
Automatic Image Annotation and Retrieval 
Using Subspace Clustering Algorithm 

Lei Wang 
Department of Computer Science 

University of Texas at Dallas 
leiwang@utdallas.edu 

 

Li Liu 
Department of Computer Science 

University of Texas at Dallas 
liliu@utdallas.edu 

 

Latifur Khan 
Department of Computer Science 

University of Texas at Dallas 
lkhan@utdallas.edu 

ABSTRACT 
The development of technology generates huge amounts of non-
textual information, such as images. An efficient image 
annotation and retrieval system is highly desired. Clustering 
algorithms make it possible to represent visual features of 
images with finite symbols. Based on this, many statistical 
models, which analyze correspondence between visual features 
and words and discover hidden semantics, have been published. 
These models improve the annotation and retrieval of large 
image databases. However, image data usually have a large 
number of dimensions. Traditional clustering algorithms assign 
equal weights to these dimensions, and become confounded in 
the process of dealing with these dimensions.  In this paper, we 
propose a top-down, subspace clustering algorithm as a solution 
to this problem. For a given cluster, we determine relevant 
features based on histogram analysis and assign greater weight 
to relevant features as compared to less relevant features. We 
have implemented four different models to link visual tokens 
with keywords based on the clustering results of our clustering 
algorithm and K-means algorithm, and evaluated performance 
using precision, recall and correspondence accuracy using 
benchmark dataset. The results show that our algorithm is better 
than traditional ones for automatic image annotation and 
retrieval. 

Categories and Subject Descriptors 
I.5.3 [Pattern Recognition]: Clustering –algorithms, similarity 
measures.  

General Terms 
Algorithms, Measurement, Performance, Experimentation, 
Theory, Verification. 

Keywords 
Subspace clustering, features, similarity, blob tokens, SVD, EM. 

1. INTRODUCTION 
Images are a major source of content on the Internet. The 
development of technology such as digital cameras and mobile 
telephones equipped with such devices generates huge amounts 
of non-textual information, such as images. An efficient image 

retrieval system is desirable where given a large database, we 
need, for example, to find the images that have tigers, or given 
an unseen image, find keywords that best describe its content 
[Duygulu02].  

Content-based image retrieval (CBIR) computes relevance based 
on the visual similarity of low-level image features such as color 
histograms, textures, shapes and spatial layout etc. However, the 
problem is that visual similarity is not semantic similarity. There 
is a gap between low-level visual features and semantic 
meanings. The so-called semantic gap is the major problem that 
needs to be solved for most CBIR approaches. For example, a 
CBIR system may answer a query request for ‘red ball’ with an 
image of a ‘red rose’.  

Semantics can be represented more accurately by using 
keywords than by using low-level visual features. Then image 
retrieval will be based on current powerful pure text retrieval 
techniques. There are two fold problems. First, most of images 
are not annotated. Second, it is laborious, error prone, and 
subjective, to manually annotate a large collection of images.  

Given a set of images where each image is captioned with a set 
of terms that describe the image content, researchers already 
propose various algorithms to determine correlation between 
keywords and visual image features/tokens. Algorithms can also 
provide annotation for images without captions. Many statistical 
models have been published in recent years [Mori99, Jeon03, 
Duygulu02, Barnard03]. By analyzing the statistical relations 
between visual features and keywords, these methods can 
discover hidden semantics, and have been proven successful in 
the field of automatic image annotation and retrieval 
[Barnard03, Blei03, Duygulu02, Jeon03, Li03, Pan04].   

The following steps are employed:  

• Segment images into visual tokens. Extract and 
quantify features for visual tokens. 

• Cluster visual tokens using a clustering algorithm 
(e.g., K-means) to construct a finite set of visual 
tokens which are called blob-tokens. 

• Analyze the correlation between keywords and blob-
tokens to discover hidden semantics. 

