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ABSTRACT
To enable automatic multi-level image annotation, we have
addressed two inter-related important issues: (1) more ef-
fective framework for image content representation and fea-
ture extraction to characterize the middle-level semantic s of
image contents; (2) new framework for hierarchical proba-
bilistic image concept reasoning and detection. To address
the �rst issue , salient objects are used as the semantic
building blocks to characterize the middle-level semantics of
image contents e�ectively while reducing the image analy-
sis cost signi�cantly. We have proposed three approaches
to designing the detection functions for automatic salient
object detection, and automatic function selection is also
supported to �nd the \right" assumptions of the princi-
pal visual properties for the corresponding salient object
classes. To address thesecond issue , we have proposed
a novel framework to incorporate the concept ontology to
achieve hierarchical probabilistic image concept reasoning
for multi-level image annotation. The concept ontology for
a large-scale public image database calledLabelMe is semi-
automatically derived from the available image labels by us -
ing WordNet . The image concepts at the �rst level of the
concept ontology are used to characterize the most speci�c
semantics of image contents with the smallest variations,
and their correspondences with the semantic building block s
(i.e., salient objects) are well-de�ned and can be modeled ac-
curately by using Bayesian networks. In addition, the pre-
dictions of the appearances of the higher-level image con-
cepts with large variations are adopted by the underlying
concept ontology or by combining the available predictions
of the appearances of their children concepts through hi-
erarchical Bayesian networks. Our experiments on a large
public dataset have shown that our framework for hierar-
chical probabilistic image concept reasoning is scalable to
diverse image contents (i.e., large amount of salient object
classes) with large within-category variations.
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1. INTRODUCTION
In the past decades, we have witnessed a remarkable growth

of image archives on the Internet which have now become
a major source of Internet content. When large-scale image
collections come into view, there is an urgent need to support
automatic image annotation based on their contents so that
semantic image retrieval via keywords can be achieved [1-6].
The main obstacle for automatic image annotation is the
semantic gap between the high-level human perceptions
of image semantics (i.e., image concepts) and the low-level
visual features due to the diversity of image contents with
large within-category variations. Thus there is an urgent
need to develop robust frameworks that are able to bridge
the semantic gap e�ectively.

Semantic image classi�cation is one promising approach
for automatic image annotation, but its performance largel y
depends on two inter-related issues: (1) suitable frameworks
for image content representation and feature extraction; ( 2)
e�ective algorithms for image concept reasoning or image
classi�er training. To address the �rst issue, the underly-
ing visual patterns that are used for image content repre-
sentation and feature extraction should be able to charac-
terize the middle-level image semantics e�ectively and e�-
ciently [1-6]. To address the second issue, robust techniques
for image concept reasoning or image classi�er training are
needed to bridge the semantic gap successfully. Because
of the uncertainty and diversity of the appearances of image
concepts, the outputs for image concept reasoning or classi�-
cation should be probabilistic. In addition, one single ima ge
may contain di�erent meanings at multiple semantic levels
[13-15]: (1) image semantics interpreted by the underlying
object classes; (2) image concepts at multiple semantic lev-
els which can be organized hierarchically by using concept
ontology . Thus images may be similar at multiple semantic
levels [13-15]: (a) same object class; (b) same category of
image concepts at di�erent semantic levels.



1.1 Our Contributions
In this paper, we have developed a novel framework to

enable multi-level image annotation by: (1) using salient
objects to characterize the middle-level semantics of image
contents, so that the correspondences between the image
concepts and the relevant salient objects are well-de�ned
and can be modeled e�ectively by using Bayesian networks;
(2) incorporating the concept ontology to enable hierarchi cal
probabilistic image concept reasoning.

The concept ontology o�ers an e�ective way for incorpo-
rating the domain-dependent semantic knowledge and con-
textual relationships among various image concepts. The
concept ontology consists of three key issues: (a) image
concepts; (b) concept properties; (c) contextual and logical
relationships between an upper concept node and its chil-
dren concept nodes. Thus the concept ontology can be used
to organize and represent the basic vocabulary of the most
signi�cant image concepts in a speci�c image domain. The
image concepts at the �rst level of the concept ontology (i.e .,
leaf nodes) are named asatomic image concepts , which
are used to interpret the most speci�c subjects of image
contents with smallest variations.

