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Abstract From relevant textual information to improve visual content understanding and
representation is an effective way for deeply understanding web image content. However,
the description of images is usually imprecise at the semantic level, which is caused by the
noisy and redundancy information in both text (such as surrounding text in HTML pages)
and visual (such as intra-class diversity) aspects. This paper considers the solution from the
association analysis for image content and presents a Bidirectional- Isomorphic Manifold
learning strategy to optimize both visual feature space and textual space, in order to achieve
more accurate comprehension for image semantics and relationships. To achieve this
optimization between two different models, Bidirectional-Isomorphic Manifold Learning
utilizes a novel algorithm to unify adjustments in both models together to a topological
structure, which is called the reversed Manifold mapping. We also demonstrate its
correctness and convergence from a mathematical perspective. Image annotation and
keywords correlation analysis are applied. Two groups of experiments are conducted: The
first group is carried on the Corel 5000 image database to validate our method’s
effectiveness by comparing with state-of-the-art Generalized Manifold Ranking Based
Image Retrieval and SVM, while the second group carried on a web-downloaded Flickr
dataset with over 6,000 images to testify the proposed method’s effectiveness in real-world
application. The promising results show that our model attains a significant improvement
over state-of-the-art algorithms.
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1 Introduction

The explosive growth of the Internet facilitates easy access of gigantic volume of images in
our daily lives. To search and classify such huge scale of image collections poses significant
technical challenges.

Content-based image retrieval is a feasible solution to address this issue. However, the
performance of CBIR is limited because of the semantic gap though numerous efforts have
been achieved in the past decade. To boost the retrieval performance, it has been a common
sense to make further understanding of images, no matter the content or its semantics. As a
straightforward application, image auto-annotation attracts more and more attention.

To get over the semantic gap, an effective solution for image understanding is to fuse
content and context together to reinforce each other in effective image search, with content
usually being the visual features and context being the text information or metadata. The topic
of visual & textual fusion for multimedia retrieval is becoming research hot spot in recent
years [17, 18, 24], especially for web image search and personal-photo management [5].

Another drawback of current image understanding strategies is that they focus on image
content and semantic itself, but ignore the association analysis between images distribution.
It is vital for image content understanding and analysis especially for web images.
Traditional content-based image retrieval methods do not work or take little effect in this
condition. The association analysis approach will take advantages by considering
relationship between both visual content and semantic descriptions.

In this paper, we propose a Bidirectional-Isomorphic Manifold Learning theory and
apply it to image annotation for web downloaded images. Bidirectional-Isomorphic
Manifold Learning aims at fusion of two distinct models and eliminates the noise and
errors by learning relationship between samples and analyzing their association. It views
each model lying on a high-dimensional Manifold and utilizes co-training and reversed
Manifold mapping defined in later of this paper to express the relationship between them,
while preserves the consistency between these models during learning procedure. To
address the data asymmetry issue mentioned above, we train our Bidirectional -Isomorphic
Manifold using labeled data and their underlying topological relationship between
unlabeled data, as the common agreement of its semi-supervised nature [6, 20, 30, 39].

Our contribution is twofold. Firstly, from the application perspective, we fuse both text
information—the context and visual features—the content of web images together
efficiently and build an algorithm of image annotation in real world application. This
method aims at reducing noisy information in text information and overcome visual
feature’s being powerless because of the semantic gap.

The second contribution is from the machine learning perspective. The applications of
Manifold learning are limited is mainly because of its non-linear nature, which can be expressed
as its modification is usually confined on low-dimensional space. To overcome this difficulty
during training, the reversed Manifold mapping is also realized in this framework, via
simulating the corresponding reduction projection iteratively. As in the application of image
annotation, we choose these two models as visual and textual features for given images. That’s
the reason why we call our theory asBidirectional. And as application of image understanding,
image annotation and keywords correlation analysis are performed in our work.

The rest of this paper is organized as follows: Section 2 introduces some related work on
image retrieval and annotation, and Section 3 proposes the theory and algorithm for
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Bidirectional- Isomorphic Manifold Learning and proposes corresponding mechanism for
image relationship understanding in this part. Its correctness and convergence are proved in
Section 4. Section 5 illustrates the experiment setup while the experimental results are
shown in Section 6. At the end of this paper, a conclusion is made.

2 Related work

The development of machine learning and computer vision techniques these years
motivates a lot of image search and annotation methods. Datta et al. made a comprehensive
survey in [7]. The task of visual image understanding and representation can be described
as finishing the bidirectional mapping between an image’s visual content and its semantic
descriptions. For web images, it is to combine multimedia evidences from different aspects
to eliminate ambiguous for better representations. For retrieval, fusion of visual content and
text context usually refers to “Multimodal Image Retrieval”, in which many methods have
been proposed for this issue. X. Wang [34] divides the former approaches into three groups:
1) Combining different models using simple linear combinations. 2) Restoring to human
interaction. 3) Probabilistic models. Especially, the third approach is the main solution for
image understanding and annotation on a web scale these years. This kind of method is
usually combined with topic models. The classical work includes LDA [1, 2, 3] and
Hierarchical Dirichlet Process [32].

However, there are still two main drawbacks existing in these approaches. Firstly, the
results of retrieval rely on the learning result, which will be affected greatly by the
distribution of the training samples in the feature space. Secondly, if the training sample is
wrongly labeled because of the noise, the error will be propagated and accumulated through
the learning procedure.

Alternative solution is to use the side information such as tags of web images such as
Flickr and Picasa or surrounding text. In many cases, the surrounding text of images
extracted from the web contains lots of noise and errors. For instance, an advertised
image embedded in a news report is usually irreverent to the text descriptions in news
websites. It would not be feasible to treat them equally confident as the meaningful ones
on the visual features. Besides, there is redundant information in such text description.
Another property of the web images and texts is the asymmetry issue. Huge amount of
data from the web is not structural since: 1) the data is not well labeled 2) the data set is
open, and most statistical results via sampling are limited to describe the distribution of
images on web.

