. For the datasets ”Glass”
and "Tonosphere”, the AUC values tend to show some improvement with increasing T'H. This
phenomena of AUC values changing with T'H for some of the datasets, while not changing for
the others can be attributed to the nature of the dataset. Consider the distribution of training
nodes in feature space from two different datasets: ”Glass” (for which the AUC values change

with TH) and ”Breast(Diagnostic)” (for which the AUC values do not change with TH). The
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Table 6.2: Variation of AUC values(in %) with TH.

Datasets |TH = 0.6/TH = 0.7/TH = 0.8 TH = 0.9|TH = 0.99
Tonosphere |94.19 94.75 95.08 96.13 95.89

Glass 85.50 84.43 84.83 86.06 87.24

Musk 99.95 99.95 99.95 99.95 99.95
MNIST  [92.75 93.00 92.89 93.02 03.23
Breast 1o 77 94.49 94.90 95.21 95.03
(Diagnostic)

visualization of these datasets is done in R? space by projecting the data in R? space using the
t-SNE [38] mapping method. These visualizations are shown in Fig. 6.5. The t-SNE maps show
that the training nodes from the dataset ”Glass” are scattered in multiple clusters in feature
space and hence the AUC values are affected by the choice of the parameter T'H; whereas for
the dataset ”Breast(Diagnostic)” the nodes representing the training data tend to be united as
a single cluster and thus the fragmentation algorithm described in Section 5.2.1 has negligible
effect on the AUC values. For the datasets ”Glass” and ”lonosphere” best performance is
achieved for TH > 0.9. One of the most important observations from Table 6.2 is that beyond
TH = 0.9 there is very little change in the performance of our algorithm across datasets of
varying size and dimensions. Thus our algorithm is less sensitive to the parameters TH and
rmin Over a wide range of operation. This is a great advantage of our methodology over other
methods which are highly sensitive to the variation in their parameters, especially the class of
nearest neighbour algorithms which depend on the number of nearest neighbours chosen as a
parameter of the system.

Table 6.3 compares the performance of our outlier detection framework with several other
state-of-the art methods from literature in terms of the AUC obtained from the ROC curve.
The ROC curves are shown in Fig. 6.6. The performance with the MaxST formulation alone
is also shown in this Table. In Table 6.3, method P1 refers to the AUC values generated
from the outlier scores obtained using ( 6.4); while method P2 refers to the AUC values
generated by excluding the SM 1Ny n,.(T) term from ( 6.4). Thus, by observing the difference

in the AUC values obtained using methods P1 and P2, the importance of considering the
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‘ ROCurve
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Figure 6.6: ROC curves corresponding to the five datasets mentioned in Table 6.1.

positional arrangement of the test node with respect to the nodes of training cluster can be
understood. For all the five datasets, by considering the positional arrangement of the test
node with respect to the nodes of the training cluster, an improvement in the performance
of our proposed method is observed. This improvement is most significant for the case of
"Tonosphere” dataset, where there is a nearly 3% jump in the AUC value. Our proposed
outlier detection framework outperforms the others like MST-CD [64], LOF [93], ODIN [81],
RDOS [80], TOD [85], EODSP [86], SODEP [89], MRD/mRMRD [87] and HiCS [88] from
literature in four out of the five datasets. The performance of our algorithm is better for
the high dimensional datasets "MNIST” and ”Breast(Diagnostic)” and also for the moderate
dimension datasets ”lonosphere” and "Musk”, when it is compared to methods like SODEP,
MRD/mRMRD and HiCS which tries to select a suitable subspace for high dimensional data
and then use existing outlier detection approaches like LOF [93] or k-NN in these selected
subspace. The data in the lower dimensional subspace is always an approximation to the
high dimensional data irrespective of the algorithm used to select the appropriate subspace for
representation. On the contrary, our algorithm does not truncate any attribute of the data.

Instead, in order to mitigate the curse of dimensionality, our proposed algorithm tries to split

TH-3084_166102007

144



6.3 Experiments and Results

Table 6.3: Performance comparison of our proposed Outlier Detection framework with other state-
of-the-art methods in literature in terms of the AUC values. Here P1 refers to the proposed outlier
detection framework by using the MinST formulation in conjunction with the MaxST formulation for
generating inlier scores whereas P2 refers to using only the MaxST formulation for generating the
outlier scores.

