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Abstract—In a Web-oriented society, organization, retrieval, and
classification of digital images have become one of the major en-
deavors. In this paper, we study the mechanisms of fuzzy clustering
and fuzzy clustering with partial supervision in the analysis and
classification of images. It is demonstrated that the main features of
fuzzy clustering become essential in revealing the structure in a col-
lection of images and supporting their classification. The discussed
operational framework of fuzzy clustering is realized by means of
fuzzy c-means (FCM). When dealing with the mode of partial su-
pervision, we augment an original objective function guiding the
clustering process by an additional component expressing a level
of coincidence between the membership degrees produced by the
FCM and class allocation supplied by the user(s). The study also
contrasts the use of the technology of fuzzy sets in image clustering
with other approaches studied in this area. A suite of experiments
deals with two collections of images, namely, Columbia object im-
age library (COIL-20) and a database composed of 2000 outdoor
images.

Index Terms—Angular spectrum signature, fuzzy c-means
(FCM), fuzzy clustering, human-centric systems, image classifi-
cation, partial supervision, relevance feedback, separability index.

I. INTRODUCTION

ORGANIZING, retrieving, and classifying digital images
has become one of the main endeavors in the age of

digital information. With the inception of digital media and their
intensive sharing over the Internet, building digital albums with
effective search capabilities is an important goal. Digital albums
are an important category of human-centric systems. Human
centricity is profoundly present there—no matter how much the
entire process could be automated, there is a pivotal role of a
human user. The individual plays a key role both as the user and
a designer of the system. Digital albums need to be personalized:
there should be a mechanism of adjustment of its structure to the
individual needs of the user. As each user could exhibit different
preferences as to the same collection of images, this feature
becomes important and may very much influence an opinion
of the users as to the performance of the system. At the same
time, while the relevance feedback is important, there should
be efficient implementations of this feedback mechanism, not
to mention a comprehensive suite of algorithms that support an
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automatic process of image annotation and a formation of the
overall structure.

Bearing in mind the human-centric aspect of the entire prob-
lem, it is noticeable that the potential of fuzzy set technology
has been already considered in many instances (cf. [15], [16],
and [38]). It is very likely that the efforts within this domain will
be continued in the future. Alluding to the observations being
made, there are a number of compelling reasons behind further
developments of the technology of fuzzy sets in the realm of
image classification and interpretation.

1) Classes of images are inherently fuzzy. No matter how
much attention has been paid to the specification of the
initial taxonomy, images could easily belong to several
categories with some nonzero degrees. For instance, for
some outdoor categories of images (say, vehicles, land-
scape, aircrafts), we may have photos that include all of
the components (a vehicle on a rural road with some farm-
land in the background and a small airport with an airplane
on a tarmac).

2) Users of digital albums play an active and constructive
role in the organization process-–they arrange photos ac-
cording to their preferences. Any system has to reflect
their preferences; namely, there should be some efficient
adjustment process coming in the form of some relevance
feedback that must override or collaborate with some ex-
isting automatic mechanisms of image annotation and or-
ganization. This facet of user centricity is pivotal in many
intelligent systems where an active and creative role of hu-
mans in a well-established communication loop becomes
a must.

In this study, to accommodate the relevance feedback while
realizing the processes of an automatic development of the cate-
gories, we consider fuzzy clustering with partial supervision as
originally introduced in [28] and [29]. Given its main features,
we show that it becomes a highly relevant vehicle that meets the
requirements of the problem formulated here.

The functional facets of the pursuit are schematically outlined
in Fig. 1. The phase of feature formation leading to the formal
description of images comes with enormous diversity and is
very much essential to the ensuing processes of clustering and
classification [30], [32], [37]. In this study, we consider one of
the existing alternatives of a so-called angular spectrum signa-
ture, which has been found to be a viable and effective option
leading to a fairly compact image characterization [5], [7], [9].
The process of feature formation is then followed by some stan-
dard mechanisms of feature reduction [realized here with the
use of the principal component analysis (PCA)]. The organiza-
tion of images is completed in an unsupervised mode realized
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Fig. 1. Schematic overview of the proposed approach to image organization
(PCA: principal component analysis; FCM: fuzzy c-means).

by the fuzzy c-means (FCM) clustering that, in turn, becomes
augmented by the machinery of partial supervision.

We present a suite of experiments completed for two
databases of images such as a Columbia object image li-
brary (COIL-20) (see Fig. 3) and 2000 outdoor images be-
longing to eight categories, that is, airplanes, cars, ships, land-
scapes, mammals, insects, flowers, and fishes. The first im-
age database was used in some previous studies [16], [22], so
it is advantageous when completing some comparative anal-
ysis. The images of the second image database were down-
loaded from several free Internet image galleries such as,
e.g., http://www.isolenelmondo.com/wallpaper/wallpaper.html,
http://www.sfondifree.it, etc.

The paper is organized as follows. In Section II, we cover
a brief overview of some main trends in image classification.
This helps us appreciate the diversity of the existing approaches
while acknowledging the commonality of the underlying prob-
lems. Next, we describe the two databases of images used in
this study in Section III. In Section IV, we present a description
of the feature space constructed with the use of an angular spec-
trum signature by showing how such features are formed and
how they capture the characteristics of images. Fuzzy clustering
with partial supervision is presented in Section V; here we also
discuss aspects of classification following clustering and elab-
orate on the characterization of the clustering results with the
use of a separability index that quantifies the ambiguity of clus-
tering results associated with each image. Experimental studies
are presented in Section VI, while conclusions are offered in
Section VII.

