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ABSTRACT
Automatic generation of semantic metadata describing spa-
tial relations is highly desirable for image digital libraries.
Relative spatial relations between objects in an image con-
vey important information about the image. Because the
perception of spatial relations is subjective, we propose a
novel framework for automatic metadata generation based
on fuzzy k-NN classification that generates fuzzy semantic
metadata describing spatial relations between objects in an
image. For each pair of objects of interest, the correspond-
ing R-Histogram is computed and used as input for a set of
fuzzy k-NN classifiers. The R-Histogram is a quantitative
representation of spatial relations between two objects. The
outputs of the classifiers are soft class labels for each of the
following eight spatial relations: 1) LEFT OF, 2) RIGHT
OF, 3) ABOVE, 4) BELOW, 5) NEAR, 6) FAR, 7) INSIDE,
8) OUTSIDE. Because the classifier-training stage involves
annotating the training images manually, it is desirable to
use as few training images as possible. To address this issue,
we applied existing prototype selection techniques and also
devised two new extensions. We evaluated the performance
of different fuzzy k-NN algorithms and prototype selection
algorithms empirically on both synthetic and real images.
Preliminary experimental results show that our system is
able to obtain good annotation accuracy (92%–98% on syn-
thetic images and 82%–93% on real images) using only a
small training set (4–5 images).

Categories and Subject Descriptors
H.3.7 [Information Storage And Retrieval]: Digital Li-
braries; H.2.8 [Database Management]: Database Appli-
cations—Image databases
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1. INTRODUCTION
The emergence of digital libraries makes image retrieval

an issue of rapidly increasing importance. There are two
major approaches: text metadata-based image retrieval and
content-based image retrieval. The first of these requires
that images be annotated with text metadata, while the sec-
ond applies image processing and pattern recognition tech-
niques to extract visual features (color, texture, shape, and
spatial relations) from images [10, 28, 34]. Similarity of
images is then determined using distance functions defined
on these features. These two approaches are complimentary:
text metadata-based approaches can support keyword-based
queries, and content-based approaches can support query-
by-example. The text metadata for images can be created
by manual annotation; however, manual annotation is ex-
pensive and time-consuming, and thus infeasible for large-
scale image digital libraries. Clearly, automatic metadata
generation systems are desirable. In this paper, we focus on
the automatic generation of fuzzy semantic metadata de-
scribing spatial relations from segmented images. We will
explain the meaning of “fuzzy semantic metadata describing
spatial relations” in the following section. We assume the
images are segmented and each object is assigned a unique
label; i.e., we deal with symbolic images, as defined formally
in [13].

1.1 Related Work in Spatial Relation
Representations

The determination of spatial relations between objects in
an image is an important component of image content de-
scription and access. For example, the spatial relationship
between brain lesions and anatomical brain structures in
medical images is critically important for early disease di-
agnosis and thus important for image retrieval. Researchers
in different fields have worked on the analysis of spatial re-
lations among and between objects. Many approaches have
been proposed for qualitative spatial relations [7] and fuzzy
spatial relations [4]. A widely adopted idea for modeling
spatial relations was proposed by Freeman [11]. In this
scheme, the primitive spatial relations between two objects
are: 1) LEFT OF, 2) RIGHT OF, 3) ABOVE, 4) BELOW,
5) BEHIND, 6) IN FRONT OF, 7) BESIDE, 8) NEAR, 9)



Figure 1: Example image illustrating the subjective-
ness of human perception of spatial relations.

FAR, 10) TOUCHING, 11) BETWEEN, 12) INSIDE, and
13) OUTSIDE. The first six are called the primitive direc-
tional relations. Freeman also proposed that a fuzzy degree
of truth be associated with each spatial relation. Each spa-
tial relation thus defined gives a distinct semantic meaning.
Therefore, we consider the fuzzy degree of truth with its
associated spatial relation as fuzzy semantic metadata de-
scribing spatial relations, or in short, fuzzy spatial relation
metadata (FSR-metadata).
In the past, FSR-metadata were automatically generated

by:

1. Specially-designed algorithms. These methods include
the compatibility method [27, 26], the angle aggrega-
tion method [19], the effective force method [23] and
the morphological approach [3]. All of these methods
are not based on machine learning and do not pay at-
tention to properties of human perceptions. In fact,
these methods have shown to often give inconsistent
values of fuzzy spatial relations for the same images
[35].