Datasets Ionosphere|Glass|Musk MNIST (Diggiissiic)
MS;;?D 91.68 88.89196.00 | 86.17 86.53
L[g?ﬁ‘ 90.47 86.82 | 63.81 | 80.34 87.41
Ogil]\l 92.14 76.8298.83| 91.21 93.18
R][%(?]S 76.12 65.0090.27 | 75.43 88.45
T[?E]f]) 62.37 57.5 |72.35| 65.82 85.75
EO[]SDG?P 88.15 81.93|72.41 | 86.32 90.49
SO[];;E])P 91.41 80.97|92.86 | 87.77 88.39
MRD/E;;{MRD 95.18 92.62(91.84 | 88.06 91.51
H[‘;;]S 82.34  |80.05|89.21 | 51.74 04.23
P1 96.13 87.24199.95| 93.23 94.81
P2 93.04 86.24 199.95| 92.56 94.55

the data into multiple clusters and then learn appropriate representation for each of them which
is a big advantage of our proposed method.

In order to compare the performance of our proposed model with the SVDD [2], we cannot
use the AUC obtained from the ROC curve as a performance metric. This is because the
SVDD produces crisp outputs in the form of labels, which classify a test point as either inlier or
outlier. Hence, for performance comparison with SVDD, we directly compute the classification
accuracies; i.e. fraction of the test points for which the computed labels match the ground
truth. In order to generate the classification accuracies with our proposed method, we compare
the outlier score obtained using ( 6.4) with a threshold. This threshold value is chosen such

that the classification accuracy is maximized. Table 6.4 shows the results. Clearly our method
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Table 6.4: Performance comparison of our proposed Outlier Detection framework with Support
Vector Data Description(SVDD) [2] in terms of classification accuracy.

Classification accuracy|Classification accuracy
Datasets |obtained using SVDD |obtained using proposed
(in %) framework(in %)
Ionosphere (83.04 84.12
Glass 81.81 86.48
Musk 64.47 97.64
MNIST 72.65 90.38
Breast
(Diagnostic) 94.21 94.83

Table 6.5: Classification accuracies for the four breeds obtained using ( 6.5). The mean accuracy
across 100 iterations with different random selection of training and test data. The values in parenthesis
indicate the standard deviation.

Breeds [Mean Accuracy(in %)|St.Dev. of Accuracy(in %)
Duroc 93.85 7.37

Ghungroo (97.48 4.16

Hampshire|94.27 9.86

Yorkshire ({100 0

outperforms the SVDD on all the five datasets.

6.3.2 Performance evaluation for Multi-class Classification

For a multi-class classification problem with Ny number of classes(Ny = 4 for our breed
classification problem), let Shir;1mr ¢ = 1,2, ..Np denote the outlier score generated for class
i according to ( 6.4). Since for a test feature point 7', a lower value of S& 7, ;g indicates lower
probability of T" being an outlier to class i, thus the inference about the class label C'L of T is

made according to

CL = argmin Sé)UTLIER (6-5)

The classification accuracies for the four breeds obtained using ( 6.5) are listed in Table 6.5.
The training and testing procedure is the same as discussed in Section 4.3.1, i.e. the set

of pigs used for training is completely different from the set used for testing purpose and a
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50% — 50% split was done for training and testing purpose. Although the mean accuracies
for the four breeds across 100 iterations with different training and testing data remain almost
the same as those listed in Table 5.4, however the computational complexity of classification
is reduced drastically using the current framework. This result also shows the ability of the
MinST framework discussed in Section 3.28 in resolving the problem of overlapping classes, i.e.
when the test feature point falls in the overlapping region of two or more clusters from different

classes.
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7.1 Summary

Visual animal biometrics has gained extensive popularity because of the process being non-
intrusive in nature and robust to theft or other fraudulent activities. As compared to individual
identification, breed identification has more commercial significance for domestic animals like
cows, goats, pigs etc. In this thesis an attempt has been made to classify four breeds of pigs
viz. Duroc, Ghungroo, Hampshire and Yorkshire which are of commercial significance, based
on their muzzle images. The muzzle region forms both a tactile as well as nasal interface with
the surrounding and there are many sensory features present over this region. Since biometric
traits generally tend to be concentrated at the sensory interfaces, hence it was concluded that
the muzzle image could be as a breed identifier. It was observed that the colour and texture
profile of the muzzle image could be used as potential breed identifiers. Robust texture and
colour statistics were extracted based on the discriminatory features between the breeds and
then customized classification techniques were developed. This chapter concludes the thesis
with a summary of the work done and provides future research directions which can further
improve the robustness of the breed identification system for pigs. The summary of the entire
breed identification process involving muzzle segmentation, feature extraction and the design

of classification algorithms are enumerated next.