In this study, we will adhere to the standard notation en-
countered in clustering and pattern recognition. We assume that
all images are described by numeric features that are vectors
(x, y, . . .) positioned in some n-dimensional space of real num-
bers, that is, x,y,Rn. By “N,” we denote the number of images
(patterns), while the number of clusters is equal to “c.”

II. IMAGE CLASSIFICATION: A BRIEF OVERVIEW

Let us review some of the existing trends in image description,
clustering, and classification. This also helps put the proposed
approach in a certain broader context especially when it comes
to the issues of clustering and clustering with supervision.

Content-based image retrieval (CBIR) has emerged as an im-
portant area in computer vision and multimedia computing, just
to name a few representative examples. Typically, in CBIR sys-
tems, we describe images using a collection of some visual
features (often referred to as signatures) extracted from the in-
dividual images. In the literature, we can encounter an abun-
dance of low-level visual features. Shape, color, and texture are
those in common use, no matter whether we are concerned with
commercial systems (e.g., query by image content (QBIC) [13])
or those encountered in the academic community (e.g., photo
book [30]). In [3], an improved version of color signature was
proposed that embeds some local information about the statisti-
cal and visual relevance (importance) of each pixel.

With the increasing diffusion of compressed images, there
have been substantial attempts to extract their visual features
(see [2], [21], [40], and [42]). One could also encounter the
use of more sophisticated and abstract features such as wavelets
[23], [25], [34], [43]. Visual descriptors coming as a part of
the MPEG-7 standard (a standard developed by Moving Picture
Experts Group) concentrate on color, texture, shape, etc. [6],
[33]. Some other techniques are aimed at the improvement of
effectiveness of image retrieval through combining color and
texture [11], [44], color and shape [18], and building other ag-
gregates. The study [17] brings a comprehensive overview of
the theory, techniques, and applications of CBIR. Another in-
teresting comparative evaluation can be found in [8]. Typically,
one encounters the following general scheme:

Stimuli → Signatures → Distance.

Stimuli are sought as points in some perceptual space [31],
while the notion of similarity between two stimuli is one of the
fundamental concepts of the cognitive theories of similarity. For
the visualization of the underlying ideas, let us refer to Fig. 2.

Consider two different images from the semantic point of
view. Let Ap be the semantic (human-centric) space. In this
space, for each image, there is a stimulus. On its basis, it is
easy for us to assess the similarity between two or more images.
The CBIR systems try to emulate this cognitive chain. Such
systems associate a signature (As and Bs in Fig. 2) to each image
defining a signature space. By endowing the signature space with
a distance model, it is possible to define an artificial similarity
space in which it is possible to measure the distance between
two or more images (denoted here by Aa−b and Ab−a ). In many
distance models (such as the one utilized in this work), we
assume symmetry, namely, making Aa−b equal to Ab−a . There
could be other constructs, such as, e.g., Tversky’s “contrast
model” [39] in which the symmetry requirement is not used.
Indeed, a central assumption of this model is that the similarity
between objects A and B is a function of the features that are
common to A and B (“A and B”), those in A but not in B
(symbolized as “A–B”), and those in B but not in A (denoted by
“B–A”). Based on this concept and several other assumptions,
Tversky postulated the following relationship

S(A,B) = xf (A and B) − yf(A − B) − zf(B − A)

where S is an interval scale of similarity, f is a function of
salience of the various features that have been considered, and
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Fig. 2. Relationship diagram between images stimuli →signatures →distance (computable similarity).

Fig. 3. Twenty example images of the Columbia object image library (COIL-
20).

x, y and z are weights that underline the relations among the
features of the objects A and B.

Following this scheme (in the form of the chain of associa-
tions stimuli→signatures→distance), several hypotheses have
been investigated. In the purely psychological approach based
on multidimensional representation, an image is represented as
a point in some highly dimensional space [1]. The location of
the point is typically determined with the use of some scaling
techniques such as, e.g., multidimensional scaling (MDS) [20].
MSD leads to a nonmetric space. The goal is to find a pro-
jection space in which the interpoint distance is monotonically
related to a human panel response about (di-) similarity. In the
purely computational approach, a natural scene is represented
by means of a collection of values (signatures) explicitly derived
from the 2-D image containing basic low-level features. These
could be comparable to such features as retinal–brain sensitivity,
including shape, colors, and patterns.

In [35], the concepts of semantic and sensory gap are in-
troduced. In this sense, such concepts are correlated with the
accuracy that could be obtained by means of CBIR techniques.
The semantic gap is defined as the lack of coincidence be-
tween the information that one can extract from the visual
data and the interpretation that the same data have for a user
in a given situation. The sensory gap is defined as the differ-
ence between the object in the world and the information in
a (computational) description derived from a recording of that
scene.

A number of image retrieval systems use clustering as a
certain preprocessing step. In many studies, such as, e.g.,
[14] and [24], clustering is used to segment images as
an early step in the image understanding process. In other
works, the underlying objective is to complete some organi-
zation of the entire collection of images into some homo-
geneous groups. In both approaches, the execution time of
the clustering algorithm is a critical point. Many works deal
with this problem, and a promising approach can be found
in [12].

