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Abstract. Image annotation is a challenging problem, which has attracted intensive attention recently due to the semantic gap between images and corresponding tags. However, most existing works neglect the
imbalance distribution of different classes and the internal correlations
across modalities. To address these issues, we propose a multiple kernel learning method based on weak learner for image annotation, which
can acquire the semantic correlations to predict tags of a given image.
More specifically, we first employ the convolutional neural network to
extract the semantic features of images, and take advantage of the oversampling technique to generate new samples of minority classes which
can solve the imbalance problem. Further, our proposed multiple kernel
learning method is applied to obtain the internal correlations between
images and tags. In order to further improve the prediction performance,
we combine the boosting procedure with the multiple kernel learning to
enhance the performance of classifier. We evaluate the proposed method
on two benchmark datasets. The experimental results demonstrate that
our method is superior to several state-of-the-art methods.
Keywords: Image annotation · Multiple kernel learning · Weak learner
· Imbalance learning
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Introduction

With the popularity of smart phones and the rapid development of social networks, the explosive growth image data have emerged over the Internet in the
past few years, such as Facebook and Twitter. Some relevant keywords are assigned to images for organizing and managing the massive image data, which
can effectively improve the performance of the web image search engines. However, it is almost impossible to manually annotate massive images due to the
expensive cost. This makes automatic image annotation become a challenging
problem and attract considerable attention.
The task of automatic image annotation is to predict several relevant keywords for a given image which accurately reflect its visual content. The essence
of this task is to bridge the semantic gap between images and textual keywords.
In recent years, several researches [6–10, 12–14] have been devoted to address the
problem of semantic gap. In these researches, some works [9, 10] treat annotation
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task as a problem of the joint likelihood distribution over the co-occurrence of
images and tags, which directly learn the probability distribution over images
for each tag. However, these works have no access to the internal correlations
between images and tags. Inspired by this, a new baseline was introduced in [6]
for the problem of image annotation, which attempted to convert this problem
to a retrieval problem. In this work, K-nearest neighbors are employed to assign
the tags for a given image. Following this line, a weighted nearest neighbor model
was constructed to predict tags in [7]. Due to the wonderful annotation performance of nearest neighbor based methods, these methods [6–8] have attracted
much attention.
In addition to the above methods, the discriminative model based methods [12–14] have also been widely investigated for addressing the annotation
problem. For example, the support vector machine (SVM) was first introduced
[12] by Cusano et al. for automatically annotating digital photographs. In this
method, the unseen image is divided into image subdivisions which is classified
by SVM, and then each pixel is assigned to one of the classes. Besides, a scheme
of confidence based dynamic ensemble [13] was presented to overcome the lack
of capability to assess the prediction quality. To improve the tolerance ability
of misclassification, an SVM with variable tolerance is proposed in [14], which
utilizes the kernel trick to further improve the performance of tag prediction.
Even though previous works have obtained impressive results, there are still
three obvious shortcomings for them. First, some works apply the kernel learning
model to obtain the correlations between images and tags. The success of these
works is heavily dependent on the proper selection of single kernel functions.
However, the kernel selection is time consuming and has weakly interpretability.
Besides, many previous studies almost pay no attention to the imbalance distribution of image keywords. This problem can cause that the learning model
produces poor performance over the minority classes, which can limit the overall performance over the entire dataset. Moreover, the low-level artificial visual
features are employed to describe images in these researches, which are not rich
enough to express the semantic information of images.
To overcome these shortcomings, we propose a multiple kernel learning model based on weak learner (WLMKL) to bridge the semantic gap between images
and tags. Our model employs multiple kernel model to learn the correlations
rather than single kernel model due to the stronger interpretability and flexibility. Specifically, in order to improve the expression ability of image features,
convolutional neural network (CNN) features are extracted for describing highlevel semantic information of images. Afterwards, we utilize a synthetic minority
oversampling technique (SMOTE) to deal with the imbalance distribution of image keywords, which can avoid the issue that the overall performance of model
is limited by the minority classes. In addition, the boosting procedure is incorporated into our model for further improving the prediction performance. This
combination is then used to acquire a classifier for a given keyword, and the
classifier discriminates whether an unseen image is annotated with the given
keyword. The entire framework of WKMKL is depicted in Fig.1. The perfor-
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Fig. 1. The framework of our proposed model. The high-level semantic features of
image are extracted by CNN, and the SMOTE method is employed to address the
imbalance problem of data distribution. Furthermore, our model combines multiple
kernel learning and weak learner to acquire the correlations between images and tags,
which are used to predict tags for images.