Each image will be represented by a set of keywords and visual 
tokens. Here visual token means a segmented region or object, 
and it will be described by a set of low level features like color, 
texture, and shape. It is possible that the same visual token can 
be shared by more than one image. Since the concept of the 
similarity of visual tokens is ill-defined as compared to 
keywords, visual tokens will be clustered together and a finite 
set of tokens will be generated. The premise is that if some 
visual tokens are the same, they will belong to the same cluster.  
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As discussed before, to analyze the correlation between 
keywords and blob-tokens, we need to apply statistical models 
to estimate the correspondence in terms of probability between 
each pair of keyword and blob-token and then construct a 
probability matrix of dimension W×B where W is the total 
number of keywords and B is the total number of blob-tokens. 
This is a difficult task because image datasets usually do not 
provide explicit correspondence. Duygulu et. al. apply an EM 
algorithm, calculating correspondences based on an initial 
estimate of the probability table and use the correspondences to 
update the estimate of the probability table [Duygulu02].  

We propose an algorithm based on subspace clustering to avoid 
the curse of dimensions during the clustering of visual tokens. 
Since each visual token is usually high dimensional data (30 
dimensions for the dataset used in this paper) and normal 
clustering algorithms (e.g., K-means) assign equal weights to all 
dimensions. Due to curse of dimensionality, data becomes 
sparse and distance measures become gradually meaningless as 
the number of dimensions increase. This will degrade the quality 
of the clustering result for traditional clustering algorithms. In 
order to solve this problem, we propose a top-down subspace 
clustering algorithm in this paper. Thus, using subspace 
clustering, we generate blob-tokens and then we propose 
methods for linking blob-tokens with words.  

Each feature in a cluster is assigned a weight according to how 
relevant the feature is to the cluster. We present a method 
estimating this relevance based on a histogram. To the best of 
our knowledge, subspace clustering algorithms have never been 
applied in automatic image annotation and retrieval. We 
implemented our sub-space clustering algorithm and K-means 
algorithm used in [Duygulu02] to generate blob-tokens. For 
construction of a probability table, based on two blob-token sets 
generated by the above two algorithms, we implement four 
different approaches to estimate word-blob correspondence, and 
compare results according to precision, recall and annotation 
accuracy using a benchmark dataset.  We demonstrate that our 
algorithm based on subspace clustering outperforms traditional 
algorithms. 

The paper is organized as follows: Section 2 presents related 
work. Section 3 presents a detailed description of our approach 
and correspondence methods that we will evaluate. Section 4 
explains our implementation in details and presents 
experimental results for different correspondence methods. 
Section 5 presents conclusions and a comment on future work.  

2. Related Works 
Many statistical models have been published for image retrieval 
and annotation. Mori et al. [Mori99] used a co-occurrence 
model, which estimates the correct probability by counting the 
co-occurrence of words with image objects. [Duygulu02] strived 
to map keywords to individual image objects. Both treated 
keywords as one language and blob-tokens as another language, 
allowing the image annotation problem to be viewed as 
translation between two languages. Using some classic machine 
translation models [Brown93], they annotated a test set of 
images based on a large number of annotated training images. 
Another approach using cross-media relevance models (CMRM) 
was introduced by Jeon et al. [Jeon03]. Here the joint 
distribution of blobs and words was learned from a training set 
of annotated images. Assume a set of keywords {w1 .. wn} is 

related to the set of blobs {b1 .. bm} in an image, rather than one-
to-one correspondence between the blob-tokens and keywords. 
Pan et al. [Pan04] applied SVD in automatic image captioning 
and compared this with the EM algorithm.  

For problems involving large numbers of dimensions, there are 
basically two approaches. The first is to reduce dimensions by 
using singular value decomposition (SVD) or principle 
component analysis (PCA). This method has been widely 
applied in many areas of information retrieval. However, it is 
not good for automatic image annotation. This is because 
relevant dimensions will be mixed; in no way can they be 
isolated.  The second approach involves the use of subspace 
clustering. Subspace clustering was proposed first in 
[Agrawal98]. The key idea of the CLIQUE algorithm is that if 
there are dense units in k dimensions, there are dense units in all 
(k-1) dimensional projections. Various subspace clustering 
algorithms have been published. Some of them extend CLIQUE 
in different directions [Cheng99, Nagesh99, Woo02]. The 
algorithm we propose in this paper is a subspace clustering 
algorithm based on the top-down strategy. To the best of our 
knowledge, this is the first attempt to apply a subspace 
clustering algorithm in automatic image annotation. 