On the other hand, the semantic revealing ability of solely visual features is limited,
which calls for a co-training strategy between visual features and text information, usually
including strategies such as semi-supervised learning [6, 20, 30, 39]. Co-training proposed
by Blum and Mitchell [4, 11, 37] follows the assumption that the sample or feature set can
be divided into two independent groups, and it is also proved that the performance is
especially high within the following two conditions: 1) Each group of features contains
sufficient information for classifying. 2) The feature sets for each sample is conditional
independent. Zhou [37] also introduced co-training into semi-supervised learning by
separating the samples into sets as labeled and unlabeled. Compared to other classifiers, this
mechanism is more robust. Considering the development in image retrieval and annotation
techniques, co-training is widely used in the understanding of image relationship. By
incorporating with relevance feedback [38], the accuracy of classifiers and retrieval is
further improved. It is used to cope with the Small Sample Size problem as well.
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But in real web image search application, where the samples cannot be divided clearly
and easily, co-training performs much worse. Besides, because of the huge amount of data
in the web and the computation cost of co-training, it is not suitable to adopt co-training in
understanding of web image relationship.

To address problems caused by the huge amount of web data, Manifold ranking is
adopted in CBIR and annotation [14, 15, 18, 19] as a kind of transductive learning, by
modeling the original image database as the “image space”, and involving the users’
relevance feedback to “smooth” this Manifold to reveal human’s image perception. Its
merits lie in its perceptual simulation ability and excellent computational efficiency. Since
the Manifold mapping used in redundancy is not linear, it is hard to map the change in the
low dimensional space back to the original space.

Out the scope of traditional methods, recently, graph-based approaches have been widely
used in image annotation and retrieval [28]. These methods propagate the keywords along
the vertex of graph for image annotation. The keywords may come from different sources,
such as manual labeling or automatic extraction results from the surrounding text of web
images into image classifier learning [28, 34]. However, it suffers from the small sample
learning problem due to the complexity to approximate the graph structure from the original
feature space to real semantic space [34].

With the rapid growth of the Internet and web sharing community such as Flickr and
YouTube, the scale of multimedia resources on the web is growing explosively. This
provides opportunities to use web data sources to complete image annotation and retrieval
tasks in a data-driven manner. Using collaborative information to complete image
annotation draws a lot of attention these years. In [10, 31, 35], tags and their correlations
from Flickr are incorporated for better image annotation and recommendation. Besides, tag
ranking is also considered to be an important factor to web image annotation and retrieval.
Liu et. al proposed a tag ranking algorithm in [26] by leveraging Flickr information to
further improve image search performance.

The proposed work in this paper differs from previous methods in following aspects.
Firstly, we not only use or emphasis on either kind of information, but to make full use of
all of resources available. Secondly, from the machine learning point of view, we propose a
new framework to better fuse multiple sources data and naturally introduce and solve
difficulties of current approaches.

3 Bidirectional-isomorphic manifold learning

Image retrieval concentrates on analyzing the relationship between images, and finding out the
ranking orders for a given query, either an image or a set of keywords. On the other hand, the
relationship between images differs a lot from the perspectives of visual content and textual
(semantic items) respectively. That’s because of the semantic gap. For instance, even two
images comes from the same news report web page are similar in context since they share nearly
the common text descriptions. But they may differ a lot at the visual content in reality; while on
the other hand, the images similar to the visual may be much diverse at the semantic level. The
noise existed in textual descriptions leads to themisunderstanding of image relationship as well.
To summarize, image relation analysis should not be performed on such single aspect.

A more credible solution for image understanding is to try to discover the images’
semantic and take images’ representation based on the semantics obtained. As a common
scenes, it is reasonable to fuse the textual information (such as surrounding text of image
embedded in HTML page)—denoted as the context for images and its visual information
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(such as the color and texture features)—denoted as the content in order to discover the image
semantics. The context illustrates the image sufficiently (although including much redundancy)
and the content is regarded as reliable enough. Based on this assumption, we can correct the
annotation labeled by keywords with the visual information, to achieve textual noise
elimination. The basic idea of this paper is to propose a novel method which balances these
two metrics in order to find image relation Manifold representation under semantic level.

3.1 Bidirectional-isomorphic manifold learning mechanism for image annotation & retrieval

Basically, the fusion of textual descriptors and visual features can be viewed as a typical co-
training procedure. But the computational cost for huge amount of web images poses a big
challenge. Besides, since the underlying relationships between visual content and high level
semantic issues, these two kinds of features are not independent. In order to get over these
problems, we propose the Bidirectional-Isomorphic Manifold Learning. It introduces the
co-training into Manifold learning which is widely used for high-dimensional data
reduction and learning. Co-training can make up the gap existed in Manifold learning
when dealing with the learning task for multi models, and Manifold learning can effectively
reduce the computational cost for co-training by using dimension reduction.

The basic idea is to represent the context of images in form of keywords distribution
Manifold, and perform the Manifold reduction to get a graph G. To eliminate the
redundancy and noise existed in the initial Manifold the visual information is involved in
the training stage on G. The distributions of these two different features can be formulated
as metric spaces as:

1. Keyword-Based Metric Space: The images can be labeled with the keywords
extracted from corresponding HTML by performing the TF-IDF rule in Information
Retrieval [29]. All the keywords can expand an orthogonal space by removing the
synonyms. We call this orthogonal space as a Keyword-Based Metric Space, and the
value on each dimension is the probability that the image can be labeled with a specific
keyword. We denote the Keyword-Based Metric Space as the matrix K, and each
image as a vector from a given row of K which is denoted as Ki for the Image i. If the
total number of dimensions is N, the vector can be written as [Ki,1, Ki,2… Ki,N] for
image i. The Cosine Similarity on Keyword-Based Metric Space is defined as:

Simi;j ¼
PN

k¼1 Ki;k � Kj;kffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
k¼1 K

2
i;k �
PN

k¼1 K
2
j;k

q ð1Þ

Which is bounded in (0, 1), and a small value indicates a low similarity while a large
value corresponds to a high similarity.

2. Vision-Based Metric Space: It is the common visual feature space in image
processing & representation constructed by the visual features such as color and
textual. Corresponding to the Keyword-Based Metric Space, the distance adopts the L2
distance among the Vision-Based Metric Space.