In general, the number of clusters is specified in advance, or
one could consider some mechanisms of adaptive adjustment
of their number. In [22], an algorithm was proposed that forms
a certain variant of Competitive Agglomeration [15]. Both of
the algorithms proposed in [15] and [22] are able to “discover”
the number of clusters. The first one is equipped with the con-
cept of a so-called noise cluster, which collects all images that
are regarded as ambiguous, and therefore, difficult to catego-
rize. The feature space under consideration captures important
aspects of images being used afterward in classification, such
as intensity distribution, shape, and texture. The resulting fea-
ture space having originally 152 features was further reduced
with the use of the standard PCA. The system was tested using
the COIL-20 image database. The same image database along
with the same feature space was used in [16], in which the
proposed algorithm was aimed at an automatic determination
of the number of clusters and the weights to be used in the
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TABLE I
LIST OF SELECTED METHODS AND SYSTEMS USED IN IMAGE CLASIFICATION

distance function. In [41], several standard methods of image
partition were analyzed in application to adaptive image catego-
rization. Each image is segmented, and then, represented using
various tree structures, including binary trees, quad-trees, and
LD-trees. Fisher discriminant functions were used in [36] to
classify the Brodatz textures collection. The features adopted in
this classification problem were the elements of the subband en-
ergy. The system was tested using four different decomposition
methods to compute the subband energy, that is, wavelet sub-
band, uniform subband, discrete cosine transform (DCT), and
spatial partitioning. The study reported in [38] introduced a two-
stage mapping model. In the discussed system, support vector
machines (used for color and texture classification) and fuzzy
logic (for high level concept inference) work in a collaborative
manner. Nine support vector machines (SVMs) were designed
to classify colors, while 14 SVMs were utilized for texture clas-
sification. The training and testing sets consisted of 16 classes
extracted from the Corel image collection (this image database

is composed of 17 800 outdoor images belonging to 90 different
classes).

A snapshot of the plethora of the existing approaches is
covered in Table I. This table presents a series of the most
essential features of each of them, such as databases being
used, visual features, learning method, and the best perfor-
mance achieved. It appears evident that the unsupervised learn-
ing methods can achieve good results when applied to image
databases located in some narrow domain [16], [22]. However,
while using image databases embracing a broad spectrum of
images [38], [41], the supervision component becomes highly
desirable.

Let us note that the predominant objective of Table I is
to offer a general, high-level view of the existing approaches
and emphasize their evident diversity. Given an acute lack
of the standard database to be used as a test bed for CBIR
systems, it prevents us from a thorough and fully objective
assessment of results reported in the literature. Furthermore,
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Fig. 4. Examples of images belonging to more than a single class. More than 20% of this database consists of images of this nature. (a) Car landscape. (b)
Airplane landscape. (c) Ship landscape. (d) Airplane car (with some landscape in the background).

Fig. 5. (a) Example image. (b) Visual effect of the application of the 2-D Hamming function to image (a). (c) Angular spectrum of (a); see a detailed description
in Section IV.

existing experimental setups used in various references are dif-
ferent and quite often lack pertinent details; hence, a comparison
of the numeric values of the classification rates could be quite
limited.

Considering the existing image databases of general format,
one could refer to the Corel image database. This database
is composed of a set of more than 800 photo compact discs
(CDs), where each of them consists of 100 images that are
grouped along the same category. Unfortunately, Corel (see
http://www.corel.com/) does not offer this database any longer
but provides differently compiled collections of images of
smaller size with sets comprising several thousand images. It
seems that this database could solve the problem of the lack of
a common test bed for the validation of CBIR systems; how-
ever, this is not true. In an interesting study [26], the authors
compared different ways of evaluating the performance using
a subset of the Corel images and considering the same set of
evaluation measures. They show that it is very easy to arrive
at different results, even in cases when the same collection of
images is being used.

Fig. 6. (a) Standard representation of the real part of F (u, v) of the image in
Fig. 5(a). (b) Representation of F (u, v) in which the zero-frequency component
is shifted to the center.

III. BRIEF DESCRIPTION OF IMAGE DATABASES

In this study, we consider two image databases, that is,
the COIL-20 [27] and an image database composed of 2000
outdoor images downloaded from several free Internet image
galleries.

The first database is composed of 1440 gray images of 20
objects (refer to Fig. 3). There are 72 images per object where
a photo of each image is taken at pose intervals of 5◦. This
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Fig. 7. Total percentage of the variability retained versus the number of princi-
pal components used; note a visible saturation effect occurring with the increase
of the number of the principal components taken into consideration.

Fig. 8. Percentage of the total variability retained versus the number of prin-
cipal components being used in the formation of the space.

Fig. 9. Representation of the reduced features space, relative to the COIL-20
image database. This reduced space is formed with the first three dominant PCA
components (with 79.8% of the total variability retained).

database was often utilized in image categorization (cf. [22]
and [41]). Some selected examples of COIL-20 are included in
Fig. 3.

The images of the second database were examined by a
human, and subsequently, grouped into eight classes such
as airplanes, cars, ships, landscapes, mammals, insects, flow-
ers, and fishes. This human classification was used as
ground truth to assess the performance of the proposed
system. The images of this image database were down-
loaded from several free Internet image galleries, such as,
e.g., http://www.isolenelmondo.com/wallpaper/wallpaper.html,
http://www.sfondifree.it, etc. This image database is far more
challenging from the classification standpoint than the synthetic
images forming the content of the first database. Indeed, quite
often, such images are composed of several objects that make
their class assignment to a single class highly problematic and
perhaps pretty questionable. In this study, to make the classifi-
cation even more challenging with this regard, the images were
chosen in such a way that 20% of them could easily belong to
more than a single class. Some selected pictures shown in Fig. 4
are convincing examples of just such conceptual “mixtures” of
several categories; the first one is a mix of the “car” category, yet
it also exhibits a significant component that could have made
it quite well allocated to the “landscape” category. An image
in Fig. 4(d) is an interesting mix of the categories of cars and
airplanes.

