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Abstract. Automatic image annotation (AIA) refers to the association of words
to whole images which is considered as a promising and effective approach to
bridge the semantic gap between low-level visual features and high-level semantic concepts. In this paper, we formulate the task of image annotation as a
multi-label multi class semantic image classification problem and propose a
simple yet effective method: hybrid ensemble learning framework in which
multi-label classifier based on uni-modal features and ensemble classifier based
on bi-modal features are integrated into a joint classification model to perform
multi-modal multi-label semantic image annotation. We conducted experiments
on two commonly-used keyframe and image collections: MediaMill and Scene
dataset including about 40,000 examples. The empirical studies demonstrated
that the proposed hybrid ensemble learning method can enhance a given weak
multi-label classifier to some extent, showing the effectiveness of our proposed
method when limited number of multi-labeled training data is available.

1

Introduction

Automatic image annotation (AIA) refers to the association of semantic concepts to
whole images which has become a hot research topic and increasingly required by
many modern applications. For example, in the domain of semantic scene classification and medical image interpretation, multi-modal indexing through AIA enables
each image or video clips to be associated with one or more descriptive concepts
which allows for semantic browsing and retrieval of visual information via different
keywords at different semantic levels when an ontology or concept hierarchy is available. Through the sustained efforts of experts and researchers, many approaches based
on computer vision and machine learning theory have been proposed to attack this
problem, which, in general, can be categorized into three major classes: generative
models [1-4, 6-8, 13-18, 31]; discriminative approaches [5, 9-12,21, 27, 29-30] and
search and mining-based annotation [25]. Some of these approaches have achieved
the state-of-the-art performance and proved that automatic image annotation is an
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effective solution to bridge the notorious semantic gap between low-level perceptual
features and high-level semantic concepts. However, the key characteristic of automatic image annotation is that each image is usually assigned to multiple different
semantic labels simultaneously instead of single label, because each image may contain multiple objects with different semantics. So multi-label classification model is
more suitable than traditional single-label classifiers in that correlations between
semantic labels can be incorporated rather than treating them as independent labels. In
this case, label ambiguity or incompatibility can be avoided. For example, “sky” and
“ocean” are more likely to co-occur than “sky” and “computer”. Furthermore, multilabeled training data is hard to obtain or create in large quantities which require large
amount of human labeling effort, limited number of labeled training images can
hardly represent the distribution of visual features for a concept of interest. Consequently, how to build accurate classification model using the limited multi-labeled
image data to improve the annotation accuracy is becoming an important research
issue.
The main contribution of this paper is three-fold: First, we formulate the task of
image annotation as a multi-label, multi class semantic image classification problem
under a joint classification framework called hybrid ensemble learning. Second, we
review the multi-label learning approaches, and evaluate some of them on the image
annotation task. Third, to enhance the annotation accuracy, single-label ensemble
classifier based on bi-modal features is again fused to refine the classification results
given by the multi-label classifier using the uni-modal features. To model the possible
dependency between labels, correlations among labels obtained by using latent semantic indexing are incorporated into the bi-modal feature space. To the best of our
knowledge, hybrid ensemble learning methods which integrate multi-label classifier
based on uni-modal features and ensemble classifier based on bi-modal features into a
joint classification model has not been carefully investigated in the domain of automatic image annotation.
This paper is organized as follows: Section 2 discusses related work. Section 3 first
reviews the literature of multi-label learning and classification, and then describes the
hybrid ensemble learning framework. Section 4 shows our experimental results and
some theoretical analysis. Conclusions and future work are discussed in Section 5.

2

Related Work

Recently, many models using machine learning techniques have been proposed for
automatic image annotation and retrieval. In general, these methods can be categorized into three classes: generative models, discriminative approaches as well as
search and mining-based techniques.
Generative models:
P (l , v) = ∑ P (l s) P (v s) P ( s) l ⊆ L, v ∈ V

(1)

s

where v dentoes the image data, l the subset of semantic concepts, s is the latent variable, L and V are concept lexicon and visual feature space respectively. By computing
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the joint distribution of visual features and associated concepts, the hidden correlation
between this two modalities can be found and then is applied to annotate new images.
Representative works are [1-4][6-8][13-18][31], especially R. Zhang et al[18] has
achieved the state-of-the-art performance, G. Carneiro et al[31] proposed to use Mary labeling and ignore the hidden variable which can reduce the model complexity.
Discriminative approaches:
P ( w v)

