TEXTURE CLASSIFICATION WITH ANTS
Arshad Hussaih Nasir Rajpoot Kashif Rajpoot

T GIK Institute of Engineering Sciences & Technology, Pakistan
* Department of Computer Science, University of Warwick, UK

Correspondence emaiasir@dcs.warwick.ac.uk

ABSTRACT In this paper, dyadic Gabor features are used because of

: A their proven potential for describing a vast variety of textures
In this paper, we present a novel texture classification al-.

gorithm inspired by the self-assembling behavior of real ant£3]' A variant of "’“?t. tre_e clustering (ATC) algorithm [.4] S
. . . ? . employed for classification of the features. The algorithm is
when building live structures with their bodies. The pro-

posed algorithm employs dyadic Gabor filter banks for ex-mSp'rEd by sglf _assc_ambhng behavpr obse_rved n biological
. S . - - ants when building live structures with their bodies [5]. We
tracting discriminant features from images containing multi- . . : :
: show that the feature data can be hierarchically organized in

ple textures not known to the algorithm. The feature space i : . o
a tree, resembling the self-assembling behavior in real ants,

clustered using the novel ant tree clustering (ATC) al(~:"0r'mmwhere each artificial ant represents a feature vector and is at-

based on the similarity of ants carrying the feature vectors, . N
: . ached to one of the tree branches depending on its similarity
The results thus obtained show promise of the proposed a

Rith the ants on the branches. Classification results using our
proach. . .
ant clustering algorithm are shown to be comparable to the
commonly used-means clustering algorithm using the same
feature data. A major disadvantagekaimeans is that it can
get stuck in local minima in high-dimensional vector spaces.
The proposed algorithm uses similarity scope for partition-
1. INTRODUCTION ing the feature data and uses a probabilistic approach to avoid
local minima.
Texture carries the potential to provide vital clues about image
contents and objects present in images. Itis hard to find a uni-
versally agreeable definition of texture in the literature. Nev- 2. THE PROPOSED ALGORITHM
ertheless, texture can be described by local properties such
as uniformity, density, coarseness, roughness, regularity, liis 1. Gabor Feature Extraction
earity, directionality, frequency, and phase gathered from the
appearance of an image region [1]. Texture analysis has b&he fundamental idea behind filtering based feature extrac-
come a focussed area of research because of its utilization iion is to pass the image through a bank of filters, observe
numerous industrial and real-world applications [2]: contenttheir response, and compute some energy measure from sub-
based image retrieval, medical image analysis, industrial inbbands. The hypothesis behind this idea is that two different
spection, remote sensing, and document processing, to nanexture patterns have different responses to subband filtering.
only a few. In this work, we employ dyadic Gabor filter banks which are
Feature-based approach to texture classification is typessentially Gaussian bandpass filters with dyadic coverage of
cally composed of two main stages: feature extraction anthe radial spatial frequency range for multiple orientations.
classification. In the first stage, characteristic attributea-( Dyadic Gabor filter banks have been shown to be related to the
tureg representing the texture are gathered by means of stearly vision models for mammals [3]. A humber of subbands,
tistical, structural, geometric, model-based, and/or filteringsay n of them excluding the DC subband, are reverse fil-
approaches [3]. In the second stage, a supervised or unsiered (by taking the inverse transform) to generate feature im-
pervised classifier is used depending upon the nature of threges. A local energy function is then computed correspond-
application. Due to the complexity of texture analysis prob-ng to every pixel in each of the feature images yielding an
lem, no single approach of feature extraction or classificatiom-dimensional feature vector (upto 32-dimensional) which is
works for all types of texture and applications. This is theassumed to have discriminatory power for texture classifica-
driving force behind research efforts made in this area. tion.

Keywords Texture analysis, ant colony systems, Gabor
wavelets.



2.2. Ant Tree Clustering

Social insects display a wide range of collective-level patterns
in space and time. Self-assembly behaviors, such as building
of structures from a fixed support (a stem or a leaf), have been

observed in Linepithema humles Argentina ants and African ;3;;812;
ants of gender Oecophylla longinoda [5]. Such behavior of [
biological ants was emulated in [4] to estimate the number of %@
clusters in a given data set. Our work refines the probabilistic

behavior of ants towards getting them connected to the tree

by introducing a silnilarity scope for ants and iterative adjust- @_Fimed Ants IWorving &
oving Ants
ment of the partitions.