The deeper the level of the concept ontology the narrower
the coverage of the subjects and the image concepts at the
deeper level can represent more speci�c subjects of image
contents with small variations, thus their correspondence s
with the relevant salient objects are well-de�ned and can be
modeled accurately by using Bayesian network [42]. The im-
age concepts at the upper levels cover more general subjects
of image contents with large variations, and thus their cor-
respondences with the underlying salient objects are uncer-
tain. By incorporating the concept ontology for hierarchic al
probabilistic image concept reasoning, the appearances of
the high-level image concepts are adopted by the underlying
concept ontology automatically or by combining the predic-
tions of the appearances of the relevant lower-level image
concepts via hierarchical Bayesian network. In the loop of
image retrieval, the naive users can also express their query
concepts more precisely and unambiguously with the help
of the concept ontology, which may lead to better precision
and recall rates.

1.2 Related Works
In order to capture the middle-level image semantics ef-

fectively and e�ciently, automatic image segmentation is
usually performed to obtain homogeneous image regions for
image content representation [7-12], and the contextual rela-
tionships among these homogeneous image regions have also
been exploited to enhance image classi�cation [24-27]. One
major problem for such region-based image content repre-
sentation framework is that the homogeneous image regions
may not have exact correspondences to the underlying image
semantics (i.e., object classes and image concepts at di�erent
semantic levels). Based on this observation, Fan et al. have
proposed a semantic-sensitive framework for image content
representation by using salient objects [12]. The salient ob-
jects are de�ned as the connected image regions that are
visually signi�cant and maintain the dominant visual prop-
erties for the corresponding object classes. Therefore, using
the salient objects as the semantic building blocks is able
to capture the middle-level image semantics e�ectively and
e�ciently. Unfortunately, only the salient object detecti on
results for high-quality natural images are reported in [12 ].

In real applications, it is very important to develop new
frameworks that are able to detect salient object classes au-
tomatically from large-scale image collections with diver se
image contents (i.e., large amount of salient object classes)
and large within-category variations. Because of the inher -
ent complexity of the task, automatic detection of the objec t
classes with large variations is still beyond the ability of the
state-of-the-art techniques [38].

To support more e�ective organization of large-scale im-
age collections, Chang and his group have incorporated the
concept ontology for hierarchical image classi�cation, in dex-
ing, retrieval and browsing [13-15]. Following the idea of
WordNet [28], they call their framework for hierarchical im-
age/video concept organization as MediaNet [14]. Aslan-
dogan et al. have also integrated WordNet to classify the
images on the web by using the keywords from the associ-
ated text documents [16]. Hauptmann and his group are
now working on constructing large-scale concept ontology
for broadcast news videos and they plan to cover few thou-
sands of news concepts in the future [18]. To enable hierar-
chical image classi�cation, Huang et al. have incorporated
normalized cuts for hierarchical image classi�er training [17].
One problem for such automatic approach is that the hi-
erarchical concept structure (automatically determined b y
using normalized cut) may not make sense to human users.
Li et al. have proposed an automatic linguistic structure fo r
image database indexing, classi�cation and annotation [20 ].
Barnard et al. and Vasconcelos have also incorporated hi-
erarchical mixture models for semantic image classi�catio n
[21-22]. Fan et al. have recently proposed a new framework
for hierarchical image classi�cation by using adaptive EM
algorithm and hierarchical �nite mixture models for image
concept modeling [23].

In text classi�cation and retrieval community, the con-
cept ontology (i.e., concept hierarchy) has long been used
for text document organization, summarization, classi�ca -
tion and retrieval [31-34]. All these interesting works hav e
brought us new ideas for supporting hierarchical image clas-
si�er training and multi-level image annotation.

In this paper, we have proposed a novel framework to
address such important issue by incorporating the concept
ontology to enable hierarchical probabilistic image concept
reasoning for multi-level image annotation, where the sali ent
objects with small within-class variations are detected au -
tomatically and treated as the semantic building blocks for
probabilistic image concept reasoning. This paper is or-
ganized as follows: we introduce our concept ontology in
section 2 and describe our technique for automatic salient
object detection in section 3. In section 4, we present the
proposed framework for hierarchical probabilistic image c on-
cept reasoning and multi-level image annotation. The exper -
imental results are described in section 5. We conclude this
paper in section 6.

2. CONCEPT ONTOLOGY CONSTRUCTION
As mentioned above, classifying images into the most rele-

vant image concepts at di�erent semantic levels is one promi s-
ing solution to enable automatic multi-level image annota-
tion and semantic image retrieval via keywords. Motivated
by this observation, we have proposed a novel framework
by incorporating the concept ontology for image concept or-
ganization and hierarchical probabilistic image concept r ea-
soning.



