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A B S T R A C T

Image tag recommendation, aiming at assigning a set of relevant tags for images, is a useful way to help users
organize images’ content. Early methods in image tagging mainly demonstrated using low-level visual features.
However, two visually similar photos may have different concepts (semantic gap). Although different multi-view
tagging methods are proposed to learn the discriminative features, they usually do not consider the geograph-
ical correlation among images. Moreover, geographical-based image tagging models generally focused on the
relevance criterion, i.e., how well the suggested tags describe image content. Diversity and redundancy should
be controlled to guarantee the recommendation models’ effectiveness and promote complementary information
among tags. This paper proposes a robust multi-view image tagging method, termed MVDF-RSC, which considers
the relevance, diversity, and redundancy criteria. Precisely, the proposed method consists of two phases: training
and prediction. We propose a new robust optimization problem in the training phase to determine the similar-
ity between data via the early fusion of multiple views of images and obtain clusters. In the prediction phase,
relevant tags are recommended to each test data using a search-based method and a late fusion strategy. Com-
prehensive experiments on two geo-tagged image datasets demonstrate the proposed method’s effectiveness over
state-of-the-art alternatives.

© 2021

1. Introduction

Nowadays, digital cameras and Internet technologies have led to the
noticeable growth of applications and platforms for users to commu-
nicate with their peers and produce various contents- e.g., images or
video clips. Social contents generally have rich metadata like geospa-
tial information, tags, and visual features. Thanks to the improvement
of GPS-enabled devices and digital imaging technologies, among differ-
ent kinds of metadata going through social media websites, geographi-
cal information is of great interest. Geo-tagged contents provide an op-
portunity for researchers to propose different applications ranging from
traffic analysis (Jia, Khadka, & Kimc, 2018; Wang, Li, & Zhu,
2020) and itinerary recommender systems (Kou, Leong Hou, Yang,
& Gong, 2015; Cai, Lee, & Lee, 2018; Jiang, Yin, Wang, & Yu,
2013) to the point of interest (POI) discovery (Qian et al., 2020;
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Kuo, Chan, Fan, & Zipf, 2018; Xing, Meng, Hou, Song, & Xu,
2017). Also, spatial analysis has been employed in healthcare research
(Boulos, Peng, & VoPham, 2019; Soltanisehat, Alizadeh, Hao, &
Choo, 2020).

Recommender systems have been proposed to organize and manage
various multimedia content (Deldjoo, Schedl, Cremonesi, & Pasi,
2020; Logesh, Subramaniyaswamy, Malathi, Sivaramakrishnan,
& Vijayakumar, 2020). They attempt to recommend items of differ-
ent media types, such as text and image. Due to the dramatic growth
of digital photos, image tag recommendation methods are proposed to
assign relevant tags to the images and help users organize and index
photos’ content (Lei, Liu, & Li, 2016; Nwana & Chen, 2017; Li,
Shi, Du, Liu, & Wen, 2016). Early image tagging methods provided
a model that utilizes low-level visual features, such as color, shape, and
texture, in order to determine suitable tags. However, there is a chal-
lenge, semantic gap between low-level visual features and high-level
concepts. For instance, these models cannot distinguish between “sky”
and “water” due to the similar texture and color features. Multi-view
data fusion techniques have attracted vast attention in image tagging
over recent decades to bridge the semantic gap (Rad & Jamzad, 2017;
Rad & Jamzad, 2015; Kalayeh, Idrees, & Shah, 2014; Xue, Li,
& Huang, 2018). Multi-view data fusion can be defined as combin-
ing various views to accomplish different multimedia data mining tasks
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(Atrey, Hossain, Saddik, & Kankanhalli, 2010). These models gen-
erally focus on multiple low-level visual features and learning textual
feature space and visual feature space without considering geograph-
ical information, in which a few tags can be well recommended in
real-world applications. There are essential tags in social datasets, also
called indirectly content-related tags (Lei et al., 2016), which indi-
rectly describe images’ content. For example, the tag “Mexico” in Fig.
1 represents an image taken in Mexico City, while it is difficult to un-
derstand such tags from the low-level visual features of the images.
It is believed that geospatial information (i.e., latitude and longitude)
of photos is tied to the images’ contents intimately (Lee, Won, &
McLeod, 2008; Toyama, Logan, & Roseway, 2003). Knowing that
an image was taken in Disneyland, for example, gives a lot of infor-
mation about the image before viewing a single pixel of it. Most of
the previous image tagging methods assumed that images are indepen-
dently and identically distributed, and it is not useful to capture the