7.1 Summary

e Muzzle Segmentation: The muzzle images to be used for feature extraction contain
significant background information, which act as a noise, thus corrupting the feature
vectors. Hence it becomes essential to isolate the muzzle region from the background prior
to feature extraction. Because of colour and texture profiling issues, the muzzle contour
could not be estimated accurately even with state-of-the-art active contour segmentation
techniques in literature. Since, it was observed that the texture statistics were highly
sensitive to background interference, hence instead of going for an over-estimate of the
muzzle contour, an attempt was made to fit a circular ball shaped segmentation mask with
the largest possible radius inside the muzzle contour. The segmentation process starts

with the application of a 2-dimensional pre-filtering operator on the muzzle image which
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uses a Derivative of a Gaussian operator with a smoothing wing along the orthogonal
direction. The parameters of this filter are carefully selected in such a manner so as
to highlight the muzzle contour while suppressing the textural details in the interior
of the muzzle. The response of the filter is then thresholded to obtain a binary map.
An algorithm has been developed which selects the foreground pixels in the binary map
lying within an annular region and computes the radius of the circular mask based on
the distance of all the foreground pixels in this annular region from the centroid of the
image. The radius of the circular segmentation mask thus depends heavily on the nature
of the muzzle contour. It was observed that there was a significant improvement in the
classification accuracies for all the four breeds with this adaptive circular segmentation

mask applied, as compared to the case when no segmentation was done.

e Feature Extraction: Once the muzzle region has been segmented out using the cir-
cular segmentation mask discussed above, the next step is feature extraction. While
computing the statistics from the texture and colour descriptors, only pixels falling under
the segmentation mask are considered. On the texture front, two descriptors have been
put forward: the Gradient Significance Map and the response of the muzzle image to
the Morphological Tophat operator. While the Gradient Significance Map highlights the
cilia, pores, muzzle contour, portions of the nostril boundary and also the boundary of
the pink region within the muzzle in the case of dual-coloured muzzle; the response of the
Morphological Tophat operator only highlights the pores and cilia on the muzzle surface.
This is useful in discriminating certain breeds such as Ghungroo and Hampshire. The
texture feature vectors are extracted by dividing the Gradient Significance Map and the
response of the muzzle image to the Morphological Tophat operator into four quadrants
and extracting suitable statistic from each such quadrant. On the colour front, the image
was analysed in the YCbCr domain to extract the colour feature vectors. This was done
in order to decouple the luminance and the chromatic part. The 2-dimensional Cy, — C.
histogram was used as the base colour descriptor. Suitable colour statistics were extracted

based on the footprint of the Cj, — C, histogram, such as the Sarle’s bi-modality index,
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position, size and skew of the footprint. The breed-wise separability of the texture and
colour feature vectors have been verified by projecting the feature vectors onto R? space

using t-SNE mapping technique.

e Hierarchical Classification Scheme: On the classification front, two different modal-
ities have been proposed based on the distribution of the feature vectors in feature space.
It was observed that because of some similarity in the colour and texture profile between
different breeds, there was overlap between the different breeds in feature space. Also this
overlap was found to be feature-type dependent. Thus the feature-types which provide
optimal separation for different breed pairs were found to be different. This motivated
the design of a multi-stage classification scheme in which each breed is siphoned out from
the rest in a feature space where it is optimally separated from others and this siphoning
takes place in a hierarchical fashion. A metric for computing the cluster distance between
breed pairs as a function of three feature types: Colour(C'), Texture(T") and combination
of Colour and Texture features(C'UT') have been proposed. A cluster distance table has
been created for the (;1) = 6 breed pairs corresponding to the three feature types C,T and
C UT. This table is fed as input to the hierarchical classification scheme which decides
the order in which the breeds are to be siphoned out and the feature space to used at
each stage of classification. An SVM classifier was used at each stage of classification to
separate the two classes. The proposed hierarchical classification algorithm is found to
outperform other similar classification methods in literature like the Phylogenetic Tree
which uses the hierarchical clustering algorithm and Decision Trees. Classification accu-
racies of 86.45% for Duroc, 93.02% for Ghungroo, 86.91% for Hampshire and 98.54% for