2. Learning-based methods. Surprisingly, there is less re-
ported work for this category of approaches in rela-
tion to the problem in hand. Wang and Keller [35]
proposed a neural network based system to generate
FSR-metadata for images. Fuzzy directional relation-
ship metadata values were generated from neural net-
works fed by angle histograms. These networks were
trained on aggregate responses from a panel of peo-
ple. However, in this work, the training images were
chosen arbitrarily and the system only generated FSR-
metadata related to the four primitive directional re-
lationships: 1) LEFT OF, 2) RIGHT OF, 3) ABOVE,
4) BELOW.

All the above approaches derive a single “standard” set
of FSR-metadata. However, since the perception of spatial
relations is highly subjective, it can vary significantly from
person to person. For example, one person may assign de-
gree of truth 0.9 to the FSR-metadata “the triangle is above
the rectangle” in the image shown in Figure 1, meanwhile
another person may think differently and assign 0.6. When
a user queries a digital library containing only one single
set of “standard” FSR-metadata, she has to learn the map-
ping from her own idea of spatial relations to the standard

metadata values. We believe that the system should learn
from a user’s peculiarity but not vice versa. Therefore, it is
desirable to derive personalized FSR-metadata that are con-
sistent with user’s intuitive values. Coincidentally, the need
for personalized search was also emphasized by McKeown et
al. in [25] from another perspective.
Many families of fuzzy directional relations rely on the

construction of the histogram of angles [27, 26, 19, 35] or
the Force Histogram [24, 23]. Given an object of interest
A and a reference object R, the histogram of angles is com-
puted from the angle between any two points in both objects
and normalized by the maximum frequency. The Force His-
togram (F-histogram) generalizes the histogram of angles. It
is computed from the sums of the elementary forces that are
exerted by the points of A on those of R in each direction.
However, all these angle histogram approaches can only rep-
resent directional relations, but not the topological spatial
relations “inside” and “outside” [36]. Moreover, distance
information is not explicitly taken into account and it is im-
possible to extract metadata for the FAR and NEAR spatial
relations of the Freeman model. In many cases, quantitative
representation of spatial relations taking into account shape,
size, orientation and distance is required. To address these
issues, the R-Histogram was proposed by Wang and Make-
don in [36]. This earlier work constitutes one of the building
blocks of the metadata generation system discussed in this
paper.

1.2 Related Work in Automatic Metadata
Generation

Many methods have been proposed for automatic meta-
data generation [30, 12, 32, 22]. Because machine learning
based methods are robust and adaptable, these methods are
gaining popularity, e.g. Support Vector Machines [14], Hid-
den Markov Models [33], and statistical methods [16]. Many
authors have suggested that automation of metadata gener-
ation can be addressed as a classification problem [6, 14].
In the case of an image digital library, Wang and Li [33]
reported on the development of a content-based image re-
trieval system that “trains” computers to assign keywords to
images based on automatically created dictionaries of con-
cepts.
One problem with this classification approach is that the

labels for the training data set must be generated manu-
ally, and this process is rather expensive. Therefore, in an
automatic metadata generation system based on classifica-
tion, it is desirable that the size of the training data set be
small. Clearly, systematic approaches for reducing the size
of the training data set by choosing the most representative
training data would be useful.

1.3 Our Approach
In summary, the following main questions have not been

addressed by previous work in automatic generation of FSR-
metadata:

1. Generating metadata describing not only directional
relations, but also the spatial relations NEAR and
FAR, plus the topological spatial relations INSIDE and
OUTSIDE.

2. Incorporating methods to systematically reduce the
size of the training image set.



3. Providing both personalized and “standard” metadata
for spatial relations.

In this paper, we address the above questions by describ-
ing a learning-based system that extracts FSR-metadata by
training a set of fuzzy k nearest neighbor (k-NN) classifiers.
Using R-Histograms as the input of the k-NN classifiers,
the system generates metadata for both directional relations
LEFT OF, RIGHT OF, ABOVE, BELOW and the spatial
relations NEAR, FAR, INSIDE, OUTSIDE. To reduce the
number of training images, we apply two types of prototype
selection methods: editing and condensing [20]. The goal is
to select the most “important” training images and use them
as the prototypes in the k-NN classifiers. The system is able
to provide both a) “standard” metadata for spatial relations
(by aggregating the responses of all users or groups of users)
and b) personalized metadata (obtained through training by
each individual user).

1.4 Outline of The Paper
The remainder of the paper is organized as follows: Sec-

tion 2 gives an overview of the proposed system; Section 3
presents the details of our fuzzy spatial relation metadata
generation methods; Section 4 demonstrates the preliminary
experimental results of our system on synthetic images and
real images; Section 5 concludes the paper.