Fig. 1. An example image from Flickr website with its corresponding tags.

geospatial information correlation. However, this approach is insuffi-
cient for real-world data where there are indirectly content-related tags.
Different image tagging methods have been proposed that employ the
correspondence between visual features of each image and its geospa-
tial information (Zheng, Caiming, & Caixian, 2018; Zhang, Zhao,
Zhang, Wang, & Li, 2018; Qian, Liu, Zheng, Du, & Hou, 2013;
Liu, Li, Tang, Jiang, & Lu, 2014; Zamiri & Yazdi, 2020). How-
ever, these geo-based image tagging models generally focused on the
relevance criterion of the recommended tags. In image tagging, this cri-
terion refers to how well the suggested tags describe the target image’s
content. Nevertheless, the relevance criterion only may not guarantee
the effectiveness of recommendation models. For example, consider a
list of candidate tags to a specific image, in which all candidates may
describe the content of that image, but all of them are synonyms or re-
dundant. In multimedia, where images may be multifaceted, providing
a tag recommendation model that controls diversity and redundancy, as
well as relevance criterion, may promote more complementary informa-
tion across different views, helping to cover various aspects related to
target image and, finally, enhancing the performance of tagging method.
Also, most of the prior geo-based image tagging methods are not suffi-
cient for multimedia datasets generated by users and may contain noise.
Although we proposed a robust multi-view model for image tagging in
(Zamiri & Yazdi, 2020), there is still much room for improvement.
First, this graph-based model considers only the relevance criterion. Sec-
ond, it conducts graph learning and clustering step separately. It does
not consider the graph’s quality since it does not pay attention to the
fact that the fusion graph should have exact k – the number of clusters –
connected components. Thus, this graph might lead to suboptimal clus-
tering results.

This paper puts forward a graph-based multi-view model for the im-
age tagging problem by learning a robust fusion similarity graph of
different views. The proposed method considers relevance, diversity,
and redundancy for fusion graph learning and simultaneously performs
graph fusion and spectral clustering. Fig. 2 shows a schematic illustra-
tion of the proposed method. The contributions of this paper can be sum-
marized as follows:

Fig. 2. Schematic illustration of the proposed image tagging method.
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• We propose a novel multi-view robust spectral clustering method
based on the maximum correntropy criterion (MCC) to determine the
relationships between the training images and their corresponding
concepts. This clustering method takes a new similarity measurement
to integrate visual, textual, and geographical views of images.

• We use a diversity regularization term to learn the weights of various
views adaptively. This regularization term is useful for enhancing di-
versity and suppressing the redundancy of different views.

• Our model finds clusters in the fusion step with no additional cluster-
ing step to promote the similarity graph learning.

• An effective fusion technique with early and late fusion is provided in
the training and prediction phases respectively.

• Geographical information is employed to enhance the performance of
the tagging model.

The rest of this paper is organized as follows. In section 2, we review
the related work on image tagging, multi-view clustering techniques,
and maximum correntropy criterion. Section 3 represents the proposed
method. Experimental results and evaluations are shown in section 4.
Conclusions are given in section 5.

2. Related work

In this section, we review the existing image tagging models,
multi-view clustering methods, and maximum correntropy criterion.