w ∈ L, v ∈ V

(2)
where w is a concept from L. Instead of joint modeling of semantic concepts and
visual features, discriminative approaches treat each concept as a single class label
and directly model the posterior probability of w given v. Some attractive works are
[5][9-12][21][27]. Among them, K.Goh et al[10] and Cees G.M. Snoek[27] can provide better results. M. Bouttell et al[21] proposed the cross-training method to conduct multi-label scene classification and introduced some specific evaluation metrics.
In short, generative models can handle a large number of classes and class imbalance problem in some degree, but the model complexity is a major hurdle. While
discriminative approaches are computationally efficient, however, they are unable to
scale well to a large number of classes since it requires one model to be built for each
class.
Search and Mining-based annotation:
Apart from annotation by learning, Wang et al. [25] proposed annotation by search
and mining techniques which can not only makes use of web-scale images but also
allows for unlimited vocabulary.
More recently, learning with unlabeled images has become an active research area
due to fact that large amount of labeled training images is hard to obtain or create in
large quantities while limited number of training images can hardly represent the
visual distribution of target concepts and more information is contained in the large
pool of unlabeled ones. Feng et al [30] and Song et al [29] introduced the use of cotraining and combination of active learning together with semi-supervised ensembling
to perform semantic annotation of images and video clips.

3

The Framework of Image Annotation Model

3.1 Formulation of Automatic Image Annotation
Given a training set of annotated images, where each image is associated with a number of semantic labels. We make an assumption that each image can be considered as
a multi-modal document containing both the visual component and semantic component. Visual component provides the image representation in visual feature space
using low-level perceptual features including color and texture, etc. While, semantic
component captures the image semantics in semantic feature space based on textual
annotations derived from a generic vocabulary, such as “sky”, “ocean”, etc. Automatic image annotation is the task of discovering the association model between visual and semantic component from such a labeled image database and then applying
the association model to generate annotations for unlabeled images. More formally,
let ID denote the training set of annotated images:
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ID = {I1 , I 2 , K, I N }
each image I j in ID can be represented by the combination of visual features

and semantic labels in a multi-modal feature space, i.e., I j = {L j ; V j }
semantic component L j is a bag of words described by a binary vector

L j = {l j , 1 , l j , 2 , L, l j , m }, where m is the size of generic vocabulary, l j , i is a bi-

nary variable indicating whether or not the i-th label li appears in I j
z

visual component V j may be more complex due to a large variety of methods
for visual representation, in general, it can also have the vector form
V j = {v j , 1 , v j , 2 , K, v j , n }, for patch-based image representation, i.e., image I j is
composed of a number of image segments or fixed-size blocks, each of them
is described by a feature vector v j , i , and n is the number of image components; for global image representation, v j , i only denotes a feature component
and n is the dimension of selected feature space
For a given unseen image represented by vu , the goal of automatic image anno-

tation is to estimate:
l ∗ = arg max p (l vu ),

l ⊆ L, vu ∈ V

(3)