Following the idea of WordNet , we use a hierarchical net-
work as the representation of the concept ontology. In this
network, each node represents either one image concept at
a certain semantic level or one certain salient object class,
and the salient objects are treated as the semantic build-
ing blocks for probabilistic image concept reasoning. We
de�ne the former nodes as the concept nodes because they
represent semantics of the wholeimage, and the latter ones
content nodes because they represent semantics of salient
objects which are the compounds of an image. The concept
nodes at the �rst level of the concept ontology are de�ned as
atomic image concept nodes , which are used to represent
the image concepts with the most speci�c subjects. They
can further be assigned to the most relevant image concepts
at the higher level of the concept ontology, which are used to
interpret more general subjects of image contents. Detect-
ing the higher-level image concepts can allow us to answer
more abstract queries.

The link between two concept nodes stands for the con-
textual and logical relationships among them. Two kinds
of such contextual and logical relationships are considered
in our current work [28]: (a) hypernymy/hyponymy relation-
ship between the concept nodes; (b) holonymy/meronymy
relationship between the atomic image concept nodes and
the relevant content nodes of salient object classes. Thus
the concept ontology de�nes the image concepts and the
salient object classes as well as their inter-level contextual
and logical relationships. The lower the level of an node, th e
narrower is its coverage of the subjects. Part of our concept
hierarchy for image concept organization and hierarchical
probabilistic image concept reasoning is given in Fig. 1.

It is well known that automatic construction of concept
ontologies is in general a hard problem and sometimes ill-
de�ned [28,31-34], partly because of the semantic ambiguity
of words. Thus there have been a lot of e�orts to manually
construct domain-speci�c ontologies to cover a large set of
useful concepts [28]. With the available labels in the data
set LabelMe 1 , we have proposed a semi-automatic approach
for concept ontology construction by using WordNet.

The LabelMe image database is probably by far the most
comprehensive public image database captured by unprofes-
sional users. It contains large-scale image collections with
diverse image contents and qualities. Image labeling is done
online by volunteers and the manual labels of this large-scale
image dataset is downloadable to the public. Labels in La-
belMe contain text information of dominant salient objects
as well as their contours and locations, but there are no
explicit labels at the image concept levels.

Despite this drawback, each image is stored in a folder
with its name strongly indicating the concepts of the con-
taining images. A careful study leads to a semi-automatic
method to construct its concept hierarchy as follows. First ,
we remove all the most common stop words like \static",
date and other uninformative words automatically from the
folders' names. Then the remaining meaningful words are
separated automatically using standard text analysis tech -
niques before they are collected as a bag of words. When
these words for image concept interpretation are available,
the semantic relationships among the image concepts are au-
tomatically identi�ed by an exhaustic search of holonymy/
hypernymy relationships in WordNet. Finally, manual ad-

1The database can be downloaded from the following URL:
http://people.csail.mit.edu/brussell/research/Label Me
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Figure 1: Part of the concept ontology that is used for
image concept organization and hierarchical probabilisti c
image concept reasoning.

justment is performed to evaluate the generated concept
hierarchy, so that it will make sense to human users and
can characterize the underlying contextual and logical re-
lationships more e�ectively. Because the human-system in-
teraction is only involved in the last step for evaluating th e
concept ontology, this semi-automatic technique for concept
ontology construction can reduce human e�orts signi�cantl y
while providing semantic-sensitive results.

2.1 Salient Object Taxonomy
To capture the middle-level image semantics, the salient

objects have been used as thesemantic building blocks to
characterize the middle-level semantics of image contents
e�ectively and e�ciently [12]. While the concept-driven
salient objects might not correspond to the semantic image
objects exactly, they can maitain the common principal vi-
sual properties of the corresponding semantic image objects.
Using the salient objects for image content representation
has at least two advantages: (a) it is able to characterize th e
middle-level semantics of image contents e�ciently, so tha t
their correspondences with the appearances of the relevant
atomic image concepts are well-de�ned and can be modeled
e�ectively by using Bayesian networks; (b) it is able to re-
duce both the computational cost and the object detection
errors signi�cantly. Since the salient objects in LabelMe are
pre-labeled with the relevant text keywords, we can employ
a similar strategy as described in Section 2.1 to obtain a
taxonomy of these salient object classes semi-automatically.

Note that the LabelMe image database is labeled by multi-
ple online users independently, so di�erent people may label
the same object class with slightly di�erent but similar lex i-
cons, causing redundancy and ambiguity. Therefore, we �rst
collect all available text labels for all these object classes in
the LabelMe dataset and analyze their semantic relationships
by using WordNet. If two or more words are found to be
synonyms, their \generic" form will be used as the canonical
representation of these synonymous words. In this way, we
can obtain an unique lexicon for each distinct object class
before we search for their holonymy/hypernymy relation-
ships by using WordNet. We show a part of this taxonomy
in Fig. 2.