2.1. Image tagging methods

In general, image tagging methods can be classified into three cat-
egories: (1) generative methods, (2) discriminative methods, and (3)
search-based models. The first group tries to maximize the likelihood of
features and tags and estimate the distribution parameters from train-
ing datasets. The generative tagging methods can be divided into three
types, relevance model, topic model, and hidden Markov model. The rel-
evance models generate a joint distribution over image features and tags
and then try to compute each tag’s posterior probability for test images.
It then chooses a tag with the highest probability of a new image. Vari-
ous relevance methods have been proposed for tagging tasks (Valcarce,
Parapar, & Barreiro, 2018; Parapar, Bellogin, Castells, & Bar-
reiro, 2013), including multiple Bernoulli relevance models (MBRM)
(Feng, Manmatha, & Lavrenko, 2004) and Cross-Media Relevance
Models (CMRM) (Jeon, Lavrenko, & Manmatha, 2003). The topic
methods explore topics from tagged images, probability distributions
over annotation tags and image features. Topic models typically con-
sist of the latent semantic analysis (LSA) (Zhang et al., 2018), la-
tent Dirichlet allocation (LDA), and probabilistic latent semantic analy-
sis (pLSA). Approaches, such as LDA and pLSA, utilize the topic concept
to handle the joint modeling of content and visual information(Zheng
et al., 2018; Zhang, Zhang, Wang, & Guan, 2011; Putthividhy,
Attias, & Nagarajan, 2010). Non-negative matrix factorization mod-
els fall into this group, like (Rad & Jamzad, 2015; Rad & Jamzad,
2017). The Hidden Markov model (HMM) is much popular in the tag-
ging field (Yu & Ip, 2006; Ghoshal, Ircing, & Khudanpur, 2005;
Zhao, Zhao, & Zhu, 2009).

The second group learns a classifier for each tag and determines the
class of each input image. This classifier is learned based on different
learning methods, for instance, Neural Networks (NN) (Hu, tong Zhou,
Deng, Liao, & Mori, 2016; Savita, Patel, & Sinhal, 2013; Wang,
Xie, Xue, & Zhang, 2017) or Support Vector Machine (SVM) (Verma
& Jawahar, 2013). In recent years, many graph-based strategies that
model data as a graph are provided (Amiri & Jamzad, 2018; Zhao,
Chow, Zhang, & Li, 2015; Tian, Wang, Li, & Sun, 2019).

Like k-nearest neighbor, the search-based models retrieve relevant
tags for each input query sample based on the tags of similar data

(Makadia, Pavlovic, & Kumar, 2008). Some papers provide a dis-
tance metric learning (DML) scheme to compute the distance of fea-
tures (Bar-Hillel, Hertz, Shental, & Weinshall, 2005; Weinberger
& Saul, 2009; Xing, Ng, Jordan, & Russell, 2003).

Many papers have proposed a hybrid model that utilizes the advan-
tages of more than one group (Altan & Karasu, 2020). Kalayeh et
al. proposed the NMF-KNN method to solve a continuous increase in
data and tags. It has been specifically learned a model for each image
(Kalayeh et al., 2014). Image annotation using a generative model
and a search-based algorithm is considered by (Rad & Jamzad, 2015).
This method extracts the latent factors and represents data to low-rank
latent factors space using NMF. It predicts tags using a search-based
method in this space. They also proposed an annotation method, a hy-
brid model of generative and nearest neighbor-based methods (Rad &
Jamzad, 2017). Their model finds a latent space by NMF and allows it
to choose its number of basis factors for each view. Finally, a weighted
nearest neighbor based on a unified distance matrix is applied to predict
their tags for the query images. Li et al. provided a hybrid method that
utilizes a probabilistic latent semantic analysis (PLSA) in the generative
learning phase and an ensemble of classifiers to classify multi-label data
in the discriminative learning stage (Li, Shi, Zhao, Li, & Tang, 2013).
Murthy et al. introduced a hybrid method combining generative and dis-
criminative models for image annotation (Murthy, Can, & Manmatha,
2014). Their method uses SVM to address the problem of irrelevant key-
words. Also, a discrete multiple Bernoulli relevance model (DMBRM) is
used to address imbalanced data.

Similar to (Zamiri & Yazdi, 2020), we propose a hybrid model
that uses the discriminative and search-based models for image tagging.
Nowadays, optimization problems play a pivotal role in different appli-
cations, like (Karasu, Altan, Bekiros, & Ahmad, 2020). We employ
multiple views (i.e., visual, textual, and geographical features) in vari-
ous matrices and propose an optimization problem based on the MCC
to find the optimal fusion graph and clusters simultaneously. We add
a diversity regularization term to the optimization problem of (Zamiri
& Yazdi, 2020) and a rank constraint to reach an ideal fusion similar-
ity graph. Then, we determine the landmarks, the most repetitive tags,
for each cluster. Finally, a few tags are suggested to test data using a
search-based model and late information fusion strategy.