2. SYSTEM OVERVIEW
An overview of PerGen, our personalized metadata gen-

eration system based on fuzzy k-NN classification, is illus-
trated in Figure 2. Our approach is based on R-Histograms
computed for each pair of objects of interest in input images.
We use a fuzzy k-NN classifier for each of the four spatial re-
lation pairs “LEFT OF/RIGHT OF,” “ABOVE/BELOW,”
“NEAR/FAR,” and “INSIDE/OUTSIDE.” The first two clas-
sifiers operate directly on the R-Histograms. For the remain-
ing two classifiers, we extract higher level feature vectors
from R-Histograms and feed them to the classifiers to re-
duce dimensionality and incorporate prior knowledge about
R-Histograms. In training these fuzzy k-NN classifiers, we
consider the properties of human perception in the form of
soft class labels. These are obtained from user responses to
a small set of representative images, which are the result
of prototype selection (explained below in Section 3.4). The
outputs of the classifiers are the fuzzy values associated with
corresponding FSR-metadata. The soft labels assigned by a
user are stored in her user profile to facilitate personalized
metadata generation. Soft labels from all users can also be
combined for generation of “standard” FSR-metadata.

3. FUZZY SEMANTIC METADATA
GENERATION

3.1 The R-Histogram
Given a reference object R and an object of interest A,

the goal is to represent, quantitatively, the spatial relations
between R and A. Consider the vector originating from a
pixel x on the boundary of R to a pixel y on the bound-
ary of A. If x and y don’t coincide, the angle between the
x-axis of the coordinate frame and −→xy is computed. This an-
gle, denoted by θ(x, y), takes values in [−π, π]. The labeled
distance from x to y, denoted by LD(x, y), is defined as a
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Figure 2: Personalized FSR-metadata generation
system based on classification.

Table 1: Labels in the Labeled Distance
Pixel x inside A Pixel y inside R l(x, y)

False False 0
False True 1
True False 2
True True 3

pair (d(x, y), l(x, y)), where d(x, y) is the Euclidean distance
from x to y and l(x, y) is defined in Table 1.
For the set of vectors originating from any pixel on the

boundary of R to any pixel on the boundary of A, a his-
togram is constructed as follows: Let x and y be pixels on
the boundaries of R and A respectively. The bin H(I, J, L)
is incremented as follows:

H(I, J, L) =















H(I, J, L) + 1 if θ(x, y) ∈ AI

∧ (d(x, y) ∈ DJ

∧ l(x, y) = L

H(I, J, L) otherwise

(1)

whereAI is the range of angle values spanned by binH(I, J, L),
DJ is the range of distance values spanned by bin H(I, J, L),
and L ∈ {0, 1, 2, 3} is the label associated with the distance
values spanned by bin H(I, J, L).
Then the histogram is normalized as follows:

h(I, J, L) =
H(I, J, L)

∑nA

I′=1

∑nD

J′=1

∑3
L′=0 H(I ′, J ′, L′)

(2)

where nA is the number of angle bins and nD the num-
ber of distance bins. The normalized histogram, denoted
as RH(A,R), is defined to be the R-Histogram of object A
relative to object R.
An example of the R-Histogram is illustrated in Figure

3(b), where the x-axis is associated with angles and the y-
axis with distances. Each of the four quadrants shows a
portion of the histogram with one of the four labels asso-



(a) (b)

Figure 3: (a) The gray rectangle R is the reference
object and the white ellipse A is the object of in-
terest. Note that the two object overlap. (b) The
R-Histogram for the two objects. Each quadrant is
associated with a unique label.

ciated with the distances. RH(A,R) is invariant to trans-
lation. When a rotation is applied to A and R, RH(A,R)
is simply shifted along the x-axis. RH(A,R) can also be
scale-invariant if the distances are normalized by dividing
them by the maximum distance. RH(A,R) encapsulates
rich information about the spatial relations between A and
R.
To model the spatial relations of multiple objects in an

image, we can use R-Histograms as the arc attributes in
Attributed Relational Graphs (ARG).