Figure 1 shows the framework for the Bidirectional -Isomorphic Manifold Learning
mechanism in this paper. The Semantic Relation Graph is initially obtained by performing
Manifold reduction from the Context Manifold by Isomap [33]. The Isomap algorithm
preserves local topologies for large scale samples and predicts more stable distance
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measurement between sample points under smoothness assumption. Thus, in case of large-
scale web image retrieval task, this approach can potentially perform much better for image
relationship analysis and semantic understanding. Co-training is further adopted for the
purpose of fusing context and content in order to discover more reliable relationship
between images, and correct the Manifold with noise. For convenience, we represent the
graph as G in the residual part of this paper.

To synchronize data change during co-training, it is essential to map the changes of G
back to Keyword Based Metric Space in order to refine the Manifold learning, which
indicates mapping the relationship changes between images to the adjustment of images
distribution in keyword space. It is still a big challenge to map the movement of data
samples from low dimensional space back to the original high dimensional space [12] since
the Manifold mapping is usually non-linear, even it doesn’t have a definitely mathematical
form. Our Bidirectional-Isomorphic Manifold Learning strategy is born solving this
problem via Reversed Manifold Mapping strategy iteratively to simulate this mathematical
procedure. It is the most creative contribution in this paper.

3.2 Bidirectional-isomorphic manifold learning

3.2.1 Manifold reduction and learning

To map the changes in low-dimensional space back onto the high-dimensional space,
Manifold Reduction and Manifold Learning are formulated by mathematics in this section.
Definition 1 and Definition 2 are defined on this purpose.

Definition 1 Two metric spaces (M1, d1) and (M2, d2) are called topological homeomorphic
if there exists a homeomorphism (continuous maps with continuous inverses) between the
two spaces.

Context (textual 
information)

Context Manifold

Content (Visual 
Representation)

Content Manifold
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Visual Feature 
Extraction
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2 2
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Manifold Reduction Reversed Manifold 
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Function 
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3. Convergence Proof

Co-Training

Bidirectional-Isomorphic 
Manifold Learning

Fig. 1 Framework for Bidirectional-Isomorphic Manifold Learning mechanism. The Semantic Relation
Graph is the topological structure obtained by Manifold reduction and the semantic
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Definition 2 A Manifold can be expressed in the form of a triple-set:

Rd ;Rm; f
� �

; d < m

Rd is the d-dimensional metric space the Manifold embedded in and Rm is the m-
dimensional metric space in which all the initial points distribute while f is a
homeomorphism defined as:

f : C � Rd ! Rm

which can retain the topological structure in the space Rm, with C a compact subset of Rd.
Based on the definitions above, we can distinguish the Manifold Reduction and Manifold
Learning as: Manifold Reduction aims to find a subspace C while Manifold Learning aims
to simulate the homeomorphism mapping f of metric space C. Because the procedure of
simulating the homeomorphism relies on the distribution of metric space C, Manifold
Reduction acts as the basis of Manifold Learning. There have been a lot of approaches used
for Manifold Reduction [9, 33].

It has been proved that an undirected graph G can be turned into a metric space [23],
consequently it is reasonable to replace the compact subset C with graph G. As a result, the
transformation from a high dimensional Euclidean Space into a Graph satisfies the definition
of Manifold Reduction, which is the state-of-the-art method in Manifold Reduction.

On the other hand, the target of Manifold Learning is to describe the mapping. Authors
in [36] proposed a method to minimize the error that occurs in the simulating which is
defined in a linear form. In this paper, we will introduce an Isomorphic mapping to simulate
the homeomorphism by defining Isomorphic Manifold.

3.2.2 Isomorphic function & manifold shrinkage

To achieve the target in Section 2.1, we formulate the Keyword-Based Metric Space as the
original high dimensional space while the Vision-Based Metric Space as the low
dimensional space in real-world application for our Bidirectional-Isomorphic Manifold
Learning. They are marked as M and C respectively. The homeomorphism is defined as

f � M ! C ð2Þ
We define an isomorphic mapping function g in form of

sðx0; y0Þ ¼ gð f ðxÞ; f ðyÞÞ ¼ hðdðx; yÞÞ ð3Þ

where x and y are two points on behalf of sample images in M, x’ and y’ the corresponding
points in C; d and s are the metrics defined in M and C separately, in the forms of Keyword-
Based Metric and Vision-Based Metric; h is a continuous and monotonous function named
Isomorphic Function. As proven in [22], h is reversible and can preserve the metric.

Since most Manifold reduction methods are nonlinear, the inverses of homeomorphism
do not exist or cannot be represented. Therefore, the change in low-dimensional space
cannot be reflected in the high-dimensional space directly.

The shrinkage of Manifold is proposed to solve this problem and aims at formulating the
change between the metric spacesM and C. The movements of vertices in the low-dimensional
metric space (Graph G) are mapped back onto the high-dimensional one (Manifold M) by
performing the shrinkage based on the Isomorphic Function g which is defined in Eq. 3.
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3.2.3 Isomorphic function

The Isomorphic Function in form of iteration function should satisfy the following
criterions:

1. Differentiable and continuous: Since the Manifold should be differentiable while a
differentiable function must be continuous.

2. Reversible: This property is based on the definition of Isomorphic Manifold.
3. Convergent: Keep the iteration stop at the limit.

Thus, we define a type of isomorphic function in iteration form as

hðx; yÞ ¼ stþ1ðx; yÞ ¼ exp � dðx; yÞ2
m � stðx; yÞ

 !
ð4Þ

Where st(x, y) is the weight of edge between the vertices x and y at the tth round of the
iteration on graph G reflecting the similarity between these two sample images from the
perspective of keywords. And d(x, y) represents the metric defined on the C, which can be
defined as the L2 distance between these two images from the perspective of visual
content. A larger similarity s indicates small distance represents that the two samples are
more similar in current metric space. μ is a const to adjust the speed of the iteration and
normalization between two metrics from different spaces. Along all the iterations, the
similarity s is bounded between 0 and 1 by the exponent function since � dðx;yÞ2

m�stðx;yÞ is always
negative.