2.2. Multi-view clustering methods

Thanks to technology development, data can be collected from dif-
ferent sources or described via various feature extraction techniques.
According to the complementary information, each view of features
might contain helpful knowledge about data that other views do not
have. Therefore, multi-view clustering models have attracted a lot of
attention over recent decades for exploiting complementary informa-
tion across different views. Multi-view graph-based clustering methods
try to construct a fusion graph across available views and employ dif-
ferent algorithms (e.g., spectral clustering) to cut this fusion graph in
order to find the clusters (Cai, Nie, Huang, & Kamangar, 2011;
Nie, Cai, Li, & Li, 2018; Nie, Li, & Li, 2016; Nie, Tian, & Li,
2018; Kang et al., 2020; Hu et al., 2020; Cao, Zhang, Fu, Liu, &
Zhang, 2015; Zhang, Fu, Liu, Liu, & Cao, 2015; Tang et al., 2019;
Wang, Yang, & Liu, 2019). The main point of using graph-based
knowledge for dealing with multi-view data is to reasonably fuse the
different representations and find the most consistent manifold struc-
ture with data distributions. Cai et al. proposed a multi-modal spectral
clustering algorithm (MMSC), which calculates different similarity ma-
trices for different modals and then learns a commonly shared Lapla-
cian matrix by integrating different modalities (Cai et al., 2011). Nie
et al. provided an efficient algorithm that performs clustering and lo-
cal structure learning simultaneously (Nie et al., 2018). Their con-
structed graph can be clustered into specific partitions directly, and the
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algorithm allocates ideal weight for each view automatically. Nie et
al. also deployed a multi-view model (AMGL), which first constructs
the Laplacian matrix for each view (Nie et al., 2016). It then learns
an optimal weight for each view automatically and computes the in-
dicator matrix iteratively based on these weights. Moreover, they pro-
posed a multi-view extension of the spectral rotation model in (Nie et
al., 2018). Kang et al. provided a new multi-graph fusion method for
multi-view spectral clustering (GFSC) to carefully consider the flexible
local manifold structure of various views and maintain an explicit clus-
ter structure (Kang et al., 2020). Tang et al. used the low-rank repre-
sentation (LRR) model to learn a unified similarity graph for multi-view
clustering (Tang et al., 2019). They designed a diversity regulariza-
tion term to learn optimal weights for various views. This term is useful
to exploit diversity and reduce the redundancy among different views.
Wang et al. proposed a novel graph-based learning method (GMC),
in which the similarity graph of each view and the fusion graph are
jointly constructed to help each other in a mutual reinforcement manner
(Wang et al., 2019).

Although prior multi-view graph-based clustering models have at-
tained significant progress, there are still some limitations. First, most
of the existing methods construct a subspace representation for each
view, and then the average of these representations is used to find the
final clustering result (Cao et al., 2015; Zhang et al., 2015). This
approach cannot capture the different contributions of views since it
ignores the complementary information across different views. Second,
most previous models learn the similarity graph of each view in isola-
tion and keep the learned graph fixed during the fusion step (Nie et al.,
2016; Hu et al., 2020). Third, many current methods carry out graph
learning and clustering steps separately (Hu et al., 2020; Nie et al.,
2016; Cai et al., 2011; Zamiri & Yazdi, 2020). These models do
not consider the graphs’ quality since they ignore that the fusion graph
should have exact k connected components. Furthermore, some methods
deal with multiple views indiscriminately (Cao et al., 2015; Zhang et
al., 2015). They do not consider the redundancy and diversity among
various views. However, the redundancy between similar views should
be reduced efficiently while the diversity among views should be appro-
priately enhanced. Moreover, random noises and outliers frequently ex-
ist in real-world data, which degenerate the similarity graph’s quality
and clustering performance of many current models.

To overcome the aforementioned limitations, we propose a novel
multi-view data fusion model using robust spectral clustering, denoted
by MVDF-RSC. Our model handles the contributions of different views
by automatically generated weights. Also, we learn a fusion similarity
graph of various views rather than averaging individual graphs of views
constructed in isolation. The cluster number known in advance is uti-
lized for regularizing the fusion similarity graph learning. Therefore, our
method does not require an additional clustering step for finding the fi-
nal clusters. Moreover, we use a diversity regularization term to learn
the weights of different views adaptively, which is useful for improv-
ing the diversity and suppressing the redundancy among different views.
Furthermore, the proposed method is robust against large outliers and
noises by providing a MCC-based framework to employ the information
in the data efficiently. To the best of our knowledge, no existing method
addresses all these five limitations simultaneously. In this paper, we ad-
dress all these limitations and provide our problem using a robust fu-
sion framework. The proposed method’s superiority over state-of-the-art
models is validated comprehensively by performing experiments on two
multi-view datasets.