3.2 Fuzzy k-NN Classification
In the proposed system, PerGen, we address the task of

automatic generation of FSR-metadata as a fuzzy classifi-
cation problem. There are many different types of fuzzy
classifiers [20]. We chose to use the fuzzy k-NN classifier
because it supports non-linear decision boundaries and pro-
totype selection.
The k-NN classifier [8] is a well-known nonparametric clas-

sifier. Let X be a metric space with a global distance func-
tion (the metric d) which, for every two points x, y in X,
gives the distance between them. Let Ω = {ω1, . . . , ωc} be
a set of class labels, where c is the number of classes. Let
V = {(v1, l(v1)), . . . , (vn, l(vn))} be a labeled reference set,
where vi ∈ X and l(vi) ∈ Ω. To classify a new input x, the k
nearest prototypes are retrieved from V together with their
class labels. The input x is labeled to the majority class
label corresponding to the k nearest neighbors.
Fuzzy k-NN extends k-NN by replacing the crisp labels

above with soft labels, l(vi) ∈ [0, 1]c. Different ways of com-
bining the soft labels of the k nearest neighbors to compute
the soft output label l(x) for x ∈ X have been proposed [17,
18, 8, 2]. In this work, we used the schemes proposed by
Jóźwik [17] and Keller et al. [18]. To find the ith compo-
nent of the soft class label li(x) for x, Jozwik’s method [17]
simply averages the soft labels of the k nearest neighbors:

li(x) =
1

k

k
∑

j=1

li(zj) (3)

where
z1, . . . , zk are the k nearest neighbors of input point x.
The method by Keller et al. [18] takes distances into con-

sideration:

li(x) =

∑k

j=1 li(zj)(dj)
−

2

m−1

∑k

j=1(dj)
−

2

m−1

(4)

where
m is a “fuzzification” parameter;
dj is the distance between x and its jth nearest neighbor zj .

3.3 Distance Functions
One important component in k-NN classifier design is the

choice of the distance function d. In [36], we used histogram
intersection as the distance metric in a Query By Example
(QBE) system. It is shown in [31] that when histograms are
normalized, histogram intersection is given by

d(h1, h2) =

nA
∑

I=1

nD
∑

J=1

3
∑

L=0

|h1(I, J, L)− h2(I, J, L)|

In this work, we show how to extend this distance func-
tion to create a variant d1 for use with our k-NN classifiers
for “LEFT OF/RIGHT OF” and “ABOVE/BELOW.” The
motivation behind this is to “separate” the directional com-
ponent from the distance component in R-Histograms. Intu-
itively, d1 is the minimum d obtained over all possible shifts
of the second histogram along the distance axis (y-axis as
shown in Figure 3(b)).

d1(h1, h2)

= min
t∈[−nD,nD ]

nA
∑

I=1

nD
∑

J=1

3
∑

L=0

|h1(I, J, L)− h2(I, J + t, L)|

The distance function d2 used by the classifier for “NEAR/FAR”
is the difference between the weighted means over all dis-
tance bins of the two histograms in question.

a(h) =

nD
∑

J=1

J ·

nA
∑

I=1

3
∑

L=0

h(I, J, L)

d2(h1, h2) = |a(h1)− a(h2)|

Here, a(h) can be viewed as higher-level feature vectors ex-
tracted from h.
For the classifier for “INSIDE/OUTSIDE”, we extract a

higher-level feature vector ~S(h) = [s1(h), s2(h), s3(h), s4(h)]
from the raw R-Histogram h to provide the input to the
classifier, where si(h) is the sum of the bin values of h in
quadrant i. Then d3 is defined as the L1 distance between
the extracted vectors.

d3(h1, h2) = L1(~S(h1), ~S(h2))

This extraction step achieves two things: (a) it reduces the
dimensionality of the feature space and (b) it incorporates
prior knowledge about R-Histograms. For example, if A is
completely inside R, then we know that the R-Histogram
will only be populated in quadrant 2 and vice versa.

3.4 Reducing The Number of Training Images
To reduce the number of training images, we apply pro-

totype selection methods to select the most representative
training images. Only these are used as prototypes in the
four PerGen k-NN classifiers.
Let Z = {(z1, l(z1)), . . . , (zn, l(zn))} be the whole labeled

data set. Prototype selection consists of selecting a partic-
ular subset of prototypes and applying k-NN classification



Table 3: Number of prototypes |V | and annotation accuracy using the fuzzy k-NN classifier by Keller et al.

