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Effective Semantic Annotation
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Abstract—Image annotation based on visual features has been
a difficult problem due to the diverse associations that exist
between visual features and human concepts. In this paper, we
propose a novel approach called Annotation by Image-to-Concept
Distribution Model (AICDM) for image annotation by discovering
the associations between visual features and human concepts
from image-to-concept distribution. Through the proposed
image-to-concept distribution model, visual features and concepts
can be bridged to achieve high-quality image annotation. In this
paper, we propose to use “visual features”, “models”, and “visual
genes” which represent analogous functions to the biological
chromosome, DNA, and gene. Based on the proposed models using
entropy, tf-idf, rules, and SVM, the goal of high-quality image
annotation can be achieved effectively. Our empirical evaluation
results reveal that the AICDM method can effectively alleviate
the problem of visual-to-concept diversity and achieve better
annotation results than many existing state-of-the-art approaches
in terms of precision and recall.

Index Terms—Entropy, image annotation, image-to-concept dis-
tribution, tf-idf.

I. INTRODUCTION

A DVANCED digital capturing technologies have led to the
explosive growth of image data. To retrieve the desired

images from a huge amount of image data, textual query is
handier to represent her/his interest than providing visually sim-
ilar images for query. Most existing successful textual-based
image retrieval relies heavily on the related image caption
terms, e.g., file-names, categories, annotated keywords, and
other manual descriptions. To caption the images effectively,
in the last decade, extensive image understanding techniques
have been developed to explore semantic concept of images.
But, due to the significant diversity of a large amount of image
data in daily life, effective image annotation is still a very
challenging and open problem. Diverse visual feature versus
concept associations indicate that the same visual feature is
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Fig. 1. Basic idea of the proposed AICDM.

frequently shared by a set of concepts. The challenge is that
the related terms are so diverse that the annotator could not
annotate the unknown image accurately. In existing annotation
work, this problem, namely the diverse visual-to-concept asso-
ciations, occurs so frequently that many annotation results are
not satisfactory for human users.

To address this problem, in this paper, we propose novel vi-
sual-to-concept distribution models that integrate the methods
of entropy, and association rules to enhance the anno-
tation quality. In molecular biology, genes locating on different
chromosomes have similar functions due to the high similarity
of their DNA sequences. This is useful for predicting the spe-
cific function for a gene. Based on this notion, the purpose of
this paper is to annotate the image by discovering the represen-
tative and discriminative visual features alike the genes hidden
in the images. Fig. 1 is an example for the basic idea of our pro-
posed AICDM. In Fig. 1, we consider each image has a specific
number of features to be extracted—similar to chromosome.
On each visual feature, a set of models can be applied to di-
vide image collections into several different cluster sets. A spe-
cific model of a visual chromosome/feature can be considered
as a DNA. For each DNA, a “visual gene” is the visual pattern
of a cluster, which includes a set of visually-correlated images
of a model on a visual feature and a set of caption terms asso-
ciated with them. Similar to the biological gene, each “visual
gene” carries the information, i.e., the caption terms that have
been learned from training corpus. Our intent behind this idea is
to identify the conceptual distinctness of each gene. According
to the discriminative genes, the image-to-concept distribution
model is constructed. For an unknown test image, we shall then
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classify them to find out the likelihood that they are composed
of a certain gene. Then, the concept terms of genes are associ-
ated to this unknown images based on these genes.

In this paper, we propose four types of models, which can
be classified into three categories: 1) from viewpoint of indi-
vidual images, we adopt (term frequency) and entropy to
weight the concept terms and genes, respectively; 2) from view-
point of image sets, we adopt association-rule confidence and

(inverse document frequency) to weight the concept terms
and genes; and 3) by integrating , , entropy and associa-
tion rules, we apply late fusion using support vector machines
(SVM) [2] to achieve high-quality image annotation. The empir-
ical evaluations on several image sets reveal that our proposed
Annotation by Image-to-Concept Distribution Model (AICDM)
is very promising on semantic annotation by measuring preci-
sion and recall of the annotation accuracy, comparing to several
existing algorithms. The remaining of this paper is organized
as follows. Several prior works are reviewed in Section II. In
Section III, we present the proposed method in detail. The re-
lated experimental evaluations are described in Section IV. Fi-
nally, the conclusion and future work are stated in Section V.