3.2.4 Shrinkage of manifold

Shrinkage of Manifold mainly deals with the problem of mapping the movement in G back
into M. In an intuitive sense, this procedure forces the points in M making the displacement
along with the movement of the corresponding point in on graph G. In our application, it
indicates that the position of points in Keyword-Based Metric Space M changes with the
same rate as the movements on G compared to the Vision-Based Metric Space C. As a
result of the movement in M, the weight of each keyword to annotate the given image is
modified referring to the visual similarities. To achieve this goal, we firstly define a
shrinkage rate based on the (t+1)th iteration as:

rtði; jÞ ¼ exp
stþ1ði; jÞ
stði; jÞ � 1

� �
� 1 ð5Þ

It is obvious that:

1. If st+1(i, j) is larger than st (i, j), which indicates the two images are more similar, the
shrinkage rate ρt (i, j) is positive;

2. If st+1(i, j) is smaller than st(i, j), which indicates the two images are less similar, the
shrinkage rate ρt (i, j) is negative;

Suppose the vector
*

Ki represents the position of point i lying in metric space. Then the
shrinkage can be formulated as:

KiðtÞ ¼ Kiðt � 1Þ þPj2X ðKjðt � 1Þ � Kiðt � 1ÞÞ � rtði; jÞ� �
t > 1

KiðtÞ t ¼ 0

	
ð6Þ
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Where X is the set of points adjunct with point i in the graph G obtained by Manifold
reduction.

For each pair of adjunct points i and j in round t, the distance in the metric space where
the Manifold embedded in should also be adjusted by the same rate: when the similarity
becomes larger, the distance on Manifold should be shortened by the rate of ρt(i, j). On the
other hand, it should be larger than current by ρt(i, j). It is obvious that the Manifold is
shrunk.

By Performing the Manifold Shrinkage strategy for each point in each-round of
iterations, our Bidirectional-Isomorphic Manifold could be trained to fit for the
distribution of all the points referring to both the keywords and visual content distributions.
Thus, we can get a shrunk metric space which reflects the intrinsic relationships among all
image sample points.

3.3 Bidirectional-isomorphic manifold & reversed manifold mapping

For fusing the two different models together and as a result to eliminate the noise, co-
training is adopted as the strategy. The co-training deals well with the condition that the
features can be separated into two disjoint sets [27]. Thus, the co-training can be performed
on the Manifold from two different metrics: Keyword-Based Metric & Vision-Based
Metric defined in Section 3.1. The algorithm firstly performs the Manifold reduction using
Isomap [33] to map the Keyword-Based Metric Space onto the Vision-Based Metric Space.
Since the noise and redundancy existed in the text descriptor, the reduction results are filled
with errors. To eliminate the errors and reduce the semantic gap we perform co-training
between M and C as follows:

1. Manifold is initialized in the Keyword-Based Metric Space M. The distribution of all
sample points reflects the initially condition of text descriptors.

2. Performing the Isomap [33] to map the distribution of M onto the Vision-Based Metric
Space C. The Manifold reduction result is represented as a Graph G.

3. The similarities defined in Eq. 1 between each pair of adjacent vertices are formulated
as the weights of edges on G.

4. Adjust the weights of graph G comparing the Visual-Based Metric between any two
adjunct pair of points using the Isomorphic Function which is illustrated in Equation
(4)

5. Performing the Manifold Shrinkage strategy to map the changes on G back onto M by
modifying the weights of corresponding keywords in vector Ki.

6. If the iteration doesn’t converge, go to step 2. Else stop iteration and go to step 7 to
make retrieval.

7. Retrieval on the trained Manifold.

Averaged convergence criterion The convergence is defined based on the Averaged
Iteration Difference defined as:

X
stþ1 � st


 

=imgCount < " ð7Þ

Where ε>0 and imgCount is the total number of images.
The adjustment based on Isomorphic Function is called the Reversed Manifold

Mapping, and the trained Manifold is the semantic image relation Manifold. For both
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keyword-based and content-based image retrievals, the trained Manifold is capable to
provide sufficient image relationship information to satisfy the given query. As in our
experiment, a graph distance is adopted for sample image query and L2 distance for text
query.

A convergence proof of Isomorphic Manifold function will be shown in Section 4.

3.4 Association analyzed nature

Bidirectional-Isomorphic Manifold Learning holds local topologies by analyzing associa-
tion between sample points within its neighborhoods, and achieves global optimization by
preserving these local topologies. This mechanism could not only eliminate the negative
effect of non-linear Manifold reduction during training and make the reversed mapping for
Manifold learning come true, but also can mine the latent semantics for images more
effectively. Traditional approaches focus merely on the content itself by omit the
relationships, while image annotation strategies by Manifold learning [14] or by graph
learning [28] just propagate keyword confidence via the visual relationships between
samples. Our framework fully utilizes the correlation of samples in order for deeply mining
of image semantic and content.

4 Shrinkage convergence proof

To show our definition of Eq. 5 meets the need of Isomorphic Function and the Manifold
Shrinkage has the ability to shrink the Manifold in form of iterations, we raise this chapter.
The three properties listed in Section 3.2.3 are essential for the composition of functions
and only when it meets the demands will the iteration stops automatically. In the following
part, we prove that Eq. 5 satisfying these properties:

1. Differentiable and continuous

From Eq. 5, the property of continuous is obvious. The partial derivatives of Eq. 5 are
shown as follows:

@h

@s
¼ exp � d2

m � s
� �

� @ð�d2=m � sÞ
@s

¼ exp � d2

m � s
� �

� d2

2m � s2 ð8Þ

@h

@d
¼ exp � d2

m � s
� �

� @ð�d2=m � sÞ
@d

¼ � exp � d2

m � s
� �

� 2d

m � s2 ð9Þ

It’s easy to infer that the isomorphic function we defined is differentiable.

2. Reversible

The reverse of the composite function can be represented as

f ¼ g � h; f �1 ¼ ðg � hÞ�1 ¼ h�1 � g�1
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Since the exponent function is reversible and d2=m � s is reversible if and only if s is not
zero, we can conclude that the iteration is reversible because the weights of the graph
obtained by Manifold reduction must be non-zero.

3. Convergent

Since from Eq. 8 we can obtain:

@h

@s
¼ exp � d2

m � s
� �

� d2

2m � s2 > 0

It indicates that, if the similarity of the results from the Manifold reduction plays a more
important role in the iteration, the similarity will increase in the iteration stage, which
means the description of the Manifold is not sufficient.

From Eq. 9, we can obtain

@h

@d
¼ � exp � d2

m � s
� �

� 2d

m � s2 < 0

If the distance of metric d in the graph metric space takes a more important role, the
similarity will decrease when iterations increase since the Manifold describes two points
closer than they distribute underlying. When the iteration stops, it will come to an utmost
that balances both metric d and similarity s.