2.3. Maximum correntropy criterion

The mean square error (MSE) is the popular methodology for mea-
suring how similar two arbitrary random variables are (AAltan &
Karasultan & Karasu, 2019). However, its good performance is re

liant on the Gaussianity assumption. The concept of correntropy is
proposed (Liu, Pokharel, & Principe, 2007) in ITL to deal with
non-Gaussian noises and large outliers. It has been widely applied to
many areas, like signal processing (Chen, Xing, Zhao, Zheng, &
Principe, 2016; Chen, Xing, Liang, Zheng, & Principe, 2014)
and computer vision (Zhou, Xu, Cheng, Yuan, & Chen, 2019; He,
Zheng, & Hu, 2011). Correntropy of two random variables X and Y
measures how they are similar to each other and is defined as follows:

(1)
where denotes the mathematical expectation, and is the kernel
function. In practice, since the joint probability density function is usu-
ally unknown, for a finite number of data , the correntropy in
Eq. (1) can be approximated as follows:

(2)

where is the Gaussian kernel with the scal-
ing factor . The maximum of Eq. (2) is called the maximum corren-
tropy criterion (MCC) and has been successfully used in different adap-
tive algorithms robust to large outliers.

3. The proposed MVDF-RSC method

In this section, we propose the MVDF-RSC model in more detail. Gen-
erally, there are two types of fusion techniques: early fusion and late fu-
sion.

On the one hand, early fusion methods fuse the features obtained
from different views, such as textual features, visual features, etc., as the
main feature vector and then analyze these fused feature vectors. Early
fusion models’ merit is that the correlation between different views at
an early step can provide better task accomplishment.

On the other hand, late fusion models examine and classify each
view’s features independently, and then the results are fused as a deci-
sion vector for obtaining the final decision. The fusion of various deci-
sions obtained from different views is easier than the early fusion ap-
proach because the output decisions resulting from various views have
the same data form.

The proposed method is a hybrid fusion model that uses both early
and late fusion strategies to exploit the merits of both of them. As
shown in Fig. (2), the proposed method consists of two phases: (1)
training phase and (2) prediction phase. In the training phase, features
are firstly extracted using different feature extraction techniques. Then,
we find the clusters using a new robust multi-view graph-based cluster-
ing method and early fusion strategy. Subsequently, landmarks are ex-
tracted for each cluster. A few tags are suggested to test data according
to the model and late fusion strategy in the prediction phase. Now, let
us introduce the proposed model in more detail.

We introduce all notational conventions employed throughout the
paper in Table 1. Let assume that there are training images. In-
put images are illustrated with different feature vectors, i.e., geographi-
cal, visual, and textual. Therefore, we have three input matrices for geo

Table 1
Notation.

Symbol Description

The column vector of matrix
The element of the matrix
The trace of the matrix
The -norm of the vector
The transpose of the matrix
The Identity matrix
A column vector with all elements one
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graphical, visual, and textual views. Let denotes the input
feature matrix of view, . denotes the dimension of
view. For example, in the geographical view, the latitude and longitude
of images are employed, so the geographical view dimension is equal to
2. Matrices and vectors are shown in boldface capital letters and bold-
face lowercase letters respectively. Also, scalars are depicted in lower-
case letters.

Given training image data for , fully-connected
graph shared by different views is constructed by solving
the following MCC-based optimization problem:

(3)

where and are the column vector of the coefficient matrix
shared by different views and the scaling factor for view respec-

tively. The error for each data sample i and view , is defined as fol-
lows:

(4)

where is a diagonal matrix having normalized distances be-
tween the training data and others based on view on the diagonal,
and is defined as follows:

(5)

where denotes the column of matrix . Since different views may
have different scales, we normalize each row of input matrices to
have a unit norm of -norm. For example, shows the distance
between two arbitrary normalized vectors and . To be specific, the
column vector of the similarity matrix in Eq. (3) is constructed by
the representation learning model. The representation learning model
assumes that each data sample can be reconstructed via a linear com-
bination of other instances, and the reconstruction coefficients, ,
show the similarity between samples.