Using the terminology presented in [17], we conclude that
the first image database is composed of images positioned in
a narrow domain, while those of the second database belong
to a broad domain. Let us note that the images belonging to a
narrow domain are characterized by a low variability of their
pictorial content. Typically, the imaging process is similar for
all recordings: the image contains only one object against a
clear background. Typically, there is no substantial variation
in the level of illumination. Other factors making the images
quite diverse are also not present. The first image database is a
convincing example of this kind of images. Indeed, each object
is recorded from different points of view, introducing a large
variability in the visual details, but fully retaining geometri-
cal, physical, and illumination constraints that characterize the
pictorial domain. Under such conditions, the semantic content
of the image could be well defined and made unique. As the
results obtained in [16] and [22] demonstrate, it is possible to
achieve good classification results while applying here the CBIR
techniques.

On the other hand, the images belonging to a broad domain
are characterized by a high variability of their pictorial content
even for the same underlying semantics. There are no specific
constrains introduced to the imaging process. Each image can
contain more than one object and can be recorded under dif-
ferent illumination conditions and at different viewpoints. This
situation leads to a significant gap between the visual features
and the semantic content of images. The semantic interpreta-
tion of these images can be difficult even for a human being,
because quite often their semantic content is described only par-
tially and not univocally. The second image database could be
a good example of this kind of image; see Fig. 4. Here, the
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TABLE II
RELATIONSHIP BETWEEN THE CLUSTERS AND CLASSES

Fig. 10. Classification rate versus the values of the fuzzification coefficient
for selected numbers of clusters.

Fig. 11. Percentage of images falling into the noise cluster versus the values of
the fuzzification coefficient. This relationship is presented for selected numbers
of clusters.

classification accuracy obtained using CBIR techniques and su-
pervised learning is far from 100% [38].

IV. DESIGN OF THE FEATURE SPACE: AN ANGULAR SPECTRUM

SIGNATURE AND ITS PROPERTIES

As it has become apparent from the previous investigations,
forming a suitable feature space [5], [7], [9] in which im-
ages could be described becomes a critical design step that
directly impacts the performance of the ensuing classifica-
tion schemes. In this study, we consider a suite of features
called the angular spectrum signature [5]. Interestingly enough,

Fig. 12. Classification rate versus the number of clusters; the dotted lines
represent a standard deviation of the reported classification rate.

Fig. 13. Classification rate (mean value) along with the size of the noise cluster
dimension versus the level of the supervision (expressed by the percentage of
the labeled patterns used in the clustering process).

these features were successfully applied to some other prob-
lems of image classification including video skimming [9] and
image retrieval [7]; in both the cases, they gave rise to good
results.

There are two reasons that directly motivate us to treat the
angular spectrum signature as a viable and attractive design
alternative. They relate directly to the way images are perceived
and interpreted:

1) visual properties are mainly related to the largest objects
in images; and

2) among various visual descriptors, shape, texture, and ori-
entation play a predominant discriminatory role. In the
case of the angular spectrum signature, shape and orien-
tation are well captured.

In essence, finding and describing the distribution of di-
rections of lines present in any image can be done through
the analysis of the results of the Fourier transform. Initially,
each image is preprocessed applying a windowing function
(here a 2-D Hamming function) in order to remove dis-
continuities at the edges, which otherwise could have com-
plicated the interpretation of frequency spectra. A window-
ing function is selected in such a way that it goes to zero
(or near to zero) at the edges of the image. Here, we
confine ourselves to the 2-D Hamming function because it
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TABLE III
COMPARATIVE SUMMARY OF RESULTS OBTAINED IN THIS STUDY AND PREVIOUS PAPERS [16] AND [22]

Fig. 14. Classification rate versus the values of the fuzzification coefficient
for selected numbers of clusters.

Fig. 15. Percentage of images into noise cluster versus the values of the
fuzzification coefficient for selected numbers of clusters.

exhibits a strong radial symmetry starting from the center of the
image.

The 1-D Hamming function w(k) comes in the form

w(k) = 0.54 − 0.46 cos
2πk

A − 1
(1)

where A is the number of samples and “k” stands for the kth
sample.

Fig. 16. Classification rate versus the number of clusters; the dotted lines
represent a standard deviation of the classification rate.

Fig. 17. Histogram of the values of misclassified patterns. (a) c = 8 and m =
1.15. (b) c = 8 and m = 2.2.

The 2-D Hamming function, for an image composed of n1 by
n2 pixels, can be easily formed from the basis of 1-D Hamming
functions in the form of an outer product, that is, w(n1)T w(n2)
where w(n1) and w(n2) are 1-D vectors obtained using (1).
The visual effect of applying a 2-D Hamming function to an
image is illustrated in Fig. 5(b). In some sense, we could com-
pare it to an effect produced by a low-pass filter. Note that this
transform is quite negligible at the center of the image, and its
impact increases when moving toward the borders of the image.
In this sense, the parts of the image located close to the borders
reduce their contributions to the overall image frequency spec-
trum. In this sense, one could focus the analysis on the central
part of the image because, often, in the imaging process, the
focus is localized in this part of the scene. The low frequencies
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Fig. 18. Images closest to the prototypes constructed by the FCM algorithm with m = 1.50 and c = 8. Membership values: (a) 0.99, (classified as “car”); (b)
0.99, (classified as “flower”); (c) 0.99, (classified as “insect”); (d) 0.98, (classified as “mammal”); (e) 0.99, (classified as “ship”); (f) 0.99, (classified as “fly”); (g)
0.99, (classified as “mammal”); (h) 0.96, (classified as “fish”).