mance of the proposed method is evaluated on two benchmark datasets, and the
experimental results demenstrate that WLMKL outperforms several previous
works.
The contributions of this work can be summarized as follows:
– We propose a novel multiple kernel learning model based on weak learner,
which can effectively obtain the internal correlations between images and
tags. It is worth noting that the selection of kernel function can be directly
avoided.
– the imbalance learning method is employed to solve the problem of the imbalance distribution of image keywords, thus the minority classes will not
limit the overall performance of our model.
– The boosting procedure is exploited to optimize the classifier on different
combinations of the training sets, which can generate better classifier to
obtain higher classification accuracy.
The rest of this paper is organized as follows. The details of our proposed
model are described in Section 2. In Section 3 we present the data sets, experimental settings and experimental results in our experiment. Conclusions and
future work are presented in Section 4.

2

Approach

In this section, we introduce our proposed model that utilizes the synthetic minority oversampling technique (SMOTE), the multiple kernel learning method
and weak learner for automatic image annotation in detail. For modality representation, the details how to extract the features of images and represent the
tags are provided. Sequentially, we employ SMOTE to enhance the minority
classes, and the multiple kernel model is used for capturing the correlations between images and the annotation tags in high-dimensional space. Furthermore,
the boosting algorithm is exploited for improving the accuracy of prediction.
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Feature representation

Inspired by previous works [22] on the image representation, we use convolutional
neural networks (CNN) to extract image features. The results of related works
[5, 22, 23] proved its outstanding capability for image representation. We take
the outputs of full-connection layer as image feature. Furthermore, we apply
PCA to improve the generalization ability. For each image, the image feature
is denoted by Ii . We use Ti,j ∈ {0, 1} to denote the tags of image. Ti,j = 0 if
the j-th tag is absent for image i, and Ti,j = 1 otherwise. The distribution of
tags conforms to the Bernoulli distribution. In final, we can obtain the vector Ti
that consists of the absence/presence of all keywords for each image, and each
image is annotated with suitable tags from all keywords. The details of feature
representation can be further detailed in Sect. 3.
2.2

Imbalance learning

Imbalance distribution of the datasets hinders the improvement of classification
accuracy. The classes of skewed distribution are treated equally in traditional
learning methods, which causes low accuracy over the minority classes. For addressing this problem, SMOTE [2] is utilized for generating synthetic samples of
minority classes in this paper. The synthetic samples are generated by the samples and their k nearest neighbors in the minority classes. In order to synthesize
a set of new samples Ssynthetic based on Soriginal , the original sample Soriginal
in a minority class and its n(n < k) neighbors randomly selected from k nearest
neighbors are used as stated in Eq.(1):
Ssynthetic [i] = Soriginal + random (0, 1) ∗ (L [i] − Soriginal )

(1)

where i = 1, · · · , n, and L is set of n neighbors randomly selected from the k
nearest neighbors of Soriginal . We can observe that the size of synthetic samples
is n times to the original size.
Through this approach, we try to construct a set of synthetic samples for
minority class, and broaden the decision region of minority class. In addition, the
decision region can become more general by using this over-sampling technique.
2.3

Multiple kernel learning

The performance of conventional single kernel method depends heavily on the
selection of kernel. While the selection of kernel function is difficult due to the
different characteristics and application scenarios of various kernel functions. Especially on the high-dimensional data, the single kernel method is not applicable.
Since the distribution of data in high-dimensional feature space is non-flat. Motivated by [1], our approach employs multiple kernel learning method to learn
the correlations between images and the annotated tags. The interpretability
of decision can be effectively enhanced by replacing single kernel with multiple
kernel. The recent researches [3] have validated that the multiple kernel learning
model can achieve better performance than the single kernel model.
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In multiple kernel learning model, an equivalent kernel is a convex combination of multiple basic kernels, which replaces the conventional kernel for data
mapping. Different data features can be exploited by different basic kernels.
Thus, multiple kernel learning can become a more flexible approach on the highdimensional heterogeneous data. Formally, the combined kernel function can be
written as:
N
N
X
X
K=
αn Kn s.t. αn ≥ 0,
αn = 1
(2)
n=1