Yorkshire have been obtained with the proposed classification modality.

e Multi-class Classification using Outlier Detection Frame: While excellent clas-
sification accuracies of around 93% and 99% have been obtained for Ghungroo and York-
shire respectively with the hierarchical classification scheme, the accuracies for Duroc

and Hampshire need further improvement. Limited training data along with the inter-
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class similarity between the breeds and intra-class variability within a breed places severe
restriction on the performance of SVM classifier which is used at each stage of the hier-
archical classification scheme. This gives rise to the requirement of another classification
modality which can perform better under these constraints. In order to make inference on
a test feature vector regarding its breed label when it lies in the overlapping region of two
or more classes, it was found that the use of a generative classifier model is more appropri-
ate instead of a discriminative one. The likelihood scores assigned to a test feature vector
using the representation learnt for each training class is used to make inference on the
breed label of the test feature vector. It was found that in order to bind the training data
from a particular class via some form of an association map, representation learnt using
spanning tree models are the most appropriate. Based on spanning tree models learnt for
each training class, outlier scores are generated for the test feature vector corresponding
to each training class. The test feature vector is assigned the class label for which it has
the lowest outlier score. It was shown that based on the MaxST representation learnt
for each training class, the test feature vector could be assigned an outlier score which is
consistent with its proximity to the training class. However, the outlier score generated
by such a representation based on MaxST is insensitive to the location of test feature
vector when it falls within the training cluster. A test feature vector which lies deeper
within a training cluster or is surrounded by more number of training feature vectors
is a less probable outlier for the training class. With this consideration, two different
methods have been proposed to take into consideration the positional arrangement of the
test feature vector with respect to the feature vectors of the training cluster. One method
is based on MinST representation learnt for the training class and the other method
involved calculating the outlier score depending upon how deep the test feature vector
is embedded within the training cluster in R? space after projecting the feature vectors
from the higher dimensional feature space using Random Projection Matrices(RPM). Al-
though both the methods lead to the same classification accuracy, but the method based

on MinST representation is computationally much more efficient. Excellent classification
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accuracies of around 93% have been obtained for both Duroc and Hampshire; classifica-
tion accuracy of around 97% have been obtained for Ghungroo, while Yorkshire registered
a classification accuracy of 100%. The nearly 7% jump in the classification accuracies of
Duroc and Hampshire highlights the superior performance of this multi-class classification

framework over the hierarchical classification method.

7.2 Future Research Directions

There is a scope of improvement in the current work as well as there are several other fronts
related to the problem of pig breed identification which remain open. These are enumerated

below:

e In most practical situations, a significant fraction of the on-field captured muzzle im-
age is occupied by the background region. This requires that the adaptive ball fitting
segmentation algorithm discussed in Chapter 2, be fed with a manually cropped muzzle
image in order to reduce the background interference to an acceptable level. Once the
cropped muzzle image has been obtained, the subsequent steps towards breed identifica-
tion, including the adaptive ball-fitting segmentation algorithm, feature extraction and
classification needs no manual intervention. The generation of a manually cropped muzzle
image from the on-field captured image acts as a hindrance towards the development of
an automatic breed identification system for pigs. To develop a fully automated system
towards breed identification, it becomes essential to design segmentation technique which
can do the necessary pre-processing of the on-field captured muzzle image before it can

be fed to the adaptive ball fitting algorithm discussed in Chapter 2.

A possible scheme for reducing the background interference can start with capturing a
series of snapshots in the form of a video of the pig. The different frames in the video can
be analysed based on an algorithm to detect and select good quality full frontal muzzle
images free from blur. The full frontal muzzle image is extremely necessary if one wants

to segregate the breeds based on shape parameters. Also blurred images corrupt the

TH-3084_166102007

153



7. Summary and Future Work

textural details heavily by introducing noise. The set of selected images can be then be
fed to a suitable segmentation algorithm which first isolates the full body of the pig from
the background based on body colour and/or shape and subsequently extracts out the
muzzle region from the body. Thus the main steps in the algorithm can be enumerated

as:

— Detection of frames with frontal muzzle image. along with their blur/sharpness

assessment.

— Full body detection of pig followed by face segmentation based on a suitable combi-

nation of shape, colour or any other descriptor from these frames.

— Blur/sharpness assessment of these frames, so that the muzzle image with the highest

sharpness metric can be selected for further processing.