II. RELATED WORK

In general, image annotation work can be categorized into
several types.

Classification-Based Annotation: The first type is the classi-
fication-based annotation. In the past, some studies treated anno-
tation as classification using multiple classifiers. Yang et al. [24]
proposed a region-based annotation method by using SVM. This
study presented an extended SVM namely asymmetrical SVM to
infer the caption terms of images. Nasierding et al. [9] adopted
multi-classifier to achieve image annotation by integrating clus-
tering and classification methods. Similarly, Wu et al. [18] opti-
mized the bag-of-words to preserve semantic of images. In ad-
dition, Bayesian classifier was built to annotate images by inte-
grating regional and global features [10]. Fan et al. [5] proposed
a structured max-margin learning algorithm to conduct effective
inter-related classifiers to support image annotation.

Probabilistic-Based Annotation: The second type is the
probabilistic-based annotation. Probabilistic models are con-
structed by estimating the correlations between images and
concepts. Li et al. [7] computed the relational probabilities be-
tween images and concepts by multi-statistical models, e.g., 2-D
Hidden Markov Model, Gaussian, and Gamma distributions.
Lavrenko et al. [6] calculated the related probabilities between
segmentations and concepts by Gaussian Mixture Function.
Pan et al. [11] developed Mixed Media Graph (MMG) model
to annotate the image by Cross-modal Correlation Discovery
(CCD) algorithm to calculate the affinities of caption terms and
regions. Tang et al. [14] proposed the multi-graph-based label
propagation approach that integrates multiple instance learning
and single instance learning to tag the unknown image.

Retrieval-Based Annotation: The third type is the retrieval-
based annotation. The basic notion behind retrieval-based an-
notation is that semantic-relevant images are composed of sim-
ilar visual features. Wang et al. [22] proposed the AnnoSearch
system to bridge the semantic gap by Search Result Clustering
(SRC) [25]. Wang et al. [23] annotated an image by both of vi-
sual and textual search. By using social images with tags and

Fig. 2. Framework of the proposed AICDM.

user-generated content, Wu et al. [17] presented a retrieval-
based method to tag images effectively.

In addition to the above three types of annotation methods that
are mainly based on the content modeling, the other type is to
use more textual information to enhance the annotation quality
[15]. Wong et al. [20] made use of the additional metadata, such
as aperture, exposure time, subject distance, focal length, and fire
activation, to tag the images. Tseng et al. [16] integrated decision
tree and MMG based on textual and visual information to anno-
tate the web images. Wu et al. [19] proposed Flickr distance to
achieve effective image annotation. In fact, the Flickr distance
work and our proposed method have different advantages. The
proposed method in this paper is an extended work of [12]. For the
Flickr distance work, it is effective on resolving the problem of
concept appearance variation by using spatial information [21].
For our proposed method, by discovering the representative and
discriminative patterns, it is effective to alleviate the annotation
problem that a feature may occur frequently in many concepts.

III. PROPOSED APPROACH

A. Overview of the Proposed Image Annotator

The so-called diverse visual-to-concept associations indicate
that similar visual features may frequently occur in different
concepts. From another point of view, it says that a semantic
concept contains different visual features. In real applications,
image annotators encounter difficulties in these diverse associ-
ations between visual features and human concepts. To address
this problem, in this paper, we propose novel visual-to-con-
cept distribution models that integrate the methods of entropy,

and association rules to achieve high annotation quality.
As shown in Fig. 2, the whole procedure can be decomposed
into two stages, namely offline learning and online prediction.