TABLE IV
EXAMPLE OF ASSOCIATION BETWEEN CLUSTERS AND CLASSES FOR c = 8 AND m = 1.50; THE DOMINANT CLUSTER-CLASS ASSOCIATIONS LINKAGES ARE

SHOWN IN BOLDFACE

correspond to the largest and most dominant components oc-
curring in the image. They usually are the most relevant when
interpreting the image. One could also assume that they are fre-
quently localized in some central areas (e.g., foreground objects)
or are spread across the entire image (e.g., landscapes). Their
contribution to the generation of the feature space is almost
completely preserved after the application of the 2-D Hamming
function.

High frequencies correspond to negligible details and fine-
grain texture elements of an image; a reduction of these com-

ponents means that we focus on the foreground components,
located in the image central area, and ignore the details of the
peripheral contour. Once the 2-D Hamming function has been
applied, we compute the discrete Fourier transform to produce
the image spectrum. In general, for an image of “p” by “r” pix-
els, its Fourier transform F (u, v) comes in the well-known form:

F (u, v) =
1

p × r

p−1∑
i=0

r−1∑
1=0

f(i, 1) e−j2π (uj /p+v1 /r) . (2)
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Fig. 19. Closest images to the prototypes constructed by the FCM algorithm with m = 1.25 and c = 16. Membership values of all these images are equal to
1. The name of the dominant class of the cluster is shown below each image. (a) “mammal,” (b) “landscape,” (c) “flower,” (d) “ship,” (e) “insect,” (f) “airplane,”
(g) “insect,” (h) “mammal,” (i) “ship,” (j) “fish,” (k) “insect,” (l) “mammal,” (m) “fish,” (n) “fish,” (o) “car,” (p) “car.”

In the sequel, F (u, v) is further processed in order to construct
a polar representation of the image spectrum in which the zero-
frequency component is shifted to the center (refer to Fig. 6).

This representation of the image spectrum is split into ten uni-
formly distributed angular sectors, each the size of 18◦, start-
ing from θ = π/2 and moving down to θ = −π/2. For each
sector, seven harmonics are evaluated and recorded in a his-
togram format. The histogram produced in this manner and
composed of 7 × 10 entries forms a feature space of the angular
spectrum.

An example of the space is shown in Fig. 5(c). The val-
ues of harmonics greater than 7 refer to small elements in the
image; their contribution to the feature space becomes very
much limited, and hence, they could be easily eliminated. As
a result, we consider the feature space as a vector in R70 . To
eliminate any redundancy and lower computing overhead when
processing and classifying the images, we considered a stan-
dard mechanism of feature reduction, such as the PCA (see,
e.g., [19]). This analysis helps us retain the most essential prin-

cipal components and learn about the variability of the feature
space.

Fig. 7 shows that the percentage of retained variability in-
creases quite rapidly with the growing number of the princi-
pal components. As a matter of fact, we needed 17 variables
to retain 98% of the total variability of the image. This low-
dimensional space will be used to carry out all classification
activities.

In the same way, we completed the PCA analysis for
the COIL-20 image database (refer to Fig. 8). The sat-
uration effect is also visible. Given the form of the re-
lationship, we have retained 98% variability, which oc-
curs for 16 of the most dominant eigenvalues. Subse-
quently, this R16 space will be used in classification
activities.

For illustrative purposes, a PCA-driven reduced space with
three variables is shown in Fig. 9. In this case, we retain 79.8% of
the total variability; here, some homogeneous groups of objects
become distinguishable.
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Fig. 20. Images distribution among the clusters produced by the FCM with c = 8 and m = 1.50. (a) Cars, (b) flower, (c) insect, (d) mammals, (e) ship,
(f) airplane, (g) mammals, (h) fish.

V. FUZZY CLUSTERING AND CLUSTERING WITH PARTIAL

SUPERVISION

The organization and classification of images is supported by
the mechanisms of fuzzy clustering and fuzzy clustering with
partial supervision. The nature of the problem under discus-
sion suggests using the concept of a noise cluster as originally
proposed in [10]. We start with fuzzy clustering to investigate
to which extent unsupervised learning becomes efficient in re-
vealing the structure in the collections of images. Next, we
contrast the performance of the clustering mechanisms with the
clustering augmented by some mechanisms of supervision. The
supervision mechanism reflects situations when we are provided

some guidance that helps discover and describe the structure in
the image dataset.

The clustering technique considered here is the FCM. This is a
well-known objective function-based clustering whose objective
function comes in the form

Q =
c∑

i=1

N∑
k=1

um
ik ‖xk − vi‖2 . (3)

In the previous expression, ‖·‖ denotes a distance func-
tion (Euclidean, Mahalanobis, etc.), v1 ,v2 , . . . ,vc are the
prototypes (centroids) of the constructed clusters, U = [uik ],
i = 1, 2, . . . , c; k = 1, 2, . . . , N stands for the partition matrix,
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TABLE V
ASSOCIATIONS BETWEEN CLUSTERS AND CLASSES FOR c = 16 AND m = 1.25; THE DOMINANT CLUSTER-CLASS LINKAGES ARE SHOWN IN BOLDFACE

Fig. 21. Examples of images belonging to the noise cluster; FCM with c = 16 and m = 1.25.

while “m” is a fuzzification coefficient greater than 1 whose
function is to control a level of fuzziness of the clusters (their
membership functions).