3. OUR APPROACH 
3.1 Segmentation 
We segment images into a number of visual tokens using 
Normalized cuts [Shi97]. Each visual token will be described by 
colors, textures, shapes, area etc. However, it does not occupy a 
discrete space. For example, each image segment in COREL is 
represented by 30 features. The features represent, rather 
roughly, major visual features/properties (e.g., color, texture, 
shape, and position etc.). 

3.2 Correlation between Keywords and 
Visual Tokens 
Similarity of visual tokens is ill defined as compared to 
keywords. For example, tiger visual tokens that appear in 
various images are supposed to be the same but due to inexact 
match they may not be matched exactly. Hence,  

• First, similar visual tokens will be grouped together 
based on clustering.  

• Next, we will determine correlation between keywords 
and visual tokens.    

3.2.1 Clustering to Generate blob-token  
We would like to quantize image object representation. For this, 
we will apply clustering algorithms to group similar visual 
tokens (i.e., image objects) into a blob token. Thus we generate 
a fixed set of blob tokens. The problem is that most current 
image clustering algorithms do not consider the relevant features, 
but assign the same weight to all low-level features. Yet image 
data is high dimensional data (e.g., say 30 dimensions in Corel 
image case), and many dimensions are irrelevant. These 
irrelevant dimensions will hide clusters in noisy data and 
confuse the clustering algorithms. The objects in the same 
cluster are very similar with regard to dominant feature 
dimensions, but the distance or similarity measures may indicate 
dissimilarity due to the noisy value in irrelevant dimensions. The 
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problem could become even worse when the data have different 
scales in different dimensions [Eccv02]. For example, all 
segmented ‘tiger’ visual tokens have the same color; the color 
features are relevant for all ‘tiger’ visual tokens. However, shape 
or position features are not relevant for ‘tiger’. For all ‘ball’ 
visual tokens, the relevant features are shape as compared to the 
color feature. Thus, the set of relevant features may be different 
for different clusters. The relevant features or dominant features 
are very useful when we measure similarity between two visual 
tokens (i.e., clusters). Furthermore, the scales of some features 
are much larger than of other features. Hence, we normalize data 
<xi1, xi2, …xim> into its normal form using mean(µj) and 
variance(σj) for j-th low-level feature as <(xi1- µ1)/ σ1, (xi2- µ2)/ 
σ2, …..,(xim- µm)/ σm>.  

3.2.2 Weighted Feature Selection busing Subspace 
Clustering 
Our weighted feature selection mechanism is as follows: First, 
we cluster visual tokens using K-means assuming equal weight. 
Second, we distribute visual tokens into clusters and update 
centroids. Third, for each cluster we identify the most important 
features and discard irrelevant features (see Section 3.2.2.1). 
Finally, the same process will be repeated until the algorithm 
converges. In fact at step 3 we apply weighted feature selection 
to determine the relevancy of a feature. In other words, we 
determine the weight of features. We represent m features in j-th 
cluster as <fj1, fj2, … fjm>, and corresponding weights of these 
features are <wj1, wj2, …. wjm>. Let us assume that we have 
altogether N visual tokens and the dimension of  a visual token 
is m. Then the i-th  visual token in the dataset is represented by 
<xi1, xi2, …xim>.  

We update the weights of features in each cluster adaptively. 
After the algorithm terminates, based on the <wj1, wj2, …. wjm>, 
we can say which feature is more relevant or dominant than 
another feature for the j-th cluster. Hence, third step is important. 
Hence, for l-th feature in j-th cluster fjl, we assume that the 
denser the distribution of fjl, the more possible that the l-th 
feature is the dominant feature for j-th cluster.  

3.2.2.1 Histogram Analysis 
The problem is how to evaluate the degree of density of the fjl 
and assign weight correspondingly. Intuitively, the more the 
relevant features will be more dense (hence more weight) as 
compared to less relevant features. We create a histogram for 
each feature in each cluster by dividing the range of feature 
values into equal intervals and then counting the number of 
visual tokens whose feature values are located within the 
corresponding interval. For a particular feature, the smaller the 
area of the histogram we get, the denser the feature we notice.  