1) Offline Learning Stage: Overall this stage contains three
main sub-procedures, called feature extraction, pattern genera-
tion, and model construction.

• Feature Extraction: In this paper, six visual features are
extracted from the images, including Scalable Color De-
scriptor, Color Layout Descriptor, Homogeneous Texture
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Descriptor, Edge Histogram Descriptor, Grid Color Mo-
ment, and Gabor Wavelet Moment, whose dimensionali-
ties are 256, 12, 62, 80, 225, and 72, respectively.

• Pattern Generation: After feature extraction, the anno-
tated images are grouped into a set of visual clusters feature
by feature. A cluster can be regarded as a representative and
discriminative gene hidden in the training images. In other
words, images can be described by six visual features.

• Model Construction: From the generated patterns, term
frequency and inverse document frequency and
cluster entropy are calculated to construct
and , respectively. Also, association rules are
mined to generate (Association Rule Mining).
Finally, three individual models are integrated into a fusion
model, , by SVM [2].

2) Online Prediction Stage: In this stage, the major aim is
to identify the concepts of an unknown image using the pro-
posed models. First, for an unknown image, the most-relevant
clusters/patterns are determined feature by feature. Through the
most-relevant patterns, potential caption terms can be predicted
by the modeled relations between visual features and semantic
concepts.

B. Offline Learning

1) Pattern Generation: Before constructing the proposed
models, the annotated images are grouped by calculating
visual distances. In this work, images are clustered by the
well-known k-means algorithm. Thereupon we can obtain a
set of clusters, also called patterns or genes in this paper, for
each visual feature. A cluster contains a set of images and an
image is annotated by a set of keywords. Let us take Fig. 3
as an example. Assume that the images are grouped into five
clusters by Scalable Color Descriptor,
and each image is projected as a set of keywords. In Fig. 3, a
box stands for a set of concept terms related to an image. An
issue of concern in this work is the quality of clustering since
it actually makes a significant impact on the quality of online
prediction. To make the clustering quality robust, we perform
the validation methods proposed by [13]. After clustering, for
each feature, the images are grouped into a set of clusters. Each
cluster is viewed as a pattern/gene. For example, the related
pattern set for scalable color descriptors is .

2) Basic Idea: From the generated clusters, we can observe
that images in a cluster are very similar on the visual features but
containing a number of different concepts. This is a big problem
called diverse visual-to-concept associations to confound cur-
rent annotators. From the bioinformatics point of view, two im-
ages may be similar if they share similar visual patterns that are
considered as visual genes in this work. Unfortunately, a visual
gene perhaps contains lots of concepts. It relates to three im-
portant issues: 1) How important is a caption term in a gene, 2)
How important is a gene among all visual genes, and 3) How
associative is a term-gene pair. To answer these questions, we
propose a novel solution that integrates caption term frequency,
gene entropy, and association visual-to-concept rule to achieve
the high retrieval quality of image annotation.

3) Construction of : As elaborated above, our
intention is to identify the importance of a caption term and a

Fig. 3. Example of visual clusters containing the related concepts.

pattern by calculating caption term frequency and pattern en-
tropy. The major idea is that, the higher the frequency of a cap-
tion term, the more representative it is. In contrast, if a large
number of caption terms occur in a cluster, the related entropy
would be too high to disambiguate visual concepts. That is, en-
tropy can be viewed as a local weight for a gene. According to
this notion, two related measures [12], called Term Frequency

and Entropy, are defined as follows.
Definition 1: Consider a training data set

is divided into
clusters, , and there are unique caption
terms . Assume that a cluster contains
several images and each image is assigned several caption
terms. Hence a cluster can be viewed as a collection of caption
terms, . The entropy of the cluster/gene can be
defined as

(1)

where stands for the frequency of caption term
in the th cluster. For example, based on Fig. 3,

the frequency set of {grass, dog, cat} for is {4, 2,
1} and is

. Thus, the entropy set is

.
4) Construction of : Similar to the above

model, is also generated first. Another way to determine the
discrimination of a gene is inverse document frequency, namely

. In this paper, the of the th cluster/gene can be defined
as the following [12].