n=1

where N is the number of the basic kernels. Kn represents n-th basic kernel
function, and αn is its weight. The weights can be obtained by optimizing the
multiple kernel learning model, which can be formulated as follows:
!2
m
n
X
1 X
kgi k + c
ξi
min
2 i=1
i=1
(3)
s.t. Ti (g (Ii ) + b) ≥ 1 − ξi and ξi ≥ 0 ∀i
w.r.t

gi ∈ RK1 × RK2 × · · · × RKm , ξi ∈ Rn , b ∈ R

where c and ξi represent the regularization parameter and the slack variable
respectively.
Many methods are proposed to optimize the multiple kernel learning stated
as Eq.(3) by transforming it to the dual problem [1, 3, 20]. In our proposed model,
the SimpleMKL [3] is adopted as the solution for solving the SVM optimization
problem, which wraps a SVM solver of the single kernel that is attained by the
linear convex combination of multiple basic kernel. Furthermore, the weights
of the convex combination can be optimized automatically. In SimpleMKL, the
formulation of the dual problem can be represented as:
max Q (α, β) =

m
X
i=1

βi −

N
m m
X
1 XX
βi βj Ti Tj
αn Kn
2 i=1 j=1
n=1

 m
P
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s.t. βi , βj ∈ [0, c] , ∀i

N

P


αn = 1
 αn ≥ 0,

(4)

n=1

PN
where β is the Lagrange multiplier, and the combination kernel K = n=1 αn Kn
is used for the dual formulation. Supposing that β ∗ maximizes Eq.(4) and the
kernel matrix Kn is positive definite, the optimal value of the dual problem is
represented as
Q (α) =

m
X
i=1

βi ∗ −

m m
N
X
1 XX ∗ ∗
βi βj Ti Tj
αn Kn
2 i=1 j=1
n=1

(5)

The dual problem has strict concavity property due to the positive definite
Ki [1], which ensures the uniqueness of β ∗ . Assuming that the uniqueness of β ∗
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does not rely on α, then the objective function Q(α) is differentiable. Therefore,
the differentiation of Q(α) with respect to αn can be computed by
m

m

∂Q
1 XX ∗ ∗
=−
β β Ti Tj Kn
∂αn
2 i=1 j=1 i j

∀n

(6)

The iterative procedure of the SimpleMKL algorithm is terminated if the stopping criterion can be met. There are many criterions for stopping the iteration,
such as the duality gap, the KKT conditions and the variation of α. In the implementation of SimpleMKL, the duality gap is adopted as the stopping criterion,
which can be further converted to another formulation
max

m X
m
X

βi∗ βj∗ Ti Tj Kn −

i=1 j=1

m X
m
X

βi∗ βj∗ Ti Tj

i=1 j=1

N
X

∗
αn
Kn ≤ ε

(7)

n=1

where α∗ represents optimal primal variable. The proper weights of kernel functions can be obtained, and the primal multiple kernel learning problem can be
effectively solved. Since the convergence rate of the SimpleMKL algorithm is
faster than other multiple kernel learning methods, the proposed model is more
efficient.
2.4

Weak learning

In order to further improve the prediction accuracy over entire dataset, we employ the boosting algorithm in our model. Generally, each misclassified sample
is given the equal weight whether it is a majority class or a minority class. The
classification results will be skewed to the majority class if the skewed data distribution is not balanced. This problem can be avoided by using SMOTE in the
beginning of our model. The synthetic samples can balance the skewed distribution, which make the boosting procedure perform efficiently. The AdaBoost.M2
[4] is used in our work, which is given more expressive power.
In each round p, the weak learner computes a weak hypothesis hp on a
distribution Dp . Some rules need to be followed for obtaining the weak hypothesis
hp . If hp (Ii , Ti ) = 1 and hp (Ii , T ) = 0, the prediction of hp shows that the tag
of Ii is Ti , rather than other tags T . Otherwise, If hp (Ii , Ti ) = 0 and hp (Ii , T ) =
1, the results of prediction is opposite. One prediction of hp is chosen from
both if hp (Ii , Ti ) = hp (Ii , T ). Therefore, the pseudo-loss of hypothesis hp on
distribution Dp can be written as
εp =

1X
Dp (1 − hp (Ii , Ti ) + hp (Ii , T ))
2

(8)