(m = 2), with different prototype selection methods
Methods Left of/Right of Above/Below Near/Far Inside/Outside
distance function k prototype selection method |V | accuracy |V | accuracy |V | accuracy |V | accuracy

1 No prototype selection 100 0.98 100 0.98 100 0.89 100 0.97
extended YCFE 90 0.97 92 0.98 74 0.90 90 0.96
distance FERS 5 0.97 5 0.98 5 0.91 5 0.97
functions: FC 10 0.98 6 0.97 17 0.90 36 0.97
d1, d2, d3 YCFE+FC 7 0.96 6 0.98 9 0.92 32 0.96

YCFE+FERS 5 0.96 5 0.95 5 0.91 5 0.95
2 No prototype selection 100 0.99 100 0.98 100 0.91 100 0.97

YCFE 84 0.98 90 0.98 70 0.89 92 0.97
FERS 5 0.99 5 0.97 5 0.9 5 0.96
FC 13 0.95 6 0.78 18 0.91 36 0.97
YCFE+FC 4 0.96 4 0.98 7 0.90 32 0.97
YCFE+FERS 5 0.95 5 0.93 5 0.9 5 0.97

3 No prototype selection 100 0.98 100 0.98 100 0.9 100 0.98
YCFE 82 0.99 90 0.96 70 0.9 90 0.95
FERS 5 0.88 5 0.86 5 0.92 5 0.97
FC 14 0.95 12 0.93 17 0.9 35 0.95
YCFE+FC 9 0.90 9 0.95 4 0.9 32 0.96
YCFE+FERS 5 0.84 5 0.85 5 0.87 5 0.96

1 No prototype selection 100 0.96 100 0.96 100 0.72 100 0.84
YCFE 90 0.94 92 0.96 72 0.66 72 0.80

histogram FERS 5 0.96 5 0.96 5 0.60 5 0.80
intersection: FC 10 0.96 8 0.86 22 0.68 17 0.84
d YCFE+FC 7 0.92 5 0.87 13 0.70 9 0.76

YCFE+FERS 5 0.94 5 0.9 5 0.58 5 0.80
2 No prototype selection 100 0.96 100 0.96 100 0.76 100 0.82

YCFE 82 0.96 90 0.96 60 0.62 78 0.78
FERS 5 0.98 5 0.92 5 0.55 5 0.80
FC 13 0.86 10 0.88 23 0.74 15 0.80
YCFE+FC 4 0.78 4 0.68 8 0.58 6 0.68
YCFE+FERS 5 0.95 5 0.96 5 0.56 5 0.80

3 No prototype selection 100 0.98 100 0.96 100 0.76 100 0.82
YCFE 82 0.96 90 0.92 60 0.62 78 0.78
FERS 5 0.70 5 0.60 5 0.52 5 0.80
FC 16 0.94 12 0.86 26 0.78 18 0.88
YCFE+FC 8 0.80 8 0.65 9 0.64 6 0.56
YCFE+FERS 5 0.7 5 0.58 5 0.64 5 0.78

Table 2: Editing/condensing combinations
Methods Description
YCFE YCFE editing only
FERS FERS editing only
FC FC condensing only
YCFE+FC YCFE editing, then FC condensing
YCFE+FERS YCFE editing, then FERS editing

using only the samples selected. Two different strategies
exist in the literature:

• Condensing algorithms find a minimal subset V ⊆ Z

that leads to approximately the same performance as
the k-NN rule using the whole Z.

• Editing algorithms find a subset V ⊆ Z by eliminating
erroneously labeled prototypes from Z.

It has been shown that using editing algorithms in conjunc-
tion with condensing algorithms can produce a training set

that is significantly smaller than the original with similar or
better classification performance [9].
There are many editing and condensing algorithms for

crisp k-NN classifiers [37, 15, 21] in the literature. However,
much less work has been reported for fuzzy k-NN.
In this paper, we evaluated the following prototype selec-

tion methods and their combinations for fuzzy k-NN.
a) YCFE: The edited fuzzy k-NN classifier proposed by

Yang and Chen [38]. This method is similar to Wilson’s
editing method defined for crisp k-NN [37]. The algorithm
works as follows:

1: pick k1 to be the number of neighbors for the training
stage and the threshold α for the limit discrepancy be-
tween soft class labels.

2: for q = 1 to N do
3: find the k1 nearest neighbors of zq using Z − {zq} as

the reference set.
4: calculate the estimated soft class label of zq, l̂(zq) =

[l̂1(zq), ..., l̂c(zq)] using fuzzy k-NN method.