5 Experimental setup

5.1 Database selection

Two image databases are adopted in performance evaluation:

Corel 5000 image database It contains 50 classes with each class 100 images. 20
images from each class are manually labeled. The total number of the keywords is
202. The initial values in vectors for any image are either 0 or 1: if the image i is
manually labeled with keyword j, then Ki,j is 1; otherwise Ki,j is 0.To avoid the zero
vectors of unlabeled samples in training stage, we involve a random keyword for an
unlabeled image out of the 202 keywords. This also brings noise, but would be shown
eliminated after training.

Flickr image database This database contains 6,000 images downloaded from www.flickr.
com together with its textual descriptors in HTML page. The keywords are extracted using
the TF-IDF rule. The element Ki,j in Section 3.1 is initialized by the probability of keyword
j labeling image i, which can be calculated by counting the frequency of keyword j
contained in the document image i embedded in.

5.2 Feature extraction

As for Vision-Based Metric Space, we use 360-dimension color histogram features in H
component of HSI color space and 8-dimension texture co-occurrence features [13] both for

Multimed Tools Appl (2013) 64:53–76 63

http://www.flickr.com
http://www.flickr.com


Corel Database and Flickr Database. We adopt L2 distance as the similarity metric in our
experiments.

5.3 Model parameter setting

The algorithm for Manifold Reduction adopts the K nearest neighbor based ISOMAP
method [33]. And the number of nearest neighbor K is settled as 50 according to the
volume of the database. The degree of nearness can be explained as: the larger similarity
Simi,j between points i and j indicates the smaller distance between them.

5.4 Evaluation criterion

Precision-Recall curve is a state-of-the-art method to evaluate the performance of the image
classification system. But for image retrieval system, the users pay more attention on the
precision than the recall, especially for search engines. Besides, the retrieval system should
emphasize more on how to make the top ranks more accurate as well. From the user’s point
of view, a more satisfying result at the top ranks of the returned list will be more valuable.
Therefore, besides precision measurement, we also adopt the NDCG (Normalized
Discounted Cumulative Gain) [16] as one of our performance evaluation measures which
is based on the following assumptions:

1. Highly relevant documents & images are more valuable.
2. The greater the ranked position of a relevant document & image, the less valuable it is

for user.

NDCG is defined as:

Ni ¼ ni
Xm
j¼1

ð2rðjÞ � 1Þ= logð1þ jÞ ð10Þ

Where Ni is the NDCG at i’s rank position, and m is the last position of the relevant
sample within the first i samples in the ranked list. r(j) represents the rate of relevant
between the jth sample in the ranked list and the query bounded in [0,1]. ni is the
normalized const for a given ranked list.

This NDCG evaluation measure has the advantages as follows:

1. Graded: it is more precise than P-R
2. Reflect more user behavior (e.g. user persistence)
3. Sensitive to position of the highest rated page.
4. Normalized for different lengths lists.

In our experiments, we adopt the following measures to evaluate the performances of
Bidirectional-Isomorphic Manifold Learning: 1) Precision of a given query. 2) The average
precision for all queries. 3) NDCG@1, NDCG@3, NDCG@5, which means the NDCG
scores for top 1, 3, and 5 returned results.

5.5 Query scenario

The user query modes can be mainly divided into two categories: query by keywords and by
sample images. For web search engine and other retrieval tasks, the former one takes main part,
such as http://images.google.com and http://image.yahoo.com. From the users’ point of view, to
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find or browse the images of a given topic in the form of keyword is the consensus when using
retrieval system. In our experiments, we adopt the keyword-based query as the default mode.

Besides, we also perform the retrieval task queried by sample images in our experiments
in order to show the influence of textual descriptors to visual content. Since most of
Manifold Learning mechanisms are adopted in form of querying by sample images, it is
used for performance comparison with the state-of-the-art methods as well. The simple
distance classifiers are adopted. The distance metrics for the two spaces are L2 distance and
the shortest path distance on graph separately.

6 Experimental results

The experiments are performed separately on the two databases described in Section 5.1:
Corel Database and Flickr Database. The experiment performed on Corel is mainly used to
validate the correctness of Bidirectional-Isomorphic Manifold Learning and the experiment
performed on Flickr aims to testify our performance in real-world scenario.

6.1 Algorithm validation & performance comparison

To validate the correctness of our algorithm and evaluate the performance, the experiment is
firstly performed on Corel 5000 database mentioned in Section 5.1. We randomly choose 20
keywords from the keyword list to make queries. Besides, we perform the experiment queried
by sample images as well, in order to compare our method to other approaches. Figure 2
shows the top 50 samples in the retrieval results queried by keywords “bus” on Corel.

To illustrate the convergence of Bidirectional-Isomorphic Manifold Learning iteration, the
Averaged Iteration Difference (AID) defined in Section 3.3 is recorded and shown in Fig. 3.
The abscissa axis is the first 50 round of iteration while the ordinate is the AID for each round.
It is obvious that the algorithm satisfies the convergence condition mentioned in Section 3.2.3.

Figure 4 shows the averaged precision curve for the 20 queries within 20, 25, 30, 35 and
40 returns, which are marked with the black line. The other lines are corresponding
precision for keywords “sand”, “beaches” and “leaf” separately.

Fig. 2 Top 50 samples returned by retrieving using keyword “bus” on Corel image data set
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It is obvious that the precision for keyword “beaches” is nearly 100% within the first 30
return results. However the precisions of keywords “sand” and “leaf” are much lower than that
of “beaches”. Themain reason is that there isn’t any class of images in Corel Database named as
“leaf” or “sand” selected in our experiment while the “beaches” is. So the two keywords are
only annotated by propagation but not manually initialized. But the precisions are still higher
than 0.5, which indicates that our algorithm can propagate the annotation results well.

Figure 5 shows the comparison results of averaged precision between our method,
Generalized Manifold Ranking Based Image Retrieval (GMRBIR) proposed in [15] and
only using SVM on the same database querying by sample images. Since there are few
methods suitable to be compared with by querying in keywords, we here show the
improvement in performance by querying in samples images. Meanwhile the red line shows
the performance of querying by keywords. Obviously, there is a significant boost for
performance compared with the GMRBIR as well as SVM.