Definition 2: Following the above definitions, the “inverse
document frequency ” for the th cluster/pattern is

(2)
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TABLE I
DEFINITIONS OF VISUAL PATTERN SETS

where

In this model, if the pattern/gene contains most of unique
caption terms, it would be a general pattern/gene. Therefore,
its discrimination with respect to is low. Let us take an ex-
ample based on Fig. 3. The set of unique caption terms in this
example is {tiger, grass, bear, lion, snow, sky, flower, water, cat,
dog}. For cluster , it contains the caption term set {tiger,
grass, bear, lion, snow}. The of is .
For cluster , the of is . In this
case, is more discriminative than . Overall can be
viewed as the global weight for a gene. Thus, the final set for

is {0.301, 0.155, 0.398, 0.222, 0.523}.
5) Construction of : In summary, the above two

models are constructed feature by feature. That is, regarding
Table I, six entropy models and six models are gen-
erated. In contrast to the above models, the main concern of

is to discover the associations between visual fea-
tures and concept keywords by considering all features simulta-
neously. Before mining the associations, it is necessary to define
the items. To fit association mining, a pattern or a concept key-
word is regarded as an item and an image perhaps contains a
set of keywords (caption terms). Furthermore, in this model, a
transaction divided can be defined as follows.

Definition 3: Based on the definitions in Definition 1 and
Table I, the th transaction for the th image is

(3)

where

and is one of the concept keywords related to .
For example, assume contains two key-

words {tiger, grass}. Thus, the referred transac-
tions are and

where the set of patterns
for is . Finally, the
annotated image database can be transformed into a transaction
database. After database transformation, discovering the
association rules from transaction data is our next intention in
this work. From the transactions, a rule and related confidence
can be defined in the following.

Definition 4: Consider that there are rules in the rule set
mined from the transaction database. Thus, a

rule in the rule set can be defined as

(4)

The confidence of rule can be defined as

(5)

where the is the normalized frequency of
the itemset in transaction database. For example, the rule

indicates that the
image whose features can be assigned to the pattern set

always contains a concept keyword, “tiger”.
The confidence of rule R can be calculated by (5):

where indicates the count of
itemset and
indicates the count of itemset .

In addition to the confidence value of a rule, another consider-
able factor named pattern-concept count is how many con-
cept keywords are implied by the same Feature Patterns set. The
basic idea is that, if a feature itemset is shared with lots of con-
cept keywords, the discrimination of the rule is relatively low.
From another viewpoint, if lots of rules contain the same fea-
ture itemset, the related weights are low. Thus, for each rule,
we count the number of implied keywords. For example, sup-
pose that three rules

are mined from the transaction database. The set
implies two keywords, “tiger” and “grass”.

Thus, the pattern-concept counts and are both 2.
Comparatively, the set implies only one
keyword, “tiger”. Therefore, the related pattern-concept count

is 1. From discrimination point of view, is better than
and . At last, the rules, confidences, and pattern-concept

counts are all stored into rule database.

C. Online Prediction for Annotation

The prediction procedure starts when an unknown image
is submitted to this system. First, for each feature, the most-rel-
evant clusters are determined by calculating visual similarities/
distances. Assume that the most-relevant cluster set to
is determined by visual distance calculations. The visual simi-
larity (visual distance) between the unknown image and the th
cluster is defined as in this paper. Actually, the most-rel-
evant clusters can be regarded as a kind of genes for the un-
known image. Once the genes of the unknown image are de-
termined, three prediction models are triggered to predict the
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Fig. 4. Example of three relevant clusters to the unknown image.

potential caption terms. In our current system, the number of
the most-relevant clusters is determined by experimental evalu-
ations based on training set.