Table 4: Number of prototypes |V | and annotation accuracy using the fuzzy k-NN classifier by Jóźwik, with
different prototype selection methods
Methods Left of/Right of Above/Below Near/Far Inside/Outside
distance function k prototype selection method |V | accuracy |V | accuracy |V | accuracy |V | accuracy

1 No prototype selection 100 0.52 100 0.48 100 0.44
extended YCFE 40 0.48 34 0.44 54 0.44
distance FERS 5 0.72 5 0.78 5 0.44
functions: FC 5 0.52 5 0.66 18 0.44
d1, d2, d3 YCFE+FC 2 0.48 2 0.34 3 0.44

YCFE+FERS 5 0.48 5 0.46 5 0.44
2 No prototype selection 100 0.98 100 0.96 100 0.86 100 0.88

YCFE 90 0.96 88 0.94 70 0.82 86 0.92
FERS 5 0.90 5 0.98 5 0.86 56 0.88
FC 7 0.80 10 0.98 17 0.86 6 0.80
YCFE+FC 4 0.84 4 0.76 3 0.58 4 0.9
YCFE+FERS 5 0.92 5 0.92 5 0.90 5 0.88

3 No prototype selection 100 0.94 100 0.92 100 0.84 100 0.92
YCFE 84 0.98 82 0.98 72 0.84 88 0.92
FERS 5 0.52 5 0.51 5 0.78 5 0.86
FC 12 0.56 13 0.76 13 0.86 8 0.88
YCFE+FC 6 0.70 7 0.66 5 0.80 5 0.96
YCFE+FERS 5 0.44 5 0.46 5 0.58 5 0.78

1 No prototype selection 100 0.52 100 0.48 100 0.44
YCFE 39 0.48 34 0.44 54 0.44

histogram FERS 5 0.76 5 0.80 5 0.44
intersection: FC 6 0.82 8 0.64 20 0.44
d, YCFE+FC 2 0.48 3 0.88 3 0.44

YCFE+FERS 5 0.50 5 0.44 5 0.44
2 No prototype selection 100 0.96 100 0.96 100 0.64 100 0.8

YCFE 90 0.96 88 0.96 66 0.52 76 0.8
FERS 5 0.92 5 0.90 5 0.48 5 0.78
FC 10 0.84 8 0.92 23 0.64 18 0.76
YCFE+FC 5 0.74 5 0.67 11 0.38 4 0.8
YCFE+FERS 5 0.92 5 0.94 5 0.46 5 0.78

3 No prototype selection 100 0.92 100 0.94 100 0.68 100 0.86
YCFE 84 0.98 82 0.98 56 0.52 80 0.8
FERS 5 0.48 5 0.5 5 0.40 5 0.78
FC 14 0.88 12 0.72 23 0.56 16 0.6
YCFE+FC 6 0.70 7 0.52 6 0.20 10 0.7
YCFE+FERS 5 0.46 5 0.40 5 0.38 5 0.78

5: if
∣

∣

∣

∣

∣

∣
l(zq)− l̂(zq)

∣

∣

∣

∣

∣

∣
≥ α then

6: mark zq for deletion.
7: end if
8: end for
9: to obtain V , delete from Z all marked elements.
10: return V with the class labels.

b) FERS: We extended the algorithm for editing by ran-
dom selection for crisp k-NN [29] to fuzzy k-NN.

1: pick the threshold α for the limit discrepancy between
soft class labels for calculation of the error rate.

2: choose v = |V |, c ≤ v ≤ N. Pick the maximal number of
steps T . Set E = 1.

3: for i = 1 to T do
4: select at random V ⊂ Z, |V | = v.

5: calculate the error rate e(V ) of the fuzzy k-NN clas-
sifier on Z − {V }, with V as the reference set.

6: if e(V ) < E then
7: store V and set E = e(V ).
8: end if
9: end for

10: return V with the class labels.

c) FC: We extended the condensing algorithm in [1] for
crisp k-NN to fuzzy k-NN.

1: pick the threshold α for the limit discrepancy between
soft class labels.

2: pick the maximal number of steps T . Set V = Z.

3: for i = 1 to T do
4: select at random v ⊂ V.

5: find the k nearest neighbors of v using V −{v} as the
reference set.

6: calculate the estimated soft class label of v, l̂(v) =

[l̂1(v), ..., l̂c(v)] using fuzzy k-NN method.

7: if
∣

∣

∣

∣

∣

∣
l(v)− l̂(v)

∣

∣

∣

∣

∣

∣
< α then

8: set V = V − {v}.
9: end if
10: end for
11: return V with the class labels.

In the above algorithms, the norm metric ||·|| is the L1

distance.