The detection of frames with full frontal muzzle images is a challenging task since there is
no referential prior information available regarding either the background or the nature of
the breed. If deep learning techniques are to be applied, sufficient labelled data repository
is to be constructed related to full frontal muzzle images for the four breeds. The segmen-
tation of the pig body from the background can be facilitated by motion parameters if
the initial video of the pig movement is captured with a still background. Blur/sharpness
assessment is another task which is to be customized in the context of the muzzle images

of the breeds. These pre-processing steps can be taken up as future work.

e As has been mentioned in Chapter 1 and also discussed in Chapter 2, it is extremely
difficult to extract out the muzzle contour precisely. A precise extraction of the muzzle
contour is expected to boost the classification accuracies further. If the muzzle contour
can be extracted precisely the associated shape descriptor can be used for breed classifi-
cation. As has been observed several times during the course of discussion in the thesis
that Duroc and Hampshire are the two most difficult breeds to be separated out. The
Duroc muzzle contour has two notches in the upper half area of the muzzle, and this a

distinguishing feature of Duroc as compared to the other breeds. Thus if muzzle contour
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can be detected precisely, then Duroc-Ghungroo and Duroc-Hampshire confusion can be
reduced significantly resulting in an increase in the classification accuracy for each of these
breeds. Hence, the muzzle contour detection which is a really challenging task provides a

definite scope for future research.

e The quality of the captured muzzle image plays a key role towards the development of
effective colour and texture descriptors. The texture descriptors in particular are more
affected by the quality of the muzzle image. Unlike a human subject, an animal does not
cooperate while capturing its image. Since a pig does not tend to remain stable while
taking a snapshot of its muzzle, hence the captured muzzle image suffers from either
motion blur or out-of-focus blur. A blurred muzzle image when presented to the feature
extraction and classification algorithm, is very likely to be processed improperly, resulting
in wrong inference about the breed with which the muzzle image is associated. Thus, the
design of a blur assessment algorithm customized to quantify the sharpness of the muzzle
image will prove to be extremely useful. Depending on the sharpness index generated
by the algorithm, the person in-charge of capturing the snapshots can take a decision on
whether the image of the muzzle needs to be re-captured or not so that it can be reliably

processed by the feature extraction and classification algorithm.

e In an attempt to improve the classification accuracies further, i.e. beyond 93% for
Duroc and Hampshire and 97% for Ghungroo, deep learning approaches can also be
explored. The principal deterrent to the application of deep learning approaches is the
non-availability of a large muzzle database. The standard datasets available in literature
like MNIST, Fashion MNIST, ImageNet, CIFAR-10 etc. for image classification purposes
using deep neural networks consist of at least few tens of thousands of images. In contrast
the size of pig muzzle database available for the breed classification problem is very small.
Thus, data augmentation needs to be done to artificially increase the size of the muzzle
database. In addition to the standard data augmentation techniques, wherein augmented

images are generated as rotated, translated or scaled version of the available images in the
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original dataset, the use of Generative Adversarial Networks(GAN) can also be explored
for generating augmented muzzle database. Thus, the search for suitable data augmen-
tation technique along with the associated deep neural network architecture which can
provide classification accuracy close to 100% for all the four breeds can be taken up as a

future research work.

e Other biometrics can also be investigated as potential breed identifiers in pigs. For ex-
ample, the body colour of the pigs can be a powerful descriptor. Ghungroo pigs are
completely black, Duroc pigs have a brownish hue; Hampshire pigs are also black but
with a prominent pink coloured belt located around its neck, Yorkshire pigs have a pink-
ish white colour. Apart from this the facial profile, ear shape, venation patterns in the

ear etc. can also be investigated as potential breed identifiers.

e The current work described in this thesis is concerned with associating a muzzle image of
a pig with one of the four breed types viz. Duroc, Ghungroo, Hampshire and Yorkshire,
which are of high commercial significance in India. However, there are many more variety
of domestic breeds available worldwide. It is highly impractical both from the point of
view of market utility as well as design of discriminative features to consider the idea of
identifying the breeds based on their muzzle images. However, it is quite possible that
given a muzzle image, it actually does not belong to any of the four breeds. Hence, it
becomes important to design robust visual descriptors and learn stable representations
from them which can bind these four breeds together as a single entity, so that a muzzle

image from a breed which falls outside these four categories can be recognized.
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