Based on the individual interactions and collective self as-
sembling behq\(ior, a number of general rules alongy\(it_h afew Fig. 1. General principles of tree building
problem-specific rules can be devised to model artificial ants
which build trees to partition the data (see Fig. 1). These are
given below: where M is the dimensionality of feature vectorsandp is
the similarity scope, which initially allows arjtto regard as
'similar all ants that lie in the range pf/2 units.

The key motivation behind the introduction of the simi-
larity scopep is the combined effect both and 3;,,,, which
is a function ofp, can have on partitioning of the feature
3. Ants carry feature vectors containing characteristic inspace. The effect is demonstrated in Fig. 2 for ants carry-

formation about which of the partitions they should be-ing 2-D vectors. Threshold,;,, is initialized asp/2 for all

long to. the ants. Hence the initial least distortion between any two
ants directly connected to the rootgsunits which results in
K el e a non-overlapping similarity scope of such ants (see Fig. 2).
ity and dissimilarity. Thus a suitable initial value of is required which may en-
able the system to completely cover the spread of ants in the
vector space. Such a guess may not always be entirely trivial
6. Ants may remain disconnected throughout the wholéo make. Ifp is very large, the resulting number of partitions

training process. may be too small and vice versa. However, a suitable value of

o p can be determined after a number of iterations, as described
7. The global scope of similarity for ants should be ad-zter in this section.

justed iteratively. This global scope remains fixed for
all the ants throughout an iteration of data partitioning.
A suitable selection of this scope leads to a better par2'4' Threshold Update Rules

titioning of data. Every anti maintains similarity and dissimilarity threshold

Artificial ants capable of satisfying these requirements ard21u€s,Bsim (i) and faissim (1) respectively. During the tree

. : . ; . nstruction, some ants may fail t nnect to the tree. In
designed to build ant trees. Allimmediate children of the tre ronstruction, some ants may tail to connect 1o the tree. !
: ... that case, the updating of threshold increases their probability
root node and their descendants should correspond to differ, . r X
. . of being connected to the tree during the following iteration.
ent classes of textures present in an image.

Following are the threshold update rules for ant

1. Ants maintain a number of outgoing links towards othe
ants.

2. Ants maintain an incoming link from other ants.

4. Ants maintain and update threshold values for similar

5. Ants maintain their current position in the tree.

2.3. Similarity Estimation Bsim (1) < Boim (i) x 0.9 (2)
Similarity estimation is required in order to attach every ant
to an appropriate location in the tree. When ant trees are to Baissim (i) — Buissim (i) + 0.01 A3)

be used for clustering of high-dimensional data, Euclidean

distance can be used to measure similarity between any two The values fof3;,, andf;ssin are initialized ag /2 and
ants. The similarity measurg(i, j) between antg andj, 0 respectively, wherg is the similarity scope.

carrying feature vectors’ andv’ respectively, is given by

2.5. Ant Tree Construction

M
€(i,j)=p— 1 (Z(”Z _ Uj)2> , (1)  The construction of ant tree using artificial ants carrying fea-

M \i—= ture vectors is vital to the clustering of feature data. Ants can



be arranged in a particular order for addition to the tree. How-
ever, we chose not to do so to avoid the extra cost of sorting.
Suppose ant is to be connected to the tree. Starting from
the root of the tree, it examines its similarity with the ants
that are already connected to the root. If there are no ants al-
ready connected to the root, then it connects itself to the root.
Otherwise, it finds the most similar ant connected to the root.
Following rules are used to define similar and dissimilar ants:

iR
.. . .. .. . pe 1 .:‘a
1. 1 €34, 7) > Bsim (i), then ant is similar to antj. P L) et
2. 1f£(1,5) < Baissim (i), then ant is dissimilar to any. o 5 % 52:: ;
: S5
‘%

3. If 5(%]) Z ﬂdissim(i) andf(Z,J) S ﬂszm(l)n then ant
i is neither similar nor dissimilar to ant and needs
further processing.