The value in X-coordinates is the value of l-th feature which is  
]1,0(∈ℜ l
 in this example. We define the range of l-th feature 

value as 
lXℜ  and divide lXℜ  into X equally spaced interval 

[Il1,Il2, … IlX] where 
lXlilX X

iI
X

i ℜ××≤<ℜ××− 11)1(   The value 

Yli  in Y-coordinates is the number of visual tokens whose l-th 
feature values are located within corresponding interval Ii. The 
area of histogram is

li

X

i
lilhist IYArea ×= ∑

=1
)(

. We define the 

density for l-th feature as
lXli

lhist
l YMax

Area
Density

ℜ×
−=

)(
1 )( . The value 

of 
lDensity  is the density of the l-th feature value distribution. If 

all Yli are the same then the ratio will become 1 and density will 
become 0.  If a visual token is uniformly distributed across 
several intervals, it will carry less density (i.e., weight) as 
compared to a single/two peaks. The larger 

lDensity  is, the 
denser the value distribution for l-th feature. In other words, the 
l-th feature is more likely to be the dominant feature for the 
corresponding cluster. Now, we calculate the new weight values 
by normalizing

lDensity . We define the 
lDensity  in j-th cluster 

as
jlDensity , the new weight of l-th feature for j-th cluster is 

defined as  

∑=

= m

l jl

jl
jl

Density

Density
w

1

. 

3.2.3 Link between Keyword and blob-token 
To determine a link between keywords and blob-tokens, first we 
construct a probability table. Let us assume that there are W 
keywords, B blob-tokens, and N images. Then, the dataset can 
be represented by a matrix

)( BWNM +×
. Where in M matrix, row N 

corresponds to the number of images and first W column 
corresponds to W keywords, and next B column corresponds to 
B blob-tokens. Next, we determine correlation by implementing 
various weight calculation strategies based on the probability 
table. For example, we assign a keyword wi to a blob-token bj if 
p(wi|bj) is the maximum in j-th column of probability table. 

3.2.3.1 Method 1: Unweighted Method 
First, we generate )( BWNM +×  by counting the frequency of 

keywords and blob-tokens. 
111)( ]|[]|[ MMMMMM BWBNWNBWN === ××+× . 

Here subscript 1 corresponds to method 1. 

],[1 jiM W
 is the frequency of j-th keyword appeared in i-th 

image. Similarly, ],[1 jiM B  is the frequency of j-th blob-token 
appeared in i-th image. We use T

WM 1 1BM×  that gives a matrix 
with the dimension of W x B and normalize each column to get 
a probability table 1CorrT  based on co-occurrence. ],[1 jiTCorr

 is 
an estimate of p(wi|bj) which is a conditional probability of 
keyword wi given blob bj.  

3.2.3.2 Method 2: Weighted Method tf*idf 
In text retrieval, some terms appear much more often than 
average. These words are not useful for classification and should 
be assigned less weight. For the term Tk  in document Di which 
is represented as the normalized term weight by: 

2
1

2
1

2 )]/[log()(

)/log(

)( k
t

k ik

kik

t

k kik

kik
ik

nNtf

nNtf

idftf

idftfw
∑∑ ==

=
×

×
=

 

where tfik is frequency of term Tk in document Di, idfk is inverse 
document frequency, N is the total number of document, and nk 
is the total number of documents contain Tk. We apply similar 
technique  for the image case. Images correspond to documents, 
and blob-tokens generated by the clustering algorithm of images 
along their keywords correspond to terms. Weight of a term can 
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be calculated based on treating blob-tokens and keywords 
together or separately. In the latter case, we will determine 
weight for blob-token and then for keywords one by one.  For 
example, wi,l is the weight of blob-token bi in image l. Let N be 
the total number of images and ni be the number of images in 
which the blob-token bi appears. Define the normalized 
frequency tfil as 

hlh

il
il freq

freqtf
max

=
.

  

The freqi,l  is the number of times the blob bi appears in the 
image l. The maximum is calculated over all blobs that appear in 
the image l. Such frequency is normally referred to as the tf 
factor, which indicates how well the blob describes the image. 
We assume if a blob-token appears in most of images, it is not 
very useful for distinguishing a relevant image from a non-
relevant one. So, we need to define an inverse document 
frequency idfi for bi as 

i
i n

Nidf log= . Balancing above two 

factors, we have the weight of blobs. 

i
iliilil n

Ntfidftfw log×=×=
. We will apply similar technique to 

determine weight for each keyword in images. Generate 
]|[ 222 BW MMM =  using above weighted mechanism instead 

of the frequency in 1M . Based on 2M , we calculate the 
probability table 2CorrT in the same way as method 1.  