3.2 Underlying Theory of Multi-label Learning and Classification
In traditional classification problems, to reduce the model complexity, class labels are
assumed to be mutually exclusive or independent from each other and each instance
to be classified belongs to only one class. However, in the context of image annotation, it is natural that one image belongs to multiple classes simultaneously due to the
richness of image content, causing the actual classes to overlap in the feature space.
Furthermore, in most cases, it is quite hard and insufficient to describe the image
content using only a keyword because image semantics is represented by both basic
semantic entities in that image and the relationships between them. Consequently,
multi-label learning is a more suitable and intuitive solution for automatic image
annotation.
Multi-label learning refers to the problem where each example is associated with
multiple different class labels simultaneously. It is now ubiquitous in real-world applications, e.g., text categorization [19][22][23], protein function prediction[26]. And
in scene classification [21], if we treat every concept as a class label, each scene image may belong to several semantic classes, such as “sky” and “clouds”. In all these
cases, instances for training are each associated with a set of labels, and the task is to
predict a candidate label set for the unseen instance.
An intuitive approach to solving multi-label problem is to decompose it into multiple independent binary classification problems (one per class). However, this kind of
method suffers from many disadvantages. One is that it does not scale well to a large
number of classes since a binary classifier has to be built for each class. Second, it
does not consider the correlations between the different labels. Third, it may encoun-
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ter imbalanced data problem when the minority classes are given only a few labeled
training examples. Another group of approaches toward multi-label learning is label
ranking which stems from preference learning. Instead of learning binary classifiers
for each class, these approaches learn a ranking function from the labeled examples
that order class labels for a given test example according to their relevance to the
example. Compared to the binary classification approaches, the label ranking approaches are advantageous in dealing with large numbers of classes because only a
single ranking function is learned.
3.3 Hybrid Ensemble Learning for Multi-modal Image Annotation
In this paper, we propose a two-stage joint classification framework called hybrid
ensemble learning. The main idea is to train two classifiers, multi-class multi-label
classifier at first stage and binary-class single-label ensemble classifier at secondstage using uni-modal and bi-modal features respectively. For a new, unseen image,
the multi-label classifier is first used to predict the possible labels, and then the ensemble classifier is responsible for determining whether or not each predicted label is
appropriate to describe the image semantics. To be more formal, let Χ be the image
data, Υ the finite set of predefined semantic labels and the size of Υ is denoted by k.
For multi-labeled classifier training, each training pair has the uni-modal form of
( x, y ) , where x ∈ Χ, y ⊆ Υ While, for ensemble classifier, the training data is derived
using a natural reduction of multi-labeled data to binary data. To be more specific,
each example is mapped to a k binary-labeled bi-modal meta-examples of the form
(( x, l，r ), y[l ]) for all l ∈ Υ , where y[l ] = 1 if l ∈ y and -1 otherwise, r denotes the
correlation between the label l and all the other labels. In this paper, the correlation
among different labels is obtained by using latent semantic indexing. That is, the
observation of each derived meta-example is ( x, l，r ) , and the associated binary label
is y[l ] ∈ {− 1, 1} . For the classification of a new image, the multi-label classifier is initially applied and a label list containing candidate labels is output. Each candidate
label is then appended to the feature vector of the new image to form the abovementioned bi-modal meta-example; this meta-example is finally classified by the
ensemble classifier to examine if each predicted label is relevant to the new, unseen
image. In other words, the main task of the ensemble classifier is to conduct metaexample identification, to identify the positive and negative ones, then the appended
label in the positive meta-example is considered as the correct label for the corresponding image and is kept in the predicted label list while the appended label in the
negative one is removed from the predicted label list. Since in most multi-labeled
image collections, the number of semantic labels for each image is rather small compared to the total number of predefined semantic labels, the produced bi-modal training data is extremely imbalanced in the sense that the number of negative metaexamples is much larger than that of positive meta-examples. To avoid the performance degradation of ensemble classifier due to the class imbalance problem, we propose to use the asymmetric bagging [24] to generate a classifier ensemble. The key
idea behind asymmetric bagging is that keeping positive meta-examples the same for
each base classifier and bootstrapping is only performed on the negative metaexamples to sample the same number as the positive meta-examples to construct a
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balanced training set. To build a desired ensemble classification model, maximizing
the diversity of each base classifier while maintaining the consistency with the training data is known to be an important goal, so in our method, each sampled negative
subset is different from each other to ensure the diversity of training data. Moreover,
logistic regression is used as the base classifier which requires less training time and
low storage for built models compared to support vector machines [20]. In addition,
logistic regression classifier has achieved the state-of-the-art performance in image
classification tasks [28]. To further guarantee the performance of ensemble classifier,
we use boosting method, AdaBoost, to enhance each base classifier. The following
figure 1 and figure 2 show the joint classification framework and the asymmetric
bagging algorithm.

training phase

asymmetric
bagging

bi-modal
training data

uni-modal
training data

AdaBoost
Multi-label
classifier

boosted binaryensemble classifier

prediction phase

bi-modal
representation

useen images

predicted
labels

Fig. 1. Framework of Hybrid Ensemble Learning for Multi-Modal Image Annotation

Asymmetric Bagging Algorithm:
Input: positive meta-examples S  , negative meta-examples S  , base classifier I ,
number of base classifiers N , sampling factor D and the test meta-example t .
Output: final label l and classifier ensemble C
1. for i = 1 to N
2.
Si bootstrap samples from S  using the criterion that D Si S  .
3.
4. l

Ii

I ( S  , Si )

majority _ voting ( I i ( x, S  , S i )) , C

^I i `

Fig. 2. Algorithm of Asymmetric Bagging for Binary Classifier Training

4 Experimental Results
Data Set
Our experiments are carried out using two commonly-used keyframe and image datasets, MediaMill [27] and Scene [21] collection including about 42177 keyframes,
2407 images respectively. Table 1 shows the general information about the two data
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collection. For the multi-label classifier, we use multi-label boosting [19] and multilabel C45[22] which have been successfully applied to text categorization tasks.
Mediamill: A number of color invariant texture features per pixel is firstly extracted.
Based on these features, a set of predefined regions in a key frame image is labeled
with similarity scores for a total of 15 low-level visual concepts. We vary the size of
pre-defined regions to obtain a total of 8 concept occurrence histograms that characterize both global and local color-texture information. Finally, the histograms are
concatenated to yield a 120-dimensional visual feature vector per keyframe image.
Scene: each image is divided into 49 blocks with the grid size of 7*7, then mean and
variance of each block is computed in LUV color space, plus some computational
inexpensive texture features, the resulting visual representation is 49 * 2 * 3 = 294
feature vector.
We here use the concepts of label cardinality and label density to describe the information of labels for each image. Let D be a multi-labeled image dataset including
D image pairs ( xi , yi ) and L the finite set of predefined semantic labels.
label_cardinality:

1
D

D

∑

yi

label_density :

i =1

1
D

D

∑
i =1

yi
L

(4)

where label cardinality measures the average number of labels for each image and
label density is the normalized representation of label cardinality.
Table 1. General Information of Two Datasets
Data Set

Examples

MediaMill
Scene

Test

Feature
Dimension

Labels

Training

Label
density

Label cardinality

29804
1211

12373
1196

120
294

101
6

0.0449
0.1770

4.5369
1.0619

Performance Metric
Multi-label Evaluation:
In contrast to traditional single-label classification, multi-label classification requires
different evaluation metrics, here, we use the same metrics introduced in the literature. Let a multi-labeled image dataset denoted by D , which consists of D image
pairs ( xi , yi ) , L the lexicon of predefined semantic labels, yi and zi are the groundtruth and predicted label sequence respectively. In the following discussion, MLB and
MLC45 refer to the multi-label boosting and multi-label C45 classifier. HMLB and
HMLC45 with the suffix “H” refers to the boosted hybrid version of our method.
Accuracy:

1
D

D

Yi ∩ Z i

∑ Y ∪Z
i =1

i

i

Precision:

1
D

Yi ∩ Z i
Zi
i =1
D

∑

Recall:

1
D

Yi ∩ Z i
Yi
i =1
D

∑

(5)
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Table 2. Multi-label Evaluation of Two Datasets
DataSet
Methods
Accuracy
Precision
Recall

MLB
0.3897
0.4621
0.7262

Mediamill
HMLB
MLC45
0.3902
0.3020
0.4695
0.3893
0.7379
0.6117

HMLC45
0.3092
0.3917
0.6316

MLB
0.5074
0.5114
0.9511

HMLB
0.5103
0.5156
0.9543

Scene
MLC45
0.5152
0.5371
0.6442

HMLC45
0.5171
0.5401
0.6463

Retrieval Evaluation:
We also use the precision to evaluate the performance of the proposed method, for a
single query concept w, precision is defined as follows. Let I j denotes the retrieved jth image, t j and a j represent the ground-truth labels and predicted labels associated
with the j-th image.
precision(w) =

Fig. 3. Classification Accuracy vs Sampling
Factor

{I

j

w∈t j ∧ w∈ a j

{I

j

w∈ a j

}

}

(6)

Fig. 4. Classification Accuracy vs Number of
Logistic Regression

Figure 3 shows the classification accuracy of the ensemble classifier using different sampling factors in asymmetric bagging. We can see that using different sampling
factor may lead to different classification accuracy. With the increasing of the sampling factor, classification accuracy of positive meta-examples may decreases while
the classification accuracy of negative ones may increase, so we can find the best
trade-off point to maximize the identification performance. In other words, maximizing the ability of discerning positive and negative meta-examples which ensures correctly predicted labels are kept in the candidate label list while the incorrectly predicted ones are removed.
Figure 4 illustrates the classification accuracy vs. number of logistic regression
classifiers which verifies the fact that number of logistic regression has little effect on
the classification accuracy of the ensemble classifier.
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Table 3. Comparison of Precision using Different Methods

Table 3 shows the precision results using different methods on Mediamill and
Scene collection, which illustrates that our method can effectively remove the incorrectly predicted labels while keeping the correctly predicted ones. However, the performance of this method is dependent on the accuracy of the first-stage multi-label
classifier; that is to say, we can not boost the zero-precision label outputted by the
multi-label classifier. In addition, the precision value of concepts with sufficient training data is satisfactory in most cases, for example, “people”, “face”, etc. but, for the
concept “entertainment” , its precision value is low, possible reasons are the large
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variation of visual feature distribution of this concept. So it is hard to learn the visual
patterns for some concept of interest.

5 Conclusion and Future work
In this paper, we propose a general framework for automatic image annotation and
retrieval based on hybrid ensemble learning in which multi-label classifier based on
uni-modal features and single-label ensemble classifier based on bi-modal features are
integrated into a unified joint classification framework. Empirical results indicate that
the advantage of our proposed method is that it can enhance the accuracy of a given
mutli-label classifiers in some cases when limited number of multi-labeled training
data is available. While the disadvantage is that its accuracy is dependent on the performance of the multi-label classifier, for example, our method has no effect on the
zero-precision label in the test set. In addition, we can also draw other conclusions:
First, in some cases, applying a sampling ratio factor to asymmetric bagging can lead
to improved performance when majority-minority ratio is large. Second, the number
of logistic regression classifiers does not affect the model performance.
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