Undecided region
If ant 4 is dissimilar to all the ants currently attached to Similar region

the root, then it attaches itself to the root. If the root cannot
accommodate further ants, then ang dropped. If ant is
similar to antj, it moves itself in the direction of antand ) S o
changes it position from root to the ajit During the next Fig. 2..P_a.rt|t|(_)n|.ng_of vector space based on similarity scope
iteration, ant examines its similarity with the children of ant # nd initial similarity threshold valug/2 of ants
j and repeats the same process till it finds a suitable place. It

should be noted that once anbas moved from the root, it ,ymper of desired partitions which is equal to the number
cannot be dropped. If it ends up being dissimilar to all theyf texture classes present in a given image. I chosen
children ants of its current location, then it moves itself inyg pe very small, most ants will be dissimilar to ants already
the direction of the most similar child. In case that i gttached to the tree and the tree will reach maximum number
neither similar nor dissimilar to the ayjt its similarity and ¢ children+ in a fast manner. The value pfis updated in

dissimilarity thresholds are updated usi2y&nd @) and its  the next iteration to allow more ants to be attached to the tree
processing delayed until next iteration. Threshold update iNgsing the following adjustment rule:

creases the probability of antgetting connected to antin
the next iteration if ant was only marginally short of being A

similar to antj. On the other hand, threshold update increases p=r T X “)

the probability of ant being dissimilar to anf in the nextit-  where) is the number of ants dropped s a constant value,
eration if it was marginally short of being dissimilar to gnt  andr is the maximum number of allowed children of the tree.
This is illustrated in Fig. 3 for ants carrying two dimensional However, a situation may arise where the number of partitions

feature vectors. The process continues until all the ants arg s |ess thanr. To overcome this problem, another rule is
either dropped or have fixed themselves to the tree. defined:

Dizsimilar region

, A r—n
2.5.1. Iterative Centroid Adjustment p=p— ( - > X (%)

All immediate children of the tree root are grouped together h is th ber of i . £ .
with their respective descendants to form data partitions. CerfY '€T€7 1S the number of resulting partitions. Equatiod} (

troids of all groups (or partitions) are calculated and are useand ©) .together help in iteratively .adjustmg the vgluepof

in the following iteration as artificial ants connected to the treiﬁea suitable value. The process is repeated until the num-
before any other ants. The algorithm stops when the centroidi! Of @nts being dropped goes below a predefined allowable
converge. Centroids of the partitions are used for classifica2€rcentage of dropped ants.

tion purposes in the nearest-centroid sense.
3. EXPERIMENTAL RESULTS

2:6. Experimental Setup of ATC We tested the effectiveness of the proposed clustering algo-

The selection of similarity scopeplays an important role for rithm using Gabor features on images containing 5 and 16
smooth operation of the proposed algorithm. Since a suitablBrodatz textures [6], some of thae factostandard test im-
value forp cannot always be predicted, two rules are definedges for texture classification [3]. Classification performance
to adjust the value gf. The adjustment rules require a fixed was measured by the percentage classification error using the



p - Pissin Marginal Image || [3]T | k-means| ATC | u} 0 1w
—\ short ants Nat-5¢ a 7.94 7.95 | 11.50 2410 17.20
Nat-5v b 14.07 | 14.08| 27.20 44.00 33.6(
P - Bsim ~y g Nat-5v2 | ¢ 17.00 | 16.88| 25.90 38.70 33.5(
Nat-5v3 || d 23.77 | 23.71| 31.10 41.00 33.20
Ty Nat-5m e 20.68 | 20.59| 24.70 41.10 30.3d
Nat-16¢c || f 38.01 | 39.39| 47.80 51.10 50.7d
Nat-16v | g 56.78 | 44.60| 54.40 62.70 58.20
|~ Applying similasity Table 1. Classification error (%) for some of the test images
atud dissimilarity in [3]
threshold update * 11, 1o, andps denote the average classification error in [3]
P - Pissin == ales using the following mixtures of filtering techniques:
: ull X 11 - Heuristically designed texture feature extractors
\‘5\ 1o - Optimized texture feature extractor
K w3 - Wavelet, Gabor, and QMF full-rate filter bank
oy Dis;j:;ﬂaf  Correspondence to reference images in Fig. 11 in [3]
Si‘iﬂilfi putationally efficient, the probabilistic nature of the algorithm
1

allows it to avoid local minima which the traditionimeans
algorithm may get stuck in. Our future work will attempt
to improve the clustering performance of the algorithm by
Fig. 3. Effect of applying similarity and dissimilarity thresh- employing more robust measures for construction of the ant
old for 2-D feature vectors trees.
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