3.2.3.3 Method 3: Singular Value Decomposition 
(SVD) 
SVD and PCA can be used to reduce the dimensions of data or 
clean up noise and reveal information structure [Depr1998]. 
SVD is widely applied to reduce high dimensional data. Pan et 
al. [Pan04] uses SVD to improve automated image captioning 
result. However, we argue that the transformed features are a 
linear combination of old features and often have no intuitive 
meaning any more; thus the clustering result based on 
transformed data are hard to interpret. Let nmX × denote a matrix 
with m rows and n column. SVD can always decompose 

nmX × into product of three matrices as T
nm USVX =×

 where U 
is an m x n matrix, S is an n x n diagonal matrix, and VT is also 
an n x n matrix. ),...,( ),min(21 nmdiagS σσσ= , 

),min(21 ... nmσσσ >> and 0>jσ for all j > rank(
nmX ×
).  

To remove noise, we generate a new matrix S’ by keeping the r 
largest singular value ),min(,,..., 21 nmrr <σσσ  and set others 

to zero. Make 
%95),min(

1

1 ≈
∑
∑

=

=
nm

j j

r

i i

σ

σ  which means we preserve 

95% variance of the distribution and only lose 5% information. 
Then we can calculate the optimal low rank representation of 

nmX ×
as T

nm VUSX ''=× . We apply SVD to method 1 and  
method 2 namely, 

2211 ,,, BWBW MMMM one by one to calculate 

]|[ 333 BW MMM =  and ]|[ 444 BW MMM =  correspondingly. 

And based on 
3M  and 4M , we derive the probability table 

3CorrT  

and 
4CorrT in the same way as discussed  in Method 1 and Method 

2. 

3.2.3.4 Method 4: EM Algorithm 
The EM algorithm is used to estimate some set of parameters θ 
that describes a hidden probability distribution [Dempster1977]. 
We follow the translation model in [Duygulu02] to sum over all 
the possible assignments of keywords to blob-tokens as below. 

∏∏∑
= = =

====
N

n

M

j

L

i
ninjnj

n n

bbwwtiapbwp
1 1 1

)|()()|(  

where  Mn is the number of keywords in the n-th image, Ln is the 
number of blob-tokens in the n-th image, )( iap nj =  is the 

probability that a blob-token bi is associated with a keyword wj 
and )|( ninj bbwwt == is the probability of obtaining of word w 

given an instance of blob b. We maximize this likelihood by 
using the EM algorithm. We initialize two parameters )( iap nj =  

and )|( ninj bbwwt == according to 
1CorrT  and 

2CorrT  and update 

parameters iteratively based on two constraints 1)( ==∑i nj iap  

and 1)|(*
** =∑w

bwt  where w* is a specific keyword and b* is 

a specific blob-token. Finally, we get probability tables 
5CorrT  

and 
6CorrT , which correspond respectively to Method 1 plus EM 

algorithm and Method 2 plus EM algorithm. 

3.2.4 Auto-Annotation 
To annotate the image automatically, we calculate the distance 
between the given image object and all centroids of blob-tokens, 
and represent this image object with the keyword of the closest 
blob-token. The annotation is generated using keywords 
assigned to all objects in the image. 

4 EXPERIMENTAL RESULTS 
4.1 Dataset 
The dataset used in this paper is downloaded from [Eccv02] 
which is same as [Duygulu02]. There are 5,000 images from 50 
Stock Photo Cds in this dataset. Each Cd contains 100 images on 
the same topic. We use 4500 images as training set and the 
remaining 500 images as testing set. From 500 testing images, 
we manually labeled 50 images to test correspondence accuracy. 
The image segmentation algorithm is normalized cut [Shi97]. 
Each image is represented as a 30 dimensional vector, which 
corresponds to 30 low-level features. The vocabulary contains 
374 different keywords. 