The goal of boosting procedure is to obtain a weak hypothesis hp with low
pseudo-loss. For this goal, the normalization constant Zp is introduced, then the
distribution Dp can be updated as follows:
Dp+1 =

Dp χp /2
·γ
Zp p

(9)
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where γ can be calculated by γp = εp /(1 − εp ), and χp can be expressed as χp =
2 − (1 − hp (Ii , Ti ) + hp (Ii , T )). In the end, we can obtain the final hypothesis
hf by combining different hypotheses, which can be described as follows:
hf = arg max
P


P 
X
1
hp (I, T )
log
γp
p=1

(10)

The boosting algorithm can generate a powerful integration classifier based on
the simple classifier, which transforms the weak learner to strong learner.
2.5

Multiple Kernel Learning based on Weak Learner

The procedure of our proposed model is described in Algorithm 1. In order to
represent the visual content of images, we utilize the CNN to extract the image
features. Meanwhile, we take into account the problem of imbalance data. For
addressing this problem, the SMOTE is employed to generate new samples of
minority classes. Further, the multiple kernel learning model is used to train
the classifier, and then the boosting procedure is exploited for improving the
prediction accuracy over entire dataset. The iterative procedure is terminated
until the number of maximal iterations is reached.
Algorithm 1 Multiple Kernel Learning model based on Weak Learner
Input: Training set of image and tag features Itrain and Ttrain , Test set Itest , The
number of boosting iterations P
Output: The prediction tags Tpred
1: Generate the synthetic samples of minority classes using SMOTE Eq.(1)
2: Initialize distribution D
3: Initialize N basic kernel parameters and kernel types
4: for i = 0 → P do
5:
Train weak learner using SimpleMKL
6:
Calculate the weak hypothesis hp
7:
Obtain the pseudo-loss with Eq.(8)
8:
Set the value of γp and χp
9:
Update Dp+1 with Eq.(9)
10: end for
11: Obtain the final hypothesis hf with Eq.(10)
12: return the result of prediction Tpred

3

Experiments

In this section, we first introduce two benchmark datasets for the evaluation of
our method. Then, the feature extraction and the evaluation metric are described
in detail. Subsequently, the experimental results are shown.

8

3.1

H. Zhong et al.

Data sets

Two benchmark datasets are used for evaluating our proposed method. The brief
description of these datasets are listed below.
Corel 5K contains 4999 images and the manual image annotations, which is
widely used for image annotation and image retrieval task [16]. Each image is
annotated by an average of 3.5 tags, and all images cover 260 keywords. 4500
images are chosen as the training set, and the remained images are used for
testing.
IAPR TC-12 consists of 19627 images of natural scenes. Each image is described with several language. This data set was initially published for crosslingual retrieval [17]. There are 17665 images for training and 1962 images for
testing. The dictionary contains 291 keywords with an average of 5.7 keywords
per image.
3.2

Experimental settings

Feature extraction is an essential part of our framework. Here, VGG [5] is applied to extract image features, which is a popular method for image features
extracting. The extracted features by VGG have stronger expression capability than that extracted by conventional methods, such as SIFT and GIST. In
our experiments, each image is represented by a 4096-dimensional vector. For
reducing the feature dimension and enhancing the generalization ability, PCA is
employed in our experiment. A 128-dimensional vector is obtained to represent
image features in final.
In order to evaluate our method and compare with the previous works, we
employ the standard evaluation metrics similar to [15]. The precision P , recall R
and F 1 score of different methods are computed in the testing set. Additionally,
we compute the number of tags with non-zero recall value which is represented
as N +.
As part of our experiment, we need to set multiple basic kernel. Several
appropriate basic kernels are taken into account in our experiment, we exploit
the Gaussian kernel and the Polynomial kernel as our basic kernel. Furthermore,
these basic kernels are initialized to the same weight value. The weight values
can be optimized in the step of multiple kernel learning.
3.3

Results

We evaluate the performance of WLMKL and compare it with several stateof-the-art works on the Corel-5K and IAPR TC-12 datasets. Table 1 reports
the experimental results of our method and several previous works for automatic image annotation. The experimental results on two datasets are analyzed
respectively as follows.
Note that our method achieves the highest R value, F 1 value and N + value
on the Corel-5K dataset. The recall score is 30% higher than the state-of-the-art
works. This may be because we consider the problem of imbalance distribution of
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Table 1. The performance of our proposed method in terms of R (Recall), P (Precious),
F 1 and N + (The number of tags with non-zero recall value) compared with several
previous works on Corel-5K and IAPR TC-12 datasets.
Corel-5K