The minimization of Q that is carried out with respect to the
partition matrix and the prototypes gives rise to the structure
in X . The generic optimization scheme involves a sequence of
iterations, in which we successively update the values of the par-
tition matrix and the prototypes. The process terminates when
some stopping criterion has been met. Typically, we consider

‖U − U ′‖max
i,k

|uik − u′
ik | . (4)

The iterative process stops when the value of the previous
expression does not exceed some predefined positive thresh-
old ε. U and U′ denote partition matrices obtained in the two
consecutive iterations.

It becomes apparent that the discovery of the structure in im-
ages is completed in a fully unsupervised mode; no supervision
is offered and our anticipation is that the objective function is
somewhat reflective of the geometry of the data so that the min-

Fig. 22. Values of ||U − U ′|| in successive iterations of the clustering algo-
rithm.

imization of Q leads to an “acceptable” structure. While this
could be the case in many practical situations, in reality we
could be offered some guidance in the form of a limited number
of hints coming from the user who imposes his point of view at
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Fig. 23. Classification rate versus the number of labeled images.

the data (here, images) by labeling several selected images. This
is an underlying rationale behind the FCM with partial super-
vision [28]. Let us briefly recall the essence of this algorithmic
enhancement.

Denote by X1 ⊂ X a (usually small) set of labeled patterns.
The cardinality of X1 is equal to M . The elements of this set are
denoted by a Boolean vector b, dim(b) = N whose entries are
equal to 1 if the corresponding patterns have been labeled and
set up as 0 otherwise. The corresponding membership degrees
of the labeled patterns are represented in a matrix F = [fik ],
i = 1, 2, . . . , c; k = 1, 2, . . . , N .

The augmented objective function that incorporates the su-
pervision mechanism described before is expressed in the form

J =
c∑

i=1

N∑
k=1

um
ikd2

ik + α

c∑
i=1

N∑
k=1

(uik − bkfik )m d2
ik . (5)

The second component of (6) captures the differences be-
tween the “true” membership of the images and those coming
from the structure produced by the clustering algorithm. We
want these two structures to coincide for the labeled patterns.
The positive weight (α) balances the effects of the supervised
and unsupervised learning. The value of α could be chosen in
the form α ∝ N/M . Some other alternatives of assigning some
other values of α could be sought as well. In general, the higher
the value of α is, the more essential the impact coming from the
supervision part of the scheme.

To minimize the performance index J (which is completed
with respect to the partition matrix and the prototypes) while
avoiding a tedious process of solving algebraic equations, we
set up the value of the fuzzification coefficient (m) to be equal
to 2.0. In this case, the partition matrix is updated following the
expression

uik =
1

1 + α

[
1 + α (1 − bk

∑c
l=1 flk )∑c

l=1 d2
ik /d2

lk

]
+ αbkfik . (6)

The results of the FCM come as a collection of clusters.
These clusters might not be homogeneous and could include
images belonging to several different categories. This situation
is not surprising at all; perhaps, it is rather unrealistic to expect
that unsupervised learning could produce a zero classification.

Furthermore, some images could be treated as a mixture of
several categories (say, landscape–car), as we have explained
in Section III. In this way, allocating the nonzero degrees of
membership of such images to a number of categories could be
quite helpful and fully justifiable. To assess the classification
error, let us form a correspondence between the clusters and
classes. Given an image xk , we allocate it to some cluster on a
basis of the maximal membership value to this specific cluster,
that is

i0 − arg max
i

uik . (7)

Then, counting the class assignment of the images allocated
to the given cluster and picking up the dominant class within
it and repeating this for all clusters, we establish a relationship
between the clusters and classes, as shown in the tabular form
in Table II.

The entries of the table marked in boldface indicate the max-
imal number of images belonging to the class; in this way, we
arrive at the correspondence between the clusters and classes;
while looking at this table, we note that class ω2 corresponds to
cluster 3. An ideal situation occurs when, for each column, we
have exactly a single nonzero entry. Practically, due to overlap
between classes, this situation does not occur in practice.

The values of partial membership produced by the FCM are
very helpful in identifying and flagging the elements that are
the most “unclear” (whose membership is shared between the
clusters and the degree of membership to each cluster is equal
to 1/c). To quantify this effect of such ambiguity, we introduce
the following separability index

ψk = 1 − cc
c∏

i=1

uik (8)

whose values are computed for each image “k.” The value of
ψk equal to zero occurs when all uik are equal to 1/c. On the
other hand, if one membership degree is equal to 1, ψk returns
1.