4.2 Evaluation methods  
We clustered a total of 42,379 image objects from 4,500 training 
images into 500 blobs using a K-means algorithm, and proposed 
using a top-down subspace clustering algorithm. Follow the four 
models discussed in section 3 to calculate probability tables 
based on two clustering results respectively. Finally, we have 12 
different probability tables, which correspond to 12 different 
methods as follows:  
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Table 1. Twelve probability tables and corresponding methods 

PTK1: Kmeans + unweighted 
matrix(method1) 

PTK2: Keans + weighted tf*idf 
(methods2) 

PTK3: Kmeans + unweighted 
matrix + SVD (method3) 

PTK4: Kmeans + weighted tf*idf 
+ SVD (method3) 

PTK5: Kmeans + unweighted 
matrix + EM(method4) 

PTK6: Kmeans + weighted tf*idf 
+ EM (method4) 

PTS1: Subspace + unweighted 
matrix(method1) 

PTS2: Subspace + weighted 
tf*idf (methods2) 

PTS3: Subspace + unweighted 
matrix + SVD (method3) 

PTS4: Subspace + weighted 
tf*idf + SVD (method3) 

PTS5: Subspace + unweighted 
matrix + EM(method4) 

PTS6: Subspace + weighted 
tf*idf + EM (method4) 

4.2.1 Evaluation of annotation 
To evaluate annotation, we retrieve images from the test dataset 
using 20 frequent keywords from the vocabulary. The image 
will be retrieved if the automatically established annotation 
contains the query keyword. We evaluate the result using 
precision, recall and common E measure which are defined 

as trievedCorrect NumNump Re/= , ExistCorrect NumNumr /= , and 

rp
rpE 11

21),(
+

−=

 
where NumCorrect  means the number of retrieved images 
which contain the query keyword in its annotation, 
NumRetrievedt  is the number of retrieved images and 
NumExist is the total number of images in the test set containing 
the query keyword in annotation.  

4.2.2 Evaluation of correspondence 
We manually labeled image objects of 50 images to test 
correspondence. If the word predicted by the blob is contained 
in manually generated keywords of this object, we can say that 
the blob predicts the word correctly in the right place. It is 

possible that the predicted word is contained in the image rather 
than in the object.  

4.3 Results 
Table 2 shows some examples of automatic image annotation. 
The order of keywords in automatic annotation is the same as 
the decreasing order of size of corresponding segmented image 
objects.  

We pair wise compare PTK and PTS based on precision and 
recall from Figure 1 to Figure 6. Not every word in the 
vocabulary can appear in automatic annotation.  Only a subset of 
words SW can be predicted by blobs. And for different clustering 
algorithm and probability table construction methods, this subset 
of keywords SW could be different. That’s the reason why the 
precision or recall of some query words is zero. Twenty frequent 
query words are selected from the vocabulary. From Figures 1-6, 
we can see that the precision and recall of PTS are better than 
PTK for most of query words. The average precision and recall 
of PTS in each case is better than in PTK. The common E 
measure is calculated based on average precision and recall. And 
the E measure of PTS is lower than PTK (as shown in Figure 7).

 

Table 2. Examples of Automatic Annotation Compared with the Original Annotation 

Images 

  

 
Original 

Annotation 
sunset trees sky 

Hawaii 
house flowers 

garden windows 
sun clouds sky glow grizzly bear 

meadow grass 
cougar trees 

forest 
Automatic 
Annotation 

of PTS6 

water people shops 
sky sun   sunset 

buildings   
garden   flowers   

snow 

water   clouds   sky   
sun 

field   grass   
tree   bear birds 

rocks   snow   
tree water 

Automatic 
Annotation 

of PTK6 

clouds   buildings   
people   sky   sun 

field   garden   
people   flowers   

sky 

petal sun sunset   
stone 

Water field 
people tree 

water   snow   
street 
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Figure 1. Precision Recall Comparison of PTK1 and PTS1 
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Figure 2. Precision Recall Comparison of PTK2 and PTS2 
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Figure 3. Precision Recall Comparison of PTK3 and PTS3 
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Precision Recall Comparison PTK4_PTS4
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Figure 4. Precision Recall Comparison of PTK4 and PTS4 
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Figure 5. Precision Recall Comparison of PTK5 and PTS5 