Table 5: Best methods for each of the four classifiers
Classifiers Best Methods |V | accuracy
LEFT OF/RIGHT OF YCFE+FC, Keller, m=2, k=2, using d1 as distance function 4 0.96

FERS, Keller, m=2, k=1, using d1 as distance function 5 0.97
ABOVE/BELOW YCFE+FC, Keller, m=2, k=2, using d1 as distance function 4 0.98

FERS, Keller, m=2, k=1, using d1 as distance function 5 0.98
NEAR/FAR FERS, Keller, m=2, k=3, using d2 as distance function 5 0.92

YCFE+FERS, Keller, m=2, k=1, using d2 as distance function 5 0.91
FERS, Keller, m=2, k=1, using d2 as distance function 5 0.91

INSIDE/OUTSIDE FERS, Keller, m=2, k=1, extended distance function 5 0.97
YCFE+FERS, Keller, m=2, k=2, using d3 as distance function 5 0.97
FERS, Keller, m=2, k=1, using d3 as distance function 5 0.97

Different combinations of the above algorithms are possi-
ble as shown in Table 2. The performance of these different
combinations are evaluated experimentally in the next sec-
tion.

4. EXPERIMENTAL RESULTS
We have implemented the above algorithms in MATLAB

R13.1. To test the performance of different algorithms with
different parameters and distance functions, experiments were
conducted on synthetic images and real images.

4.1 Synthetic Images
The synthetic image data set used for our experiments

consists of 200 images of size 256x256 containing rectangle
and ellipse objects. The rectangles are always in the middle,
while the locations of the ellipses are random, resulting in
various relative spatial relations with the rectangle. In the
tests, the rectangle is designated as the reference object and
the ellipse the object of interest.
First, users assigned soft labels to each image by giving

an appropriate value between 0 and 1 for each spatial rela-
tionship: 1) LEFT OF, 2) RIGHT OF, 3) ABOVE, 4) BE-
LOW, 5) NEAR, 6) FAR, 7) INSIDE, 8) OUTSIDE. Users
were instructed to give 0 to an image if the two objects do
not satisfy the spatial relation at all, and to give 1 if the two
objects satisfy the spatial relation perfectly, in the user’s
opinion. Note that each user was asked to annotate all the
images because we need the labeled data set to evaluate the
effectiveness of prototype selection. In a real-world imple-
mentation, once the prototypes are selected, a user would
only have to annotate the small set of prototype images.
Ten unique experimental sets were created from the whole

data set; each was created by randomly partitioning the 200
images into 100 training images and 100 test images. We
consider a test image to be accurately annotated if the L1

distance between the estimated soft label and the manually
assigned label does not exceed a predefined threshold chosen
by the user. This threshold was set to be 0.2 in the experi-
ments. The threshold α used in YCFE and FERS were set
to be 0.1, i.e. half of the user-defined error threshold.
Different combinations of prototype selection algorithms

and different fuzzy k-NN classifiers using different distance
functions and parameters were applied. For FERS, v was
set at 5 and T was set to be 1000. For each trial, the num-
ber of selected prototype images and the classification ac-
curacy were recorded. The results, averaged over ten trials,
are shown in Table 3 and Table 4. Some cells of Table 4
are empty because the corresponding tests failed due to an
empty prototype set.

We can observe from the results that:

• The fuzzy k-NN by Keller et al. outperformed Jóźwik’s
scheme;

• Good prototype selection algorithms can reduce the
number of prototypes significantly (up to 96%) with
no or small degradation in accuracy;

• The extended distance functions generally outperform
simple histogram intersection;

• YCFE itself cannot reduce the number of prototypes
significantly;

• No one single combinations works well for all classi-
fiers. Table 5 summarizes the best methods for each
of the four classifiers.

Four test images are shown in Figure 4. Their corresponding
metadata assigned by the system and the user are listed in
Table 6–9. Note that only the best results using the methods
in Table 5 are shown. When the user-assigned metadata
value is 0, the automatically-generated value is sometimes
very close to, but not equal to, 0 (e.g. the row for “RIGHT
OF” in Table 8). Although the difference is small, it is
sometimes counter-intuitive. We will discuss possible ways
to fix this problem in the next section.

4.2 Real Images
In order to evaluate the performance of the classifiers

trained with synthetic images on real images, we tested with
10 photos of indoor and outdoor scenes. The objects in the
images were segmented semi-manually with MATLAB. Due
to space limitations, only two are shown here in Figure 5
and 6. Twenty-six object pairs from the 10 photos were in-
vestigated. The annotation accuracy rate obtained with the
best classifiers is shown in Table 12.