VI. EXPERIMENTAL STUDIES

Here we report on a comprehensive suite of experiments of
unsupervised and partially supervised clustering in application
to the two datasets presented in Section III. The clustering meth-
ods used the stopping criterion with the value of ε set up to 10−6 .
The distance function was the Euclidean one. To explore the
possibilities offered by the FCM, we experimented with various
values of the fuzzification coefficient as well as looked at the
different number of clusters. For each scenario, the experiment
was repeated ten times by starting the algorithm from different
initial configurations (represented by different partition matri-
ces being initialized in a random manner). This is deemed of
importance when interpreting the results and striving for their
stability. The scenario of partial supervision was realized by
randomly labeling a certain percentage of images (say, 10%,
20%, and 30%).
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Fig. 24. Images located the closest to the prototypes formed by the supervised FCM (m = 2 and 30% of labeled patterns). The membership values: (a) 0.82,
(classified as “landscape”), (b) 0.81, (classified as “insect”), (c) 0.82, (classified as “airplane”), (d) 0.83, (classified as “fish”), (e) 0.92, (classified as “flower”), (f)
0.88, (classified as “car”), (g) 0.80, (classified as “mammal”), (h) 0.93, (classified as “ship”).

A. COIL-20 Image Database

In the series of experiments completed for this dataset, we are
interested in a number of aspects of the algorithm, in particular,
the number of clusters and the related classification error. First,
we note that the fuzzification coefficient does exhibit a substan-
tial impact on the quality of the classification (see Figs. 10 and
11).

It is interesting to note that the optimal value of “m” is not
the one being typically used in various applications of fuzzy
clustering (that is 2.0), but the one far lower than that. The high-
est classification rate (lowest error and smallest noise cluster)
occurs when “m” assumes values around 1.5, and this region is
preferred regardless of the number of clusters being used.

As expected (see Fig. 12), the increased number of clusters
leads to the increase in the values of the classification rate (the
rates reported in this figure are obtained for the optimal values
of “m”).

What is not surprising is the fact that the values of the clas-
sification rate go up quite consistently with the increase of the
number of clusters.

Partial supervision helped improve the classification rate. As
illustrated in Fig. 13, with the level of 30% labeled images,
the clustering led to the classification rate of 78.4%, which
represents an increase of 22% over the result obtained without
any supervision. It is also quite conspicuous that the noise cluster
became smaller than the one formed without partial supervision.

This trend is coherent with the structure of the COIL-20 image
database, because it is a narrow domain image database. It is
well known that in this type of image database, there are few
noise images.

Referring to Table I, the results are compared with those
presented in [16] and [22] because all of them refer to the same
image database and use the noise cluster. The best performance
obtained in [22] comes as 72% of correctly classified images,
plus 4% of images classified as “noise,” while that obtained
in [16] is 35% of correctly classified images plus 27% of the
images assigned to the “noise cluster.” The accuracy obtained
here is certainly comparable with those obtained in [16] and [22].
In Table III, these results are presented in a more concise format.

B. Outdoor Image Database

We have completed a series of experiments for the outdoor im-
age dataset reporting the results in a similar way, as it was done
in the previous suite of experiments for the COIL-20 dataset. In
particular, Fig. 14 shows how the classification rate is impacted
by the crucial clustering parameters, such as the number of the
clusters and the values of the fuzzification coefficient. Given
the number of classes (eight), the number of clusters was varied
from seven to 16. As to the optimal value of the fuzzification
coefficient, the tendency is again quite apparent: regardless of
the number of the clusters, its value should be far lower than
2.0, in many cases, very close to 1.5.
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Fig. 25. Image distribution among the clusters for partially supervised FCM with 30% of labeled patterns.

The classification rate improves when the number of clusters
goes up, which is quite anticipated (refer to Fig. 16).

The values of the separation coefficient represented in a his-
togram format (see Fig. 17), reveal that for a relatively broad
range of values of the fuzzification coefficient (m), lower values
of ψk are associated with the higher values of the classification
error [see Fig. 17(b)]. This is intuitively appealing as the images
whose allocation to clusters is quite “difficult” are those that
could be potentially misclassified. For the lower values of “m,”
[see Fig. 17(a)], this tendency does not hold. The explanation
is that for such low values of the fuzzification coefficient, the
membership degrees turn out to be either 1 or 0 (with almost no
values in between); hence, one should not treat the values of the

separability index as being highly indicative of any meaningful
tendency.

It is interesting to see what images of the clustering algorithm
have been identified to be typical for the entire collection of
images. Fig. 18 shows the images that are the closest to the
prototypes; these were obtained when using m = 1.50 and c =
8. Note that the image that is the closest to a prototype is the
image belonging to the cluster represented by that prototype and
having the highest membership degree in this cluster. Fig. 19
shows the “typical” images that were obtained when running
the algorithm for m = 1.25 and c = 16.

The correspondence between the clusters and the classes is
presented in Table IV. The detailed classification results are
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Fig. 26. Examples of images belonging to the noise cluster using partially supervised FCM with 30% of labeled images.

displayed in Fig. 20; here, we show an allocation of images
belonging to different classes within the individual clusters.

It is noticeable that the clusters differ quite substantially with
regard to their homogeneity. For instance, the cluster of insects
looks very homogeneous; however, this is not true any longer
for the clusters concerning the airplanes and mammals (here, we
see a high overlap with the category of landscape; this perhaps
explains why there was no landscape cluster in the resulting
structure).

The increase in the number of clusters leads to the improve-
ment of the classification rate. The homogeneity of the clusters
themselves increased as well when compared to the previous
situation of eight clusters. Also, this time, the cluster “insect”
looks very homogeneous.

Noticeably, both in Table IV and Table V, there is a big num-
ber of landscapes (45 in Table IV and 72 in Table V) in the
cluster “ship.” It could well be that these two classes overlap
to a very significant extent. Furthermore, in Table V, the noise
cluster is smaller than the one reported in Table IV. This re-
duction has been anticipated, considering the definition of noise
cluster.