After the concept ontology and the object taxonomy are
obtained, they are connected to form the �nal concept on-
tology. This is done by searching through all labeled images
in the dataset for existential relationships. When a salien t
object is found in an image associated with a certain atomic
image concept (e.g., a tree is found in an sidewalk image), a
holonymy/meronymy link is assigned between the salient ob-
ject class (e.g., the tree content node) and the atomic image
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Figure 2: Part of the salient object taxonomy that is
used to guide our implementation of salient object de-
tection functions.

concept (e.g., the sidewalk concept node) to represent their
is-a-part-of relationship. We run this process through all the
images to obtain all possible pairs of such content-concept
relationships in order to populate connections between the
concept ontology and the object taxonomy.

The followings are exemplar contextual and logical rela-
tionships derived in our system: \an o�ce scene contains
(possibly) chairs, computers, monitors...", \an kitchen s cene
is also a home scene in a more general sense" and \a wheel
is (possibly) a part of a car".

3. SALIENT OBJECT DETECTION
Automatic salient object detection is one of the long-term

goals of the computer vision community. Although many
innovative techniques have been developed to detect spe-
ci�c object classes [29-30,37-38], there is not yet universal
solution for this problem in general. One major reason is
that di�erent types of salient object detectors rely on dif-
ferent assumptions of the principal properties of the rele-
vant salient object classes. Therefore, we believe that using
a combination of complementary detection methods is cur-
rently necessary for automatic salient object detection fr om
large-scale image collections with large within-category vari-
ations, diverse image qualities and large amounts of salient
object classes.

We have incorporated three approaches for automatic salient
object detection: (a) segmentation-based approach[12]; (b)
grid-based approach [41]; and (c) part-based approach [37-
38]. The segmentation-based approach works well when the
salient object classes roughly correspond to some homoge-
neous image regions that can be faithfully obtained by the
image segmentation algorithms. Examples for such salient
object classes include sky, grass and water regions that are
widely distributed in natural images [12]. The grid-based
approach normally performs better than the segmentation-
based approach when the salient object class is textural and
has a regular shape [41]. The part-based approach, on the
other hand, performs better when the salient object class
can be partitioned into a set of distinct object compounds
so that each object compound can be determined in a ro-
bust manner and their pre-de�ned geometric structure can
be exploited to identify the existence of the corresponding
object [37-38]. Because these three approaches are suitable
for di�erent salient object classes with di�erent principa l
properties, it is very important to develop new frameworks
that are able to select the optimal detection function for
each salient object class automatically. In our current imp le-
mentation, automatic detection function selection is done by
estimating two parameters for characterizing the image ho-
mogeneity and the object granualarity. Another expensive
but e�ective solution is to use cross-validation, i.e, sele ct-

Figure 3: The salient object detection result for
\sky" class by using the segmentation-based ap-
proach.

ing the detection function with highest detection accuracy
in the same cross-validation image set.

3.1 Segmentation­Based Approach
In the segmentation-based approach, image regions with

homogeneous color or texture are �rst obtained by using the
mean shift segmentation technique [35]. After the homoge-
neous image regions are obtained, a set of low-level visual
features are then extracted to characterize the underlying
visual properties. Support vector machine (SVM) is used
to learn the salient object detection functions. More detai ls
for this segmentation-based approach can be found from our
previous work [12].

It is well-known that over-segmentation is common in im-
age segmentation process and an image object may be par-
titioned into multiple small image regions that have little
semantic meaning to human beings. To counteract with
this over-segmentation problem, we merge the neighboring
image regions that are classi�ed as the same salient object
class into a single image region. Some salient object de-
tection results that are obtained by the segmentation-based
approach are shown in Fig. 3, where the white lines are the
boundaries of the detection results.

3.2 Grid­Based Approach
The segmentation-based approach is reliable only when

the image segmentation results are reliable. When the image
segmentation results are fragile and erroneous, the segmentation-
based approach may not be useful. The grid-based approach
is able to avoid this time-consuming and erroneous image
segmentation process by partitioning the images into regu-
lar image grids. Because di�erent salient object classes may
have di�erent visual properties, multi-resolution grid si zes
are used to characterize various visual properties for di�e r-
ent salient object classes [41].

For each image grid, color, texture and other features are
extracted automatically. Thus the feature pyramid contain s
high-dimensional visual features for multiple grid sizes. To
learn an accurate classi�er under such high-dimensional vi -
sual features, we apply our multi-modal feature selection
algorithm [40-41] for classi�er training by partitioning t he
high-dimensional multi-modal visual features into multip le
low-dimensional single-modal feature subsets. Each low-



Figure 4: The salient object detection result for
\car" class using the grid-based approach.

dimensional single-modal feature subset characterizes cer-
tain visual property of images. One weak classi�er is traine d
for one certain low-dimensional single-modal feature subset
and all these weak classi�ers for multiple feature subsets are
boosted to obtain an ensemble classi�er for salient object
detection [41]. Some detection results that are obtained by
using the grid-based approach are given in Fig. 4, where the
white lines are the boundaries of the detection results. From
these experimental results, one can conclude that the grid-
based approach can detect the appearances of salient objects
e�ectively and the object locations at the coarse level are
also obtained even image segmentation is not performed.