5. CONCLUSION AND FUTURE WORK
The main contribution of this paper is to introduce a

novel automatic metadata generation framework, PerGen,
that uses fuzzy k-NN classification to generate fuzzy seman-
tic metadata describing spatial relations for images. This
framework is extensible and can be used to build digital li-
braries to allow searching and data mining of images based
on spatial relations. A prototype system has been imple-
mented and tested with both synthetic and real images. This
paper also demonstrated the effectiveness of prototype selec-
tion algorithms in reducing the number of training images.



(a) (b) (c) (d)

Figure 4: Example test images used in experiments

Table 6: FSR-metadata for Figure 4(a)
Spatial Relation Values by

system user
LEFT OF 0.47 0.5
RIGHT OF 0 0
ABOVE 0 0
BELOW 0.76 0.7
NEAR 1 1
FAR 1 0
INSIDE 0.92 0.9
OUTSIDE 0.08 0.1

Table 7: FSR-metadata for Figure 4(b)
Spatial Relation Values by

system user
LEFT OF 0 0
RIGHT OF 0.79 0.9
ABOVE 0.83 0.95
BELOW 0 0
NEAR 1 1
FAR 0 0
INSIDE 0.11 0.1
OUTSIDE 0.89 0.9

Table 8: FSR-metadata for Figure 4(c)
Spatial Relation Values by

system user
LEFT OF 0.81 1
RIGHT OF 0.03 0
ABOVE 0.68 0.6
BELOW 0 0
NEAR 0.06 0.1
FAR 0.94 0.9
INSIDE 0 0
OUTSIDE 1 1

Table 9: FSR-metadata for Figure 4(d)
Spatial Relation Values by

system user
LEFT OF 0.79 0.9
RIGHT OF 0 0
ABOVE 0 0
BELOW 1 0.8
NEAR 0.95 1
FAR 0.05 0
INSIDE 0.82 0.7
OUTSIDE 0.18 0.3

Figure 5: Test image showing a car on the roadside.

Table 10: FSR-metadata for Figure 5. The road
is the reference object for the car. “Above” and
“below” were not evaluated because they are not
meaningful in this case.

Spatial Relation Values by
system user

LEFT OF 0.68 0.9
RIGHT OF 0.01 0
NEAR 1 1
FAR 0 0
INSIDE 0.41 0.5
OUTSIDE 0.59 0.5



Figure 6: Test image showing two vases.

Table 11: FSR-metadata for Figure 6. The taller
vase is the reference object for the shorter one.

Spatial Relation Values by
system user

LEFT OF 0 0
RIGHT OF 1 1
ABOVE 0 0
BELOW 0.11 0.2
NEAR 0.37 0.5
FAR 0.63 0.5
INSIDE 0 0
OUTSIDE 1 1

In this paper, new distance functions for R-Histograms were
also introduced and shown to outperform the histogram in-
tersection distance metric in experiments. We have also pro-
vided two fuzzy variants of prototype selection algorithms
that demonstrate good experimental performance. Prelim-
inary experiments showed very good annotation accuracy
(92%–98% on synthetic images and 82%–93% on real im-
ages) with only 4–5 training images.
However, the system sometimes assigns a small value (less

than 0.1) when zero is obviously the correct value. To over-
come this problem, one possible solution is to add a post-
processing step to filter out these small values; however, this
may result in filtering out small, but correct values. Another
possibility is to use other classifiers, for example, Support
Vector Machines, together with fuzzy k-NN, and to combine
the outputs using classifier fusion methods.
The general framework presented here can also be used

for automatic generation of other types of metadata. We
are currently evaluating the system with more images. Our
next goal is to investigate other fuzzy prototype selection
algorithms and extend the system to support 3D medical
images.
The R-Histogram method used here assumes that the ob-

jects are homeomorphic to a 2-ball, and it only considers pix-
els on the object boundary. For objects with complicated
topology, we need to extend the current the R-Histogram
method by taking into account all the pixels in the objects.
We are currently developing efficient algorithms for the ex-
tended R-Histogram.
The current system takes segmented images as input. It

is possible to incorporate automatic image segmentation al-
gorithms, such as the Expectation-Maximization based al-
gorithm used in Blobworld [5], into the system.

Table 12: Annotation accuracy on real images
Classifier Accuracy
LEFT OF/RIGHT OF 0.89
ABOVE/BELOW 0.88
NEAR/FAR 0.82
INSIDE/OUTSIDE 0.93
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