Figure 6 shows the NDCG measure evaluation for the given 10 query keywords selected
from the 20 ones mentioned above. It indicates that all of the first returned samples are
relevant to the query, and all of the results within the top 3 retuned samples are relevant
except the one for keyword “water”, and it becomes only 2 irrelevant for the top 5 samples.

6.2 Experiment on web images database

This experiment aims to illustrate the solution for image search in web-based real-world
application.

Fig. 3 The convergence of algorithm within the first 50 round of iteration performed on Corel 5000 Database

Fig. 4 Averaged precision curve compared with the precision curves of some keywords
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This group of experiments adopts Flickr Database containing 6,000 images, and totally
4,287 keywords in the keyword list extracted from the text descriptors. Within the
descriptions of images, there exist much noise as well as redundancy because that they are
not manually modified and limited.

Figure 7 shows the convergence condition of the experiment performed on Flickr
Database. Compared with Fig. 2, the curve is not as smooth as the one in Fig. 2. This is
because the noise affection in the text descriptors.

Table 1 shows some top returned samples in the retrieval list respectively for keywords
“Tree”,”Grass” and “Sun”. Though it is obvious that the performance drops a lot compared
with that of Corel 5000 database, considering the reality of noise and image distribution, it
is acceptable for real-world application.

Figure 8 shows the average precision for randomly chosen 10 keywords out of all the
4287. The black line shows the average precision of the 10 keywords returning 20, 25, 30,
35 and 40 images respectively. And the broken line in black is the keyword with best
performance (“cloud”). The most interesting one is the line in red, which is the precision

Fig. 5 Averaged Precision comparison between our method, Generalized Manifold Ranking Based Image
Retrieval [19] and only using SVM

Fig. 6 NDCG@1, NDCG@3 and NDCG@5 for 10 randomly given queries on Corel image collection
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curve of the keyword “natura”, a wrong written keyword existed in the keyword list. It’s
similar with the one of “nature” as shown in Fig. 9. This issue will be further discussed in
Section 6.4.

Figure 10 shows the NDCG evaluation measures for the Flickr Database. Though at the
1st position the query results could not exactly satisfy the users’ demand, most of the correct
results can do within the top 5.

6.3 Time efficiency analysis

In this section, time cost of the proposed method is further discussed. We compared our
method with a modified co-training algorithm following [4], by treating visual features and
text information as independent two feature sets. The experiments are performed on
different scale of Flickr images from 1,000 to 6,000. Since the absolute time make no sense,
an averaged value of division tc

tm
is calculated, where tm and tc is the time cost for proposed

Isomorphic-Manifold learning method and traditional co-training method. Results are
shown in Fig. 11.

Fig. 7 The convergence of algorithm within the first 50 round of iteration performed on Flickr Database

Table 1 Top retrieval samples for Flickr Database

Keyword Returned Top Relevant Images

Tree

Grass

Sun
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The results show that when data scale is relative small, the efficiency of the proposed
method is worse than traditional method, which is cause by the Isomap operation. And as
the data scale becomes larger, the proposed method outperforms than co-training, and when
the data scale increases to 6,000 the time efficiency is nearly 2. This indicates that the
Bidirectional Isomorphic-Manifold improves the efficiency of co-training in an apparent
degree.

6.4 Further discussion

6.4.1 Visualization of manifold

Figure 12 shows the visualization of Keyword-Based Metric Space using PCA on Flickr
Database before and after training in (a) and (b) respectively. Before the learning process
proposed in this paper, the data converges locally which blocks the keyword propagation
and semantic concepts are not related with each other from the perspective of data
distribution as shown in (a). The situation changes greatly after the training stage we
proposed as shown in Fig. 12(b), which indicates that all data are smoothly distributed and
semantic concepts are related with each other. This observation can be summarized into
following points compared (b) with (a):

1. The labels for images are too specific but not generic, which will lead to Over Fitting
during the classifying process.

Fig. 8 Averaged Precision curve compared with the precision curves of some keywords for Flickr Database.

Fig. 9 The positive sampleswithin top 50 returning images which “nature” and the wrong written “natura” shares

Multimed Tools Appl (2013) 64:53–76 69



2. The keywords or semantic items are blocked and not propagated to other images. They
are clustered together around each semantic item, which disobey the truth that semantic
concepts are not isolated.

3. The relationships between each pair of semantic items or keywords are cut off. As
shown in (b) of Fig. 12, our method deals well with this problem and approaches this
relationship by using the visual similarities between images.

6.4.2 Semantic similarity

Considering the third problem above and our experiment results, the relationships between
semantic items should be involved, such as synonym, the case of pluralism and the case of
wrong-written. A lot of methods have been proposed to solve this problem, such as the
WordNet. WordNet [8] provides a way to link annotated images together. It assumes that if
we can find one relevant image in an additional annotated source, then we can locate other
semantically similar images via the WordNet links . However, WordNet is initially used for
the purpose of textual analysis, the goal of which is diverse from the one of image
annotation and CBIR. On the other hand, the methods such as WordNet cannot reveal the
correlation of images from the content-based perspective. In annotation keyword pruning,
the pruning rule in WordNet is based on solely linguistic association of words, which is

Fig. 10 NDCG@1, NDCG@3 and NDCG@5 for 10 randomly given queries on Flickr Database

Fig. 11 Time Efficiency of proposed Bidirectional Isomorphic Manifold Learning on Image Annotation
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fixed and ignores the ground-truth visual content of annotated image. For instance, when
user is querying for concept “apple”, even when he/she gets tens of feedback images, the
correlations of “apple”-“computer” and “apple”-“fruit” still cannot be adjusted in WordNet
with assistant of image visual content.