3.3 Part­Based Approach
Even though the grid-based approach is able to avoid the

erroneous and time-consuming image segmentation process,
it may become inadequate when none of the available grids
covers the salient object accurately or the salient object
shape is highly deformable. Under this situation, using the
global features to characterize the salient object classesmay
no longer work due to instability, thus the part-based ap-
proach may be used if the object class is composed of mul-
tiple distinct components.

To construct our part-based approach for salient object
detection, we start with building the object part dictionary .
Since our image databases are in large size, it's impossible
to construct object part dictionary manually, so we adopt
the popular feature point detector, Di�erence of Gaussian
(DoG) [29-30], to extract the invariant feature points auto -
matically for each salient object class. The feature points
are represented in 128 dimensional normalized SIFT [29-30]
feature space, andk-means clustering algorithm is used to
generate the �nal object part dictionary . As a result, each
cluster roughly corresponds to a \object part". We have also
recorded their relative positions with respect to the objec t
center. After training set is collected, SVM is used to learn
the object model. Some salient object detection results that
are obtained by the part-based approach are shown in Fig.
5, where the white lines are the boundaries of the detection
results. From these experimental results, one can conclude
that the part-based approach is able to detect the salient ob -
jects which have small sizes in images or they are composed
of multiple distinct components.

Figure 5: The salient object detection result for
\tra�c light" class using the part-based approach.

3.4 Automatic Detection Function Selection
In our current implementations, both the color homogene-

ity and the texture homogeneity are incorporated to achieve
more accurate segmentation of images. We have also de�ned
a measurement for the homogeneity of image regionsJ :

J =
ST � SW

SW

where ST is the distance variance of all the pixels to the
global center and SW is the average distance variance of
the pixels belonging to the same image region to their local
centers. Intuitively, a segmentation with low average J score
corresponds to a good separation of textured regions.

In addition, we have also proposed a measurement to char-
acterize the granualarity of image grids or image regions,
and it is de�ned as the aspect ratio of object bounding boxes
�:

� =
jYmax � Ymin j
jX max � X min j

where Ymax , Ymin , X max , X min are the boubdaries of object
boxes.

Based on these two parametersJ and �, we have devel-
oped a simple but e�ective approach to selecting the optimal
detection function for one certain salient object class aut o-
matically according to its principal properties: (a) If the av-
erage value ofJ measurements for all the relevant image re-
gions is under a pre-de�ned threshold T1 , the segmentation-
based approach is selected and the corresponding detection
function is trained by using region-based visual features; (b)
If the segmentation-based approach is not selected and the
variance of aspect ratio of object bounding boxes � is lower
than a pre-de�ned threshold T2 , the grid-based approach
is selected and the grid-based visual features are used for
learning the corresponding detection function; (c) Other-
wise, the part-based approach is selected and the local visual
features are extracted and used for detecting the object parts
(i.e., object compounds), and the corresponding geometric
relationships are further used to generate the corresponding
salient object.

We have also compared the performance of these three
approaches on detecting the same salient object class. As
shown in Fig. 6, Fig. 7, and Fig. 8, di�erent object
classes require di�erent detection functions because of the
di�erences of their visual properties. For example, one can



observe that segmentation-based and grid-based methods
have much better detection results than part-based method
in Fig. 6 because road region is roughly homogeneous in
color/texture and its shape is near to rectangular, but it
does not contain unique parts that the part-based method
could rely on. Since our proposed framework is able to se-
lect the optimal detection function for each salient object
class, it is scalable to the diversity of object classes and the
within-category variations.

4. HIERARCHICAL PROBABILISTIC
IMAGE CONCEPT REASONING

Automatic image classi�cation by using the low-level vi-
sual features has recently received considerable attention
[17-27], where many machine learning tools are incorporated
to bridge the semantic gap between the low-level visual fea-
tures and the human perceptions of image semantics (i.e.,
image concepts). Because the within-concept visual varia-
tions may be very large, it is very hard to reliably learn the
correspondences (i.e., image concept models) between the
low-level visual features and the human perceptions of im-
age semantics, and thus most existing image classi�cation
tools have poor generalization on large-scale test data sets
with diverse image contents. On the other hand, the within-
class visual variations for the salient object classes are much
smaller, and thus detecting the appearances of salient object
classes is more reliable than detecting the appearances of
image concepts. Because the appearances of the image con-
cepts are strongly related to the appearances of the relevant
saliebt objects, we have proposed an innovative framework
to detect the appearances of image concepts automatically
by using the salient object detection results. Because of the
uncertainty of the appearances of the salient object classes
in di�erent images, we have proposed a framework for prob-
abilistic image concept reasoning.