1) Prediction by : In this model, our intent is
to weight caption terms by using gene entropy and caption term
frequency. The major notion is that, if the caption term occurs
frequently in a gene with low entropy, its referred degree would
be high. Otherwise, its degree would be low. Finally, the cap-
tion terms are ranked by the related degrees. In this paper, the
entropy-based degree [12] is defined as

(6)

where . Afterwards the EDegree is normalized. The
normalization is defined as

(7)

The EDegrees referred to the selected six features are ag-
gregated and normalized as the final degrees for a caption
term. Let us take an example based on Figs. 3 and 4. Assume
that the most-relevant cluster/gene set for an unknown image

is . Accordingly, these three most-relevant
clusters contain 21 images and ten unique caption terms. If the
referred distance set for is {150, 500, 250}
and the sum of distances for is
2700, the normalized distance set is {18, 5.4, 10.8}. There-
fore, the entropy set of is {0.59, 0.778, 0.755}.
Thus, the EDegree for {tiger} is

. Finally, the entropy-based degree set for caption term
set {tiger, grass, bear, lion, snow, sky, flower, water, cat, dog}
is {19.714, 11.717, 5.831, 3.051, 3.051, 0.578, 2.257, 2.78,
2.202, 0.578}. In this example, the correct caption term set
{tiger, grass} regarding Fig. 1 is successfully inferred from top
2 results.

2) Prediction by : To weight caption terms by
considering the global weight, we adopt to reveal the de-
grees of the caption terms in the most-relevant genes. The major
notion behind this model is that, if the caption term occurs fre-
quently in a gene with high , its related degree would be high.
Otherwise, its degree would be low. At last, the caption terms
are ranked by the related degrees. We define the -based de-
gree [12] as

(8)

where . Afterwards the EDegree is normalized. The
normalization is defined as

(9)

At last, the FDegrees referred to the selected six features
are aggregated and normalized as the final degrees for a
caption term. For example, based on above examples, for cap-
tion term “tiger”, the occurring cluster set is
and the related FDegree is

.
The final FDegree set for {tiger, grass, bear, lion, snow, sky,
flower, water, cat, dog} is {6.854, 3.839, 1.998, 1.08, 1.08,
0.119, 0.637, 0.918, 0.799, 0.119}. Therefore, the correct
caption term set {tiger, grass} is successfully derived by this
model.

3) Prediction by Fusion : In addition to the
above degrees, the confidences of rules are adopted to reveal the
degrees of the concept keywords in the most-relevant pattern.
The major notion behind this prediction is that, if a concept
keyword occurs in lots of rules, it is a general caption term
in the global feature space. As a result, its related degree is
high. In this prediction, the six patterns for an unknown image

are first determined for six selected features, respectively.
Then the matched association rules for are found. Based
on Definition 4, the matched rule set can be defined
as , where denotes the matched rule
for . Then the length of rule , defined as ,
is . For example, the of rule

is 4 because there are four
items in the left-hand side of the rule. In this work, we have
to find the maximum matching rules. That is, if is
maximum among all matching rules, the rule is added into
the longest rule set . Moreover, the related sub-rule
sets, which are the combinations of a feature pattern and a
caption term, are chosen. For example, there is a maximum
matching rule : , and the
related sub-rule set is

. After deter-
mining the matching rules and the related sub-rules, the degrees
of concept keywords are calculated by the pattern-concept
counts of these rules. Finally, the concept keywords are ranked
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Fig. 5. Procedure of fusing ����� , ����� , and ����� .

by the related degrees. The rule-based degree can be defined
as (10) at the bottom of the page, where is the
ancestor of and is the descendant of , and

is the support count of itemset
“ ”. Then, the RDegrees are normalized
further. The normalization is defined as

(11)

For example, there are three longest matching rules:

The related confidence set and the support set are {0.7,
0.35, 0.25} and {10, 20, 8}, respectively. The confidence
sets of , , and are {0.2, 0.4,
0.5, 0.3}, {0.3, 0.2, 0.15, 0.15}, and {0.15, 0.2, 0.1, 0.15}.
According to the descriptions mentioned in above sections, the
pattern-concept counts, , , and , can be calculated
as 2, 2, and 1, respectively. Then, we calculate the RDegree
for each concept keyword. For concept keyword “tiger”,
the related RDegree is

.
For concept keyword “grass”, the related RDegree is

.
4) Prediction by Fusion Model : To achieve

better annotation quality, we approximate a near-optimal
fusion model. Fig. 5 reveals the procedure of constructing

. The annotated images are first used as the
learning set to construct , , and

. Meanwhile, the annotation results of the annotated
images are generated by the three above models, respectively.
Eventually, the derived annotation results and related concept
degrees are used as feature vectors to build the fusion model,

, by utilizing SVM [2]. For each concept key-
word, we build a SVM, with respect to radial basis function
(RBF) kernel function, to perform the binary classification.
The number of dimensions for each model is the number
of keyword categories, and total number of dimensions for
SVM is triple the number of keyword categories. The whole
procedure shown in Fig. 5 starts with an unknown image
submitted to our proposed annotator. The related EDegree,
FDegree, and Rdegree for each concept keyword are derived
by the individual prediction models first. Then, the EDegrees,
FDegrees, and RDegrees regarded as the feature vectors of the
unknown image are sent to the SVMs in .
Thereupon the classification confidence of each concept key-
word is derived. At last, the concept keywords are ranked by
the related classification confidences.

IV. EMPIRICAL EVALUATIONS

A. Experimental Data and Parameter Settings

To make the experiments complete, the experimental data
came from the collections of WebImage, PascalVOC07 (Pascal
Visual Object Classes Challenge 2007) [3], and ESP [1]. For
WebImage, the experimental data is a collection of ten cate-
gories gathered from Google, including Bear, Cat, Dog, Lion,
Tiger, Flower, Grass, Sky, Snow, and Water. Each category con-
tains 100 unique web images occurring in 100 different web
pages. On average, an image contains 1.574 caption terms in this
dataset. We select 50% of experimental data as the training set
and the others are adopted to serve the testing experiments. For
PascalVOC07, it contains 9963 images. We adopt 5011 images
as the training set and 4952 images are adopted as the testing set.
There are 20 unique concepts in this dataset and an image, on av-
erage, contains 1.71 caption terms. For ESP, the set we obtained
contains 67 769 images. However, we removed the images with
infrequent annotations and then split the set into a training set
and a testing set according to [8]. Finally, there are 269 concepts
left in this set. The training set contains 18 689 images and the
testing set contains 2081 images. Overall there are 269 unique
caption terms and the average of caption terms for an image
is 4.7. To investigate the effectiveness of our proposed models,
three measures, namely precision, recall, and -measure, are
used in the experiments. Note that the definitions of precision
and recall [16] here are different from that in PascalVOC07 [3].
In this work, the number of the clusters is approximated for each

(10)
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Fig. 6. Precision-recall curves of the proposed and other annotators on We-
bImage.

dataset and each model by golden search algorithm. Addition-
ally, in the experiments, the numbers of the most-relevant clus-
ters of , , and are 2, 2, and
1, respectively, for all datasets. The experiments were carried
out under hardware environment of Intel(R) Xeon(R) E3113
CPU 3.00 GHz, 4 GB memory with Windows Server 2003 R2
SP2 operating system.

B. Experimental Results

The main experiments we explore are the comparisons be-
tween our proposed AICDM and other well-known annotators,
including CRM [6], SVM [4], MMG [11], and JEC [8], in terms
of precision, recall, and execution time. We made our best ef-
fort to implement those algorithms based on their papers and
got similar performance if their datasets are available. Basi-
cally, CRM and MMG are probabilistic-based approaches using
image segmentation. Without image segmentation, SVM is clas-
sification-based approach and JEC is KNN-based approach. In
this experiment, the area under curve (AUC) is the additional
measure.