Maximum correntropy is used in Eq. (3) for robustness to large out-
liers in input data. However, Eq. (3) does not consider the redundancy
and diversity among various views. The diversity needs to be efficiently
exploited, while the redundancy should be reduced to enhance the clus-
tering results. In this regard, we employ a diversity regularization term
like the method proposed by (Tang et al., 2019). Let
denotes the probability transition matrix for the view corresponding
to a random walk defined on it. We have where is the
similarity matrix of data for view and is a diagonal degree ma-
trix - . has the information of views,
and the similarity between two probability transition matrices and

shows the similarity between the and views. If the corre-
sponding column/rows of two matrices and are highly related,
they will be similar to each other, and the inner product of the col-
umn/row vectors of them will be large. Thus, the sum of all inner prod-
uct values, , should be assigned a larger value. As a result,
the symmetry matrix measures the similarity between various
views, in which the similarity between and views is obtained as

. If two views are similar, their corresponding el-
ement of the matrix will be a large value. Since the scaling factor

indicates the significance of different views for the correntropy
function in Eq. (3), we define a diversity regularization term as follows:

(6)

where is a vector in which all elements are 1. In Eq. (6), when
and views are similar, is large, then their corresponding -s

(i.e., and ) would not be large simultaneously. Therefore, the scal-
ing factors of the correntropy function control diversity as well as redun-
dancy among different views. Now, we extend Eq. (3) using Eq. (6) to
formulate the proposed method as:

(7)

Remark 1 According to Eq. (7), the first term considers the relevance
criterion of views to find the optimal . The optimal scaling factors

are determined using the second term. The parameters
control the error distribution of data. In other words, a larger leads to
a smaller . As a result, acts as an error distribution controller,
reducing redundancy and exploiting diversity among various views.

The ideal solution of the problem (7) is that the data should have
exact k connected components, aiming to cluster the data into k clus-
ters. However, the current solution cannot usually reach the ideal condi-
tion. This goal can be fulfilled by introducing a rank constraint inspired
by the following important property of the Laplacian matrix (Mohar,
Alavi, Chartrand, Oellermann, & Schwenk, 1991):

Theorem 1 The multiplicity k of the zero eigenvalues of the Laplacian
matrix is equal to the connected components in the graph with the simi-
larity matrix .

According to Theorem 1, if , then the correspond-
ing similarity matrix is our ideal matrix based on which the data are
clustered into k partitions directly. Hence, there is no need to apply an
additional clustering algorithm on the fusion similarity matrix to find
the final clusters. By adding a rank constraint into Eq. (7), we formulate
our multi-view clustering model as:

(8)

It is hard to solve Eq. (8) since is nonlinear and
the Laplacian matrix depends on the variable .

Let denotes the eigenvalue of the Laplacian matrix . It is
noted that because is a positive semi-def-
inite matrix. Then, the constraint can be approxi-
mately reached if . So, can be minimized in-
stead to achieve our goal. We can write a following objective function
based on Ky Fan’s theorem (Fan, 1949):

(9)

where is the cluster indicator matrix. Now, by plugging Eq.
(9) into Eq. (8), our final objective function can be formulated as:

(10)
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We write below equation based on the conjugate function theory
(Boyd & Vandenberghe, 2004):

(11)

where is a convex function (see
A). Then, the Eq. (10) can be rewritten as:

(12)

The second equation in the Eq. (12) establishes because
, ( ) are independent functions in terms

of . Also, the third equation in the Eq. (12) establishes since
and are constant with respect to . Using Eq. (12), Eq.
(10) is equivalent to:

The variables in Eq. (13) are coupled to each other; therefore, solv-
ing it to find an optimal solution for every variable at once is difficult.
So, we should solve it iteratively, in which each of the parameters is al-
ternately updated while keeping others as constant values.

W-subproblem: By omitting irrelevant variables, the variable can
be obtained by solving the following problem:

(14)

By defining , Eq. (14) becomes

(15)

For solving subproblem (15), we use below equality:

(16)

and we define , which its entry is . Then,
Eq. (15) can be rewritten as

(17)

Eq. (17) is a standard quadratic programming problem with both
equality and inequality constraints. We can solve it using the MATLAB
toolbox easily.

p-subproblem: We update and fix the other variables, and our op-
timization problem (13) becomes

(18)

By taking the derivative of Eq. (18) with respect to and