4.1 Atomic Image Concept Reasoning
As shown in Fig. 9, each of the atomic image concepts

at the �rst level of the concept hierarchy is strongly relate d
to the appearances of many salient object classes. In addi-
tion, one certain salient object class may appear in multipl e
atomic image concepts and multiple atomic image concepts
may be related to the same set of salient object classes. For
example, salient object class, \person", can appear in mult i-
ple atomic image concepts such as \o�ce", \sidewalk", and
\avenue"; and a \sidewalk" scene might contain di�erent
salient object classes like \trees", \road", \buildings", and
etc. Given this uncertainty and within-category visual var i-
ations of the appearances of the salient object classes, the
predictions of the appearances of the atomic image concepts
should be probabilistic. It is therefore natural to adopt a
probabilistic framework for reasoning and detecting the ap -
pearances of the atomic image concepts by using the de-
tection results for the relevant salient object classes. Rather
than detecting the appearances of the atomic image concepts
by using the low-level visual features directly, we incorpo rate
the detection results of the relevant salient object classes to
reason and detect the appearances of the atomic image con-
cepts. Because the within-class visual variations of salient
object classes are much smaller than that of the correpond-
ing atomic image concepts, using the detection results of
salient object classes to reason and detect the appearances

Figure 6: The comparison results on salient ob-
ject detection for \road" class by using di�erent
approaches: (a) segmentation-based approach; (b)
grid-based approach; (c) part-based approach.

of the relevant atomic image concepts can obtain more reli-
able results than using the global visual features directly .

As shown in Fig. 10, Bayesian network can be used to
enable atomic image concept reasoning under uncertainty
by using the probabilistic appearances of the most rele-
vant salient objects [42], where each node of Bayesian net-
work corresponds to one relevant salient object class and is
quanti�ed by the conditional probability of the appearance
of the corresponding salient object class under the given
atomic image concept. Characterizing such probabilistic
dependencies between the appearance of the given atomic
image concept and the appearances of the relevant salient
object classes graphically can provide a compact represen-
tation of domain knowledge to enable more e�ective image
concept reasoning under uncertainty. The concept ontology
is used to de�ne the contextual relationships between the
given atomic image concept and the relevant salient object
classes, and thus the underlying structure of the Bayesian
network can be obtained automatically. Using the concept
ontology to determine the structure for Bayesian network
learning can reduce the training cost signi�cantly.

As shown in Fig. 10, the appearances of some salient
object classes are also dependent, i.e., the appearance of
one certain salient object class can be used to indicate the
appearances of other relevant salient object classes. For
example, the appearance of the salient object class \car"
is strongly related to the appearances of the salient object
\road", \tra�c light", or \sign". Such dependence between
the salient object classes can be used to enhance more e�ec-
tive salient object detection and image concept reasoning.

Our new framework for probabilistic image concept rea-
soning is signi�cantly di�erent from our Gaussian Mixture
Model for image concept modeling: (a) Rather than model-
ing the image concepts via the low-level visual features, we
model the appearances of image concepts by using the reli-
able appearances of the relevant salient object classes; (b)
Without including the constrains of feature independence,
di�erent salient object classes are characterized by their rep-
resentative feature subsets with di�erent dimensions and
modalities.

In the following, we give our formal description of our



Figure 7: The comparison results on salient object
detection for \tra�c sign" class by using di�erent
approaches: (a) segmentation-based approach; (b)
grid-based approach; (c) part-based approach.

framework for probabilistic image concept reasoning. Firs t,
we introduce S 2 f S1 ; S2 ; :::SN S g, a discrete random vari-
able to denote all possible atomic image concepts at the �rst
level of the concept ontology, where NS is the total number
of the atomic image concepts. We assume that there is no
prior bias on any particular atomic image concept, all these
atomic image concept have equal prior probability distrib-
ution P(S) = 1

N S
. Then we introduce No binary random

variables O1 ; O2 ; :::; ON o 2 f 0; 1gN o to denote the existence
of each salient object class respectively. We let Oi = 1, if
there is at least one instance to show that the i th salient
object class appears in the image; otherwise we letOi = 0.