Fig. 21 shows some examples of images belonging to the
noise cluster. The situation is not that bad at all, given the fact
that the categories overlap, and there are no “pure” classes we
have originally defined. In many cases, we observe that the
overlap between the landscape and others is quite visible—a
phenomenon that is predictable when one agree that the land-
scape shows up many images classified as “ship,” “mammals,”
etc.

Let us now move on to the use of the partially supervised FCM
(here, we used c = 8 and m = 2.0; these values are essential
to the efficient implementation of the supervision mechanism).
As before, the experiments were repeated ten times for every
scenario. The percentage of the labeled images varied from 10%
to 30%. While the convergence of the FCM and its supervised
version looks similar (see Fig. 22), the component of supervi-

sion helped us avoid some oscillations present when running
the FCM itself. The classification rate improves with the in-
crease of the percentage of the labeled images (refer to Fig 23).
We stress the relationship between the size of the noise cluster
and the mechanism of partial supervision. Using the COIL-20
image database, the number of images belonging to the noise
cluster decreases when working with the partial supervision.
While using the outdoor image database, this phenomenon is
not observed. Furthermore, using this image database, the mean
size of the noise cluster remains the same (27%). Analyzing the
two image databases, these results are quite intuitive. Indeed,
as we mentioned in the previous sections, there are not noise
images in COIL-20, while in the outdoor image database, there
is 20% of noise images (namely, those are the images belonging
to more than a single class). Some examples of images classified
as “noise” are presented in Fig. 26.

Fig. 24 shows the images that are located at the closest vicinity
of the prototypes being obtained when using 30% of randomly
labeled patterns. Similarly, Fig. 25 reports the distribution of the
images across the clusters for supervision at the level of 30%
(see also Table VI). It is noticeable that each class comes with
its own cluster, and that the clusters themselves are more homo-
geneous than those obtained when not using the mechanisms of
supervision.

Fig. 26 shows some examples of images belonging to the
noise cluster that were obtained when using partially supervised
FCM with 30% of the labeled patterns. Also, at this time, the
overlap between the class “landscape” and the other classes is
still present.

Fig. 27 presents a histogram of the values of Ψ for misclas-
sified patterns obtained when running the partially supervised
FCM (m = 2, c = 4, and 30% of randomly labeled images).
There is a clear trend: lower values of Ψ come with the higher
number of misclassified images.

For the reasons indicated in Section II, it is not possible to
repeat the comparative evaluation of the results obtained with
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TABLE VI
EXAMPLE OF CLUSTERS ASSOCIATION TO CLASSES FOR PARTIALLY SUPERVISED FCM WITH 30% OF LABELED PATTERNS; THE DOMINANT CLUSTER-CLASS

ASSOCIATIONS (LINKAGES) ARE SHOWN IN BOLDFACE

Fig. 27. Histogram of the values of for misclassified images; c = 8, m = 2,
and 30% of labeled patterns.

this image database, as we did for those obtained using the
COIL-20.

VII. CONCLUSION

In this study, we have proposed and investigated mechanisms
of fuzzy clustering (FCM) and partially supervised clustering
in the problems of organization and classification of images.
We have demonstrated that the conceptual and algorithmic ve-
hicle of clustering is a viable alternative owing to its abilities to
reveal the structure in data and accommodate the mechanisms
of relevance/feedback. On a more quantitative side based on
the experimental evidence, several interesting points are worth
making:

1) the choice of the number of clusters is important, and,
in many cases, selecting more clusters than categories
(classes) becomes highly beneficial;

2) it has been found that the selection of a suitable value of the
fuzzification coefficient impacts the quality of the results;
interestingly, this value is far lower than the one commonly
encountered (and strangely enough, fully accepted) by the
community. The myth of the “magic” value of 2.0 need
not be followed, or, at least, it is worth exploring the
optimization capabilities associated with this parameter;

3) partial supervision (which, in fact, models the effect of
relevance feedback in processes of image organization)

contributes to the improvement of the overall organization
and classification processes;

4) the ambiguity of clustering (quantified in terms of the
separability index) is strongly linked with misclassifica-
tion (lower values of ψk are typically associated with the
higher likelihood of classification error). In essence, fuzzy
clustering has demonstrated its ability to flag the most “un-
clear” cases; and

5) the introduction of the concept of “noise cluster” along
with the mechanisms of partial supervision augment the
capabilities of the proposed approach to reveal the struc-
ture of image databases.

The notions of narrow and broad domain are essential when
evaluating the performance of the results produced by the clus-
tering procedures. Indeed, using a database belonging to a
narrow domain (such as the COIL-20), the proposed system
achieves the same performance as that being proposed in the
literature when dealing with other systems. On the other hand,
when dealing with broad domain image databases, the perfor-
mance decreases due to the evident existence of the semantic
gap.

Furthermore, the study has demonstrated that the description
of images with the use of an angular spectrum signature is an
efficient way proceeding with description and discrimination of
images. The classification results obtained here are comparable
with those reported in other studies, in which cases, the images
were described in features spaces of a far higher dimensionality
(where the use of three-image descriptors is quite typical).

An interesting alternative to exploiting mixed-mode feature
spaces (such as, e.g., features and words) existing in some ar-
chitectures, such as, e.g., Alipr (http://alipr.com), are also worth
investigating and will be on the agenda of our future research
pursuits.
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