Therefore it is suitable to evaluate the relationship between content-based keywords from the
perspective of visual-content based similarities. Similar with the cognitive process of human
beings, the similarities of keywords should be judged by their expressive force in representing

Fig. 12 Visualization of the Keyword-Based Metric Space using PCA by SVD [21] (Flickr Database)

Table 2 Keywords evaluation results for Flickr Database

Group Keywords Similarity

Semantic relevant green colors 0.951364676574984

France Europe 0.952302390130915

France tower 0.973352173651541

landscape African 0.966905339676863

Utah USA 0.893033603125287

flower leaf 0.892501002075152

Pluralism\wrong written natura nature 0.896004461138948

tree trees 0.988003040313448

coastal coatal 0.866799552513758

water waterr 1

castle castles 0.824901089364334

churches church 0.835824148116325

balloon ballon 0.943581045794432

animal animals 0.96998195788511

colors colorful 0.871172438665225

Synonyms wood trees 0.978447809002679

ocean sea 0.993480003192136

mountains hills 0.947194004018278

wood forest 0.986802878926764

card poker 1

battle war 1

beach coast 0.950882018001508
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the visual content. For instance, during the keyword annotation procedure, the keywords “sea”
and “ocean” are synonyms because their results of annotation are nearly the same. To evaluate
the semantic relationships among different keywords in keyword list following this rule, the
cosine similarities are calculated with all the keywords in both Corel 5000 & Flickr Databases.
Table 2 shows part of the evaluation results. It is obvious that the similar keywords such as
“wood” and “trees” will have the nearly same query results. Meanwhile, the Reversed
Manifold Mapping based Co-training and Bidirectional-Isomorphic Manifold Learning are
tolerant to pluralism and wrong written keywords. It is also sensitive to the keywords which
are semantic relevant such as “green” vs. “colors”, “France” vs. “Europe” and “flower” vs.
“leaf”. As the result, the similar keywords can be propagated in a similar way, causing the
similar annotation results. Therefore, the Bidirectional- Isomorphic Manifold Learning can
deal well with the problem of synonyms on itself. Besides, as expressed in [25], the keyword
distribution for image description can be adopted in keyword selection and topic generation in
image annotation, and we can also take advantage of this semantic similarity to achieve a
better complete set extraction strategy.

7 Conclusion and future works

In this paper, we exploit the theory of Bidirectional- Isomorphic Manifold Learning from
perspective of association analysis via Co-training and Reversed Manifold Mapping, and
consequently construct a generalized and effective framework for image annotation and
retrieval. This Manifold learning theory solves the negative effect non-linear Manifold
reduction procedure and be able to mine deep semantics between sample correlations. For
image understanding, it fuses the visual content and textual descriptors to gain a balance
between these two different metrics. Its correctness and convergence are proved from the
mathematical perspective. As an application of image understanding, image annotation and
keywords correlation analysis are performed.

We design experiments on Corel to testify our performance with baseline comparison,
while experiments on Flickr Database to testify our effectiveness in web-scaled application.
The experiment results show that the Bidirectional-Isomorphic Manifold Learning outper-
forms state-of-the-art methods in image annotation as well as the keyword-based image
retrieval. Besides, it can deal well with the noise and redundancy in textual descriptors, and
discover the latent associations between annotated keywords.

For future work the incremental Isomorphic Manifold learning would be considered,and
the training efficiency be further improved.

Acknowledgement The work was supported in part by the National Science Foundation of China No.
61071180, and Key Program Grant of National Science Foundation of China No. 61133003.

References

1. Barnard K, Duygulu P, Forsyth D, Blei D, Jordan M (2003) Matching words and pictures. J Mach
Learning Res vol. 3

2. Blei DM, Jordan MI (2003) Modeling annotated data. In Proceedings of ACM SIGIR Conference 2003,
pp. 127–134

3. Blei DM, Ng AY, Jordan MI (2003) Latent Dirichlet Allocation. In J Mach Learning Res 3:1532–4435
4. Blum A, Mitchell T (1998) Combining labeled and unlabeled data with Co-Training. In Proceedings of

Computational Learning Theory, pp. 92~100

72 Multimed Tools Appl (2013) 64:53–76



5. Cao L, Luo J, Kautz H, Huang TS (2009) Image annotation within the context of personal photo
collections using hierarchical event and scene models. IEEE Transactions on Multimedia 11(2):208–219

6. Culp M, Michailidis G (2007) Graph-based semi-supervised learning. IEEE Transactions on Pattern
Analysis and Machine Intelligence 2(10):856–860

7. Datta R, Joshi D, Li J, Wang JZ (2008) Image retrieval: ideas, influences and trends of the new age.
ACM Computer Survey 40(2):1–60

8. Fellbaum C (1998) WordNet: An electronic lexical database, Bradford Book, May
9. Freedman D (2002) Efficient simplicial reconstructions of manifolds from their samples. IEEE

Transactions on Pattern Analysis and Machine Intelligence 24(10):1349–1357
10. Golder S, Huberman BA (2006) Usage patterns of collaborative tagging systems. Journal of Information

Science 32(2):198–208
11. Goldman S, Zhou Y (2000) Enhancing supervised learning with unlabeled data. In Proceedings of ACM

International Conference on Machine Learning, pp. 327–334
12. Guan H, Turk M (2007) The hierarchical isometric self-organizing map for manifold representation.

IEEE Conference on Computer Vision and Pattern Recognition, 17–22 June 2007, Page 1–8
13. Haralick RM, Shanmugam K, Dinstein I (1973) Texture features for image classification. IEEE

Transaction on Systems Man and Cybernetics 3(11):610–621
14. He J, Li M, Zhang H-J, Tong H, Zhang C (2004) Manifold-ranking based image retrieval. In Proceedings

of ACM International Conference on Multimedia, pp. 9–16
15. He J, Li M, Zhang H-J, Tong H, Zhang C (2006) Generalized manifold-ranking-based image retrieval.

IEEE Transactions on Image Processing 15(10):3170–3177
16. Jarvelin K, Kekalainen J (2002) Cumulated gain-based evaluation of IR techniques. ACM Transactions

on Information Systems 20:422–446
17. Ji R, Yao H (2007) Visual & textual fusion for region retrieval from both Bayesian reasoning and fuzzy

matching aspects. In Proceedings of ACM International Workshop on Multimedia Information Retrieval
18. Ji R, Yao H, Xu P, Sun X, Liu X (2008) Real-time image annotation by manifold-based biased fisher

discriminate learning. In Proceedings of Visual Communications and Image Processing
19. Jing F, Li M, Zhang H, Zhang B (2000) A unified framework for image retrieval using keyword and

visual features. IEEE Transactions on Image Processing 14(7):979–989
20. Joachims T (2003) Transductive learning via spectral graph partitioning. In Proceedings of ACM

International Conference on Machine Learning, 2003
21. Klema V, Laub A (1980) The singular value decomposition: Its computation and some applications.