Furthermore, we assume the conditional independence among
all the No binary random variables for a given atomic im-
age conceptSi . This assumption is reasonable because the
atomic image concepts \generates" salient objects in the
scene, which can be treated as independent e�ects given the
same cause. Mathematically, this entails

P (O1 ; O2 ; :::; ON o jS = Si ) =
N o

Y

k = 1

P(Ok jS = Si )

In this equation, P (Ok jS = Si ) can be estimated from

the sample frequency in the training set
N S i ^ O k

N S i
, where NS i

is the number of images labeled as the given atomic image
concept Si and NS i ^ O k is the number of images labeled as
the given atomic image concept (i.e., image scene)Si and
contain at least one instance for the salient object class Ok .
Note that the conditional independence assumption has bro-
ken down the joint probability distribution with No variables
(which has 2N o entries in total) into the product of No mar-
ginal probability (which has No entries in total). Such sce-
nario can reduce the computational complexity from O(2N o )
to O(No ).

At the testing phrase, given an unknown image I , we �rst
run our salient object detectors to gather the evidences for
the appearances of all these possible salient object classes
in the basic vocabulary. Then we calculate the posterior
probability for the appearance of each atomic image concept

at the �rst level of the concept ontology by using Bayes' rule :

P (SjO1 ; O2 ; :::; ON o ) = � P (O1 ; O2 ; :::; ON o jS) � P (S)

where � is a normalization constant and it can be ig-
nored when Maximum A Posterior (MAP) criteria is used for
multi-class image classi�cation. Because the atomic image
concepts under the same parent node are semantically and
visually related, MAP criteria is adopted to enable multi-
class image classi�cation. BecauseP(S) is assumed to be
uniform, the MAP classi�er is reduced to a search for Si

that yields maximum posterior probability:

arg max
S i

N o
Y

k =1

P(Ok jS = Si )

Thus the test image I is classi�ed into the most rele-
vant atomic image concept with maximum value of posterior
probability, i.e., the appearance of the corresponding atomic
image concept is detected automatically with certain prob-
ability.

4.2 High­Level Image Concept Reasoning
As discussed earlier, our current concept ontology only

contains holonymy/hypernymy relationships among high-
level image concepts. It's evident that the atomic image
concepts directly imply the existence of all its ancestors i n
the concept ontology. By de�nitions, the image concepts
with speci�c subjects are the instances of the image con-
cepts with more generic subjects, i.e., the high-level image
concepts are automatically inherited by the most relevant
sibling atomic image concepts. Because the high-level im-
age concepts have large variations of their principal visual
properties, a bottom-up approach is used to detect and rea-
son the appearances of such high-level image concepts with
large visual variation according to the underlying concept
ontology.

The contextual and logical relationships between the atomi c
image concepts and the high-level image concepts are well-
de�ned by the underlying concept ontology, thus our de-
tection and reasoning results at the atomic image concept
level can further be used to detect and reason the relevant
high-level image concepts, and the images can be automat-
ically classi�ed into the more general image concepts along
the path of its parent nodes in the concept ontology un-
til the root node is reached. One major problem for such
bottom-up propogation approach is that the detection er-
rors for the atomic image concepts will be transmitted and
be propogated among di�erent concept levels, and thus more
e�ective solutions are strongly expected.

Obviously, there are also other relationships between the
image concepts at di�erent semantic levels. Thus our bottom -
up approach by using simple one-to-one mapping may no
longer work. To address this problem, we have proposed
a hierarchical Bayesian network approach to enabling hier-
archical probabilistic image concept reasoning. For a given
high-level image concept Ck , it is posterior probability can
be derived from its children nodes (S1 , � � � , Sl ) (i.e., the
sibling atomic image concepts under Ck ):

P (Ck jO1 ; � � � ; ON o ) = � �
X

8 S i 2 children ( C k )

P(Ck jSi )�

P (Si jO1 ; � � � ; ON o )



Figure 8: The comparison results on salient object
detection for \mouse pad" class by using di�erent
approaches: (a) segmentation-based approach; (b)
grid-based approach; (c) part-based approach.

where � is a normalization parameter, children (Ck ) is used
to indicate the children set of sibling atomic image concept s
(S1 , � � � , Sl ) for Ck .

4.3 Multi­Level Image Annotation
It is important to note that once a test image is classi�ed,

the keywords for interpreting the underlying object classe s
and the relevant image concepts at di�erent levels of the
concept ontology become the keywords for interpreting its
semantics. This hierarchical image annotation framework i s
very attractive to enable semantic image retrieval via key-
words because the users can have more 
exibility to specify
their query concepts at di�erent semantic levels.