Precision Recall Comparison PTK6_PTS6
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Figure 6. Precision Recall Comparison of PTK6 and PTS6 
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Pairwise Comparison of E measure between PTK and 
PTS
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Figure 7. Pair wise Comparison of Common E measure Between PTK and PTS (The first two columns are E measures of PTK1 
and PTS1, the second two columns are the E measure of PTK2 and PTS2 etc. X co-ordinate in Figure 8 has the same meaning.) 
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Figure 8. Correspondence Accuracy Comparison between PTK and PTS  
 

Table 3. The number of segments annotated correctly for different models 

Method# PTKcorrect PTScorrect PTKimg PTSimg 

1 – Unweighted 14 18 73 103 

2 – Weighted 11 12 69 103 

3 – SVD + Unweighted 15 18 71 107 

4 – SVD +  Weighted 10 13 68 105 

5 – EM + Unweighted 16 21 70 102 

6 – EM + Weighted 15 24 70 107 

 
Figure 8 compares correspondence accuracy between PTK and 
PTS. The results show again that PTS is better than PTK. We 
tested correspondence using 50 test images, which include 299 
segments labeled manually. Table 3 shows the number of 
segments annotated correctly. The first column PTKcorrect shows 
the number of segments, which are labeled with the right 
keywords in the right place for PTK methods. For example, the 
number in the first row and first column is 14. That means 14 

segments among 299 test segments are labeled with the right 
keyword and in the right place using method PTK1. Similarly, 
the second column PTScorrect shows values for PTS methods. The 
third column PTKimg and the fourth column PTSimg shows the 
number of segments labeled with right keywords but not 
necessarily in right places using PTK and PTS methods 
correspondingly. Results in Table 3  show that numbers of 
second and fourth columns are bigger than numbers of first and 
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third columns correspondingly. This indicates that 
correspondence accuracies of PTS methods are higher than those 
of PTK methods. The factor of tf*idf and SVD (suggested by 
Pan et al. [Pan04]) are not helpful for improving correspondence 
accuracy. In some cases, tf*idf makes correspondence accuracy 
even worse. The EM algorithm improves correspondence 
accuracy, especially when based on subspace clustering. 

5. CONCLUSION AND FUTURE WORKS 
Our experimental results show, no matter how we generate the 
probability table, the top-down subspace clustering algorithm we 
proposed will get better annotation performance and 
correspondence accuracy than the K-means algorithm. We 
cannot say that one clustering algorithm is better than the others, 
some are more proper for certain problems. Image data has high 
dimensionality which will confuse a clustering algorithm with 
noise data. In addition, for automatic image annotation, the blob-
tokens generated by a clustering algorithm are expected to have 
similar semantic meaning. Otherwise it is impossible to predict 
the keyword accurately. It is difficult for traditional clustering 
algorithms to determine important features and get good 
clustering results. Based on these considerations we have 
proposed a particular top-down subspace clustering algorithm. 
This algorithm can assign weights to each dimension and update 
these weights during a learning process.  

We would like to extend the work in the following directions. 
First, we would like to consider spatial correlation between 
visual objects that appear in images. Next, we will consider 
other statistical models like CMRM [Jeon03]. 

6.   REFERENCES 
[Aggarwal99] Charu C. Aggarwal, Joel L. Wolf, Phillip S. Yu, 

Cecilia Procopiuc, and Jong Soo Park. Fast algorithms 
for projected clustering. In Proceedings of the 1999 
ACM SIGMOD international conference on 
Management of data, pages 61-72. ACM Press, 1999. 

[Agrawal98] Rakesh Agrawal, Johannes Gehrke, Dimitrios 
Gunopulos, and Prabhakar Raghavan. Automatic 
subspace clustering of high dimensional data for data 
mining applications. In Proceedings of the 1998 ACM 
SIGMOD international conference on Management of 
data, pages 94-105. ACM Press, 1998. 

[Barnard03] K. Barnard, P. Duygulu, N. de Freitas, D. Forsyth, 
D. Blei, M. Jordan, “Matching words and pictures”, 
Journal of Machine Learning Research, 3:1107:1135, 
2003. 