IEEE Transactions on Automatic Control, pp. 164–176, April
22. Lang S (1996) Differential and riemannian manifolds. Springer- Verlag, 1996
23. Lee JM (2000) Introduction to topological manifolds. Springer- Verlag, 2000
24. Liu J, Li M, Ma W-Y, Liu Q, Lu H (2006) An adaptive graph model for automatic image annotation.

ACM SIGMM Workshop on Multimedia Information Retrieval, pp. 61–70
25. Liu X, Yao H, Ji R, Xu P, Sun X (2009) What is a complete set of keywords for image description &

annotation on the web. In Proceedings of ACM International Conference on Multimedia
26. Liu D, Hua XS, Yang L, Wang M (2009) Tag ranking. In Proceedings of ACM International Conference

on World Wide Web, pp. 351–360
27. Nigam K, Ghani R (2000) Analyzing the effectiveness and applicability of co-training. In Proceedings

International Conference on Information and Knowledge Management, Page 86–93
28. Rui X, Li M, Li Z, Ma W, Yu N (2007) Bipartite graph reinforcement model for web image annotation.

In Proceedings ACM International Conference on Multimedia, 2007, pp. 585–594
29. Salton G, Buckley C (1998) Term-weighting approaches in automatic text retrieval. Information

Processing and Management 24:513–523
30. Seeger M (2002) Learning with labeled and unlabeled data. Inst. for Adaptive and Neural Computation,

technical report
31. Sigurbjorsnsson B, van Zwol R (2008) Flickr tag recommendation based on collective knowledge. In

Proceedings of International Conference on World Wide Web Conference, pp. 327–336
32. Teh YW, Jordan MI, Beal MJ, Blei DM (2006) Hierarchical dirichlet processes. In Journal of American

Statistical Association, 101(476):1566–1581
33. Tenenbaum JB, Silva V, Langford JC (2000) A global geometric framework for nonlinear dimensionality

reduction. Science 290:2319–2323
34. Wang X, Ma W, Xue G, Li X (2004) Multi-model similarity propagation and its application for web

image retrieval. In Proceedings of ACM International Conference on Multimedia, 2004, pp. 944–951
35. Weinberger K, Slaney M, van Zwol R (2008) Resolving tag ambiguity. In Proceedings of ACM

International Conference on Multimedia, pp. 111–120
36. Zhang Z, Zha H (2005) Principal Manifolds and nonlinear dimensionality reduction via tangent space

alignment. SIAM Journal of Scientific Computing 26(1):313–338

Multimed Tools Appl (2013) 64:53–76 73



37. Zhou ZH, Li M (2005) Semi-supervised regression with co-training. In Proceedings of International Joint
Conference on Artificial Intelligence, pp. 908–913

38. Zhou ZH, Chen K-J, Dai H-B (2006) Enhancing relevance feedback in image retrieval using unlabeled
data. ACM Transactions on Information System 24(2):219–244

39. Zhu X (2006) Semi-supervised learning literature survey. Computer Science, University of Wisconsin-
Madison

Xianming Liu is a candidate for Ph.D at Harbin Institute of Technology, P.R. China. He received his master
and bachelor degrees in 2010 and 2008 respectively. His research interests include image annotation, CBIR,
video analysis and machine learning.

Hongxun Yao received the B.S. and M.S. degrees in computer science from the Harbin Shipbuilding
Engineering Institute, Harbin, China, in 1987 and in 1990, respectively, and received Ph.D. degree in
computer science from Harbin Institute of Technology in 2003. Currently, she is a professor with School of
Computer Science and Technology, Harbin Institute of Technology. Her research interests include pattern
recognition, multimedia processing, and digital watermarking. She has published 5 books and over 200
scientific papers.

74 Multimed Tools Appl (2013) 64:53–76



Rongrong Ji is currently a PostDoc Researcher at Electronic Engineering Department, Columbia University.
He obtained his Ph. D. from Computer Science Department, Harbin Institute of Technology. His Research
interests include: image retrieval and annotation, video retrieval and understanding. During 2007–2008, he is
a research intern at Web Search and Mining Group, Microsoft Research Asia, mentored by Xing Xie, where
he received Microsoft Fellowship 2007. During 2010.5–2010.6, he is a visiting student at University of
Texas at San Antonio, cooperated with Professor Qi Tian. During 2010.7–2010.11, he is also a visiting
student at Institute of Digital Media, Peking University, under the supervision of Professor Wen Gao. He has
published over 40 referred journals and conferences, including Pattern Recognition, CVPR, and ACM
Multimedia. He serves as a reviewer for IEEE Transactions on Multimedia, SMC, TKDE, and ACM
Multimedia conference et al., an associated editor at International Journal of Computer Applications, as well
as a special session chair at ICIMCS 2010. He is a member of the IEEE.

Pengfei Xu is a candidate for Ph.D at Harbin Institute of Technology, P.R. China. He received his master and
bachelor degrees in 2009 and 2007 respectively. His research interests include image annotation, CBIR,
video analysis and machine learning.

Multimed Tools Appl (2013) 64:53–76 75



Xiaoshuai Sun is currently a Ph.D. candidate at Harbin Institute of Technology. His Research interests
include: image and video understanding, especially focuses on visual attention modeling and action
recognition.

76 Multimed Tools Appl (2013) 64:53–76


	Bidirectional-isomorphic manifold learning at image semantic understanding & representation
	Abstract
	Introduction
	Related work
	Bidirectional-isomorphic manifold learning
	Bidirectional-isomorphic manifold learning mechanism for image annotation & retrieval
	Bidirectional-isomorphic manifold learning
	Manifold reduction and learning
	Isomorphic function & manifold shrinkage
	Isomorphic function
	Shrinkage of manifold

	Bidirectional-isomorphic manifold & reversed manifold mapping
	Association analyzed nature

	Shrinkage convergence proof
	Experimental setup
	Database selection
	Feature extraction
	Model parameter setting
	Evaluation criterion
	Query scenario

	Experimental results
	Algorithm validation & performance comparison
	Experiment on web images database
	Time efficiency analysis
	Further discussion
	Visualization of manifold
	Semantic similarity


	Conclusion and future works
	References