One example for our multi-level image annotation sys-
tem is given at Fig. 11. One can observe that four object
classes are detected accurately by the system in this im-
age, i.e., screen, keyboard, speakers and mouse pad. The
system then uses Bayesian network to reason and detect
the appearance of the atomic image concept \o�ce" at the
�rst level of concept hierarchy. According to our hierarchi -
cal probabilistic reasoning framework, the appearance of the
high-level image concept \indoor" is detected automatical ly,
all the keywords for interpreting the relevant salient obje ct
classes and the image concepts at di�erent semantic leveks
are integrated to generate the multi-level annotations for the
corresponding image. Another example for our multi-level
image annotation system is an \sidewalk" scene as shown
in Fig. 12, in which persons, cars and wheels are found as
the evidences of the appearance of the atomic image concept
\sidewalk".

5. ALGORITHM EVALUATION
We carry out our experimental studies of our proposed

algorithms using the public image database LabelMe because
of its publicity and diversity of image contents. Due to its
open access, the size of this image database and its labels
grows continually. According to the statistics collected a t
Apr 2006, this database contains more than 25,000 labeled

LightBuilding  &Car
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Sidewalk Avenue

Sign Tree Window
Traffic

Figure 9: The contextual and logical relationships
for image concept reasoning.

Sidewalk

Building Window Road Sign
Car  &
Wheel

Figure 10: The Bayesian network for image concept
reasoning.

images which is comprised of more than 2,500 object classes.
All our experiments are done on a snapshot of this database
downloaded in Apr 2006.

For each salient object class, we partition the set of im-
ages into two random equal groups: one for training and one
for testing. The training set is further partitioned random ly
into 2 smaller sets: 68% for learning the detection function s,
32% as the cross-validation set for detection function evalu-
ation. We repeat all the experiments 20 times to obtain the
average performance scores. The precision� and recall �
metrics are used to measure the performance of our salient
object detection functions:

� =
�

� + �
; � =

�
� + �

where � is the set of true positive samples that are related to
the corresponding salient object class and detected correctly,
� is the set of false positive samples that are irrelevant to th e
corresponding salient object class and detected incorrectly,
� is the set of false negative samples that are related to the
corresponding salient object class but mis-detected.

Our experimental results for comparing our salient ob-
ject detection functions are given in Table 1, where �=� ,
�̂= ^� and ��= �� represent average precision/recall measures
for segmentation-based, grid-based and part-based methods
respectively. One can observe that incorporating our pro-
posed automatic function selection algorithm helps to obta in
high detection accuracy for di�erent salient object classe s by
using the \right" assumptions of their visual properties. B ut
if detection functions are wrongly matched against salient
object types, it can causes a signi�cant performance degra-
dation. For example, if part-based model is used to detect
\sky", precision rate drops to nearly 1/4 of the best perfor-
mance, and recall rate drops to less than half of the best
performance. More salient object detection performance re-
sults are summarized in Table 2, where precision and recall
scores after automatic function selection are reported.

To evaluate the classi�cation accuracy for each image scene
concept, we partition all labeled images in two sets with
equal size using strati�ed sampling. We then use the �rst
half of the data to estimate class-conditional probabiliti es
P (Ok jS = Si ) for each pair of salient object class and image



Figure 11: Multi-level image annotation results both
at the object level and at multiple concept levels.

scene concept. The second half of the data is used for test-
ing. Experiments for all image scene concepts are repeated
20 times to obtain average precision/recall scores. We show
in Table 3 the classi�cation performance of some image scene
concepts based on our proposed Bayesian approach. Con-
sidering the large scale of the database and their content
diversity, our system provides competitive classi�cation re-
sults. Notice that this performance depends on the detection
accuracy of salient objects, therefore could be improved if
salient object detection functions are improved.

6. CONCLUSIONS AND FUTURE WORKS
In this paper, we have proposed a novel framework to en-

able hierarchical probabilistic image concept reasoning for
multi-level image annotation. The concept ontology is in-
tegrated to interpret the inter-level conceptual correlat ions,
and it is constructed semi-automatically by using WordNet.
The proposed automatic function selection algorithm is abl e
to boost the performance of salient object detection by �nd-
ing a good match between the principal properties assumed
by the detection functions and that of the corresponding
salient object classes. Our proposed Bayesian framework for
hierarchical probabilistic image concept reasoning is very ef-
fective to bridge the semantic gap. Our experiments on a
public large-scale image database have reported good re-
sults.

The classi�er training procedure is now heavily depended
on large amounts of labeled training sample. Manual label-
ing is too costly to be practical for larger image datasets such
as those on the Internet. Recently, alternative approaches
have been proposed to deal with this problem. One promis-
ing method is \weak learning", where only class labels are
given without explicit object contours marked in images.
We plan to explore on this topic in the future to extend the
scale of our system.
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