Fig. 6 reveals some interesting results to discuss in detail. First,
SVM performs better than CRM, MMG, and JEC for WebImage
dataset, and the related AUCs are 0.3934, 0.2925, 0.3321, and
0.3498, respectively. Second, JEC is better than MMG, and
MMG is better than CRM. It says that the segmentation-based
annotation models are not really better than the models without
segmentation. Third, our proposed is the best
one, and the related AUC is 0.4706. It tells us the truth that the
special genes in images can be identified effectively to imply the
visual-concept associations. Fig. 7 reveals that the precision-re-
call curves on PascalVOC07 dataset. In this dataset, CRM and
MMG fail to execute because the required memory size is out
of the resource. From the remaining three approaches, we can
observe that SVM does not work well in this
dataset due to the higher diversities of images and concepts. In
contrast, JEC can still keep the good perfor-
mance through KNN strategy. Compared with above methods,
our proposed can achieve the
highest effectiveness for this dataset.

Fig. 8 reveals the comparisons among different approaches
on ESP dataset. In this dataset, CRM and MMG also fail to ex-
ecute because the required memory is out of the resource. In

Fig. 7. Precision-recall curves of the proposed and other annotators on Pas-
calVOC07.

Fig. 8. Precision-recall curves of the proposed and other annotators on ESP.

TABLE II
PERFORMANCE AMONG COMPARED METHODS

addition, the training cost of SVM is too large, exceeding one
month, probably caused by a large number of outliner image fea-
tures and keywords. Therefore, we only compare
with JEC. In this experiment, the AUCs of and
JEC are 0.1512 and 0.1440, respectively. In detail, JEC per-
forms slightly better as the recall is larger than 0.28. However,
on average, our proposed is much better than JEC
in terms of AUC. For each dataset, outperforms
other well-known annotation approaches in terms of precision,
recall, and AUC. That is, from the viewpoint of dataset sen-
sitivity, SVM is highly sensitive to the dataset distribution. In
contrast, JEC is more stable than SVM. From all experimental
results, we can observe that our proposed is in-
sensitive for different datasets.

In addition to the effectiveness, another issue is how effi-
cient the proposed model is by comparing with other annota-
tors. Table II depicts the execution time of each annotator for
predicting an image, and there are some observations to discuss.



SU et al.: EFFECTIVE SEMANTIC ANNOTATION BY IMAGE-TO-CONCEPT DISTRIBUTION MODEL 537

First, it shows that our approach, AICDM, is very efficient for
generating real-time annotation results. Second, JEC is efficient
for small dataset. However, the execution time increases explo-
sively as the training data size increases. For ESP dataset, JEC
needs about 4.85 s such that it is not suitable for real applica-
tions. Third, SVM is the most efficient, but it does not provide
the adequate annotation accuracy.

V. CONCLUSION

Indeed, an optimal solution to achieve high accuracy anno-
tator is very difficult. This paper constitutes a novel approach to
discover the visual-to-concept associations from the image-to-
concept distribution. The experimental results show that our
proposed annotation approach is effective and efficient in facing
data consisting of the diverse relations between visual features
and human concepts. On one hand, entropy and reflect the
local weights of patterns. On the other hand, and associa-
tion rules reflect the global weights of patterns. By making use
of both the global and local weights, the fusion model can suc-
cessfully achieve high annotation quality. In the future, there
remain some issues for further investigation. First, we shall ex-
plore more visual features to enhance the annotation quality.
Second, the spatial information will be a further consideration
to enhance our proposed method. Third, we shall further in-
vestigate the better fusion methods to reach higher annotation
quality. Furthermore, in the future, we shall also explore the pro-
posed algorithms to domains other than multimedia.
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