[Blei03] D. Blei, M. Jordan, “Modeling annotated data”, 26th 
Annual Int. ACM SIGIR Conf., Toronto, Canada, 2003. 

[Brin95] Sergey Brin. Near Neighbor Search in Large Metric 
Spaces. Proceedings of the 21st International Conference 
on Very Large Databases (VLDB-1995) 574-584, Zurich 
Switzerland, Morgan Kaufmann 1995.  

[Cheng99] Chun-Hung Cheng, Ada Waichee Fu, and Yi Zhang. 
Entropy-based subspace clustering for mining numerical 
data. In Proceedings of the fifth ACM SIGKDD 
international conference on Knowledge discovery and 
data mining, pages 84-93. ACM Press, 1999. 

[Duygulu02] P. Duygulu, K. Barnard, N. de Freitas, D. Forsyth, 
“Object recognition as machine translation: learning a 
lexicon for a fixed image vocabulary”, In Seventh 

European Conference on Computer Vision (ECCV), Vol. 
4, pp. 97-112, 2002. 

[Eccv02]           
http://www.cs.arizona.edu/people/kobus/research/data/ec
cv_2002 

[Jeon03] J. Jeon, V. Lavrenko, R. Manmatha, “Automatic Image 
Annotation and Retrieval using Cross-Media Relevance 
Models”, 26th Annual Int. ACM SIGIR Conference, 
Toronto, Canada, 2003. 

[Khan02 L. Khan, and L. Wang, “Automatic Ontology 
Derivation Using Clustering for Image Classification”. 
In Proc. of Eighth International Workshop on 
Multimedia Information Systems, pp. 56- 65, Tempe, 
Arizona, October 2002. 

[MacQueen67] Some methods for classification and analysis of 
multivariate observations. Proceedings of 5th Berkeley 
Symposium on Mathematical Statistics and Probability. 
University of California Press, Berkeley, CA, pp. 281-
297. 

[Nagesh99] Harsha S. Nagesh. High performance subspace 
clustering for massive data sets. Master's thesis, North-
western University, 2145 Sheridan Road, Evanston IL 
60208, June 1999. 

[Li03] J. Li and J. Z. Wang, “Automatic linguistic indexing of 
pictures by a statistical modeling approach", IEEE Trans. 
on Pattern Analysis and Machine Intelligence, 25(10), 
2003. 

[Mori99] Y. Mori, H. Takahashi, and R. Oka. Image-to-word 
transformation based on dividing and vector quantizing 
images with words. In MISRM’99 Frist International 
Workshop on Multimedia Intellegent Storage and 
Retrieval Management, 1999. 

[Paek99] S. Paek, C. L. Sable, V. Hatzivassiloglou, A. Jaimes, 
B. H. Schiffman, S.-F. Chang, and K. R. McKeown, 
Integration of visual and text based approaches for the 
content labeling and classification of Photographs, ACM 
SIGIR'99 Workshop on Multimedia Indexing and 
Retrieval, Berkeley, CA, Aug.19, 1999. 

[Pan04] Jia-Yu Pan, Hyung-Jeong Yang, Pinar Duygulu, and 
Christos Faloutsos. Automatic Image Captioning. In 
Proceedings of the 2004 IEEE International Conference 
on Multimedia and Expo (ICME 2004), 2004. 

[Shi97] Jianbo Shi and Jitendra Malik, Normalized Cuts and 
Image Segmentation, IEEE Conf. Computer Vision and 
Pattern Recognition(CVPR), June 1997, Puerto Rico  

[Woo02] K. G. Woo and J. H. Lee. FINDIT: a Fast and 
Intelligent Subspace Clustering Algorithm using 
Dimension Voting. PhD thesis, Korea Advanced Institute 
of Science and Technology, Taejon, Korea, 2002. 

[Yang98] Yang, Y. Carbonell, J. G., Brown, R. D., Frederking, 
R. E. Translingual Information Retrieval: Learning from 
Bilingual Corpora. Artificial Intelligence, 103 (1-2), 323-
345, 1998. 

[Zhao02] R. Zhao and W. Grosky. Narrowing the semantic gap 
– improved text-based web document retrieval using 
visual features. IEEE Trans. on Multimedia., 4(2): 189-
200, Jun. 2002.  

108