Method

IAPR TC-12

R

P

F1

N+

R

P

F1

N+

CRM [10]

19

16

17

107

-

-

-

-

MBRM [9]

25

24

24

122

23

24

23

223

JEC [6]

32

27

29

139

29

28

23

250

GS [18]

33

30

32

146

29

32

32

252

2PKNN [8]

40

39

39

177

32

49

39

274

Tagprop σML [7]

42

33

37

160

35

46

40

266

FastTag [21]

43

32

37

166

26

47

33

280

GLKNN [11]

47

36

41

184

36

41

38

282

KSVM-VT [15]

42

32

37

179

29

47

36

268

CCD [19]

41

36

38

159

29

44

35

251

LDMKL [24]

44

29

35

179

-

-

-

-

WLMKL

56

32

41

210

47

34

39

286

data, and our method can generate the synthetic samples of minority classes. For
the precision score, our method is comparable to other methods. In summary,
our method outperforms state-of-the-art works on the Corel-5K dataset.
Specifically, we observe that our method outperforms the generative models
[9, 10] over all evaluation metrics. This may be explained by that the generative
models pay more attention to a joint probability distribution over images and
tags rather than the internal correlations between images and tags. Our methods
is comparable with the nearest neighbor based methods [6–8, 11]. Although these
methods obtain higher precision, our method is superior to these methods in
terms of the recall, F 1 and N + value. We also compare our method with KSVMVT [15] which is the kernelized version of SVM with variable tolerance. The result
shows that our method achieves better performance than KSVM-VT on Corel5K dataset, which indicates our multiple kernel learning based model is more
effective than the single kernel based method for image annotation. Besides, we
compare our method with two multiple kernel models (CCD [19] and LDMKL
[24]). As the results shown in Table 1, our method is superior to CCD and
LDMKL in terms of the recall, F 1 and N + value, while is slightly worse than
CCD at the precision score. Our method achieves a better overall performance
than CCD and LDMKL, which proves the effectiveness of our multiple kernel
learning method.
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Fig. 2. The examples of image annotation by using WLMKL on Corel-5K dataset.
This figure displays the given test images, the human annotations and the automatic
annotations, respectively.

The comparison results on the IAPR TC-12 dataset are also displayed in
Table 1. Compared to several previous works, our proposed method obtains
better performance at the recall and N + value, and the F 1 score is slightly
worse than the best one [7]. It is comparable to other methods at the precision
of annotation. More specifically, we can observe that our method is superior to
generative models at the overall performance, such as MBRM [9] and GS [18].
Our method acquires the higher recall and N + values than the nearest neighbor
based methods [6–8, 11] and KSVM-VT [15], while being comparable at the
precision value and aligns with the best one in term of F 1 value. This may be
because our method lacks a stronger tolerance for misclassification. Compared
to CCD, the value of recall, F 1 and N + are higher, while it is comparable to
CCD in term of precision. The comparison results reveal that our method still
obtains the comparable performance to other method, which proves that our
proposed method is effective on IAPR TC-12 dataset.
Fig.2 shows several examples of automatic image annotation on the Corel5K dataset by using WLMKL. Different from the conventional methods, our
method can find different number of keywords for image annotation, rather than
a constant. The ground truth annotation and the prediction keywords of images
are illustrated respectively. The prediction results can indicate the effectiveness
of our method for image annotation.
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Conclusion

We presented a multiple kernel learning method based on weak learner to bridge
the semantic gap between images and tags for automatically image annotation.
In this work, we employ convolutional neural network to extract the semantic
content of image. In addition, an oversampling technique is applied to generate new samples of minority classes for addressing the imbalance problem of
image keywords. We combine the multiple kernel learning with the weak learner for learning the internal correlations between images and tags, which avoids
the selection of kernel function in the single kernel method and improves the
classification accuracy. The experiment results are reported on two benchmark
datasets, which demonstrate our method obtains the superior performance than
several state-of-the-art methods. In future work, we will optimize the multiple
kernel learning to improve the tolerance of misclassification of our method. Besides, we may extend our method from the classification model to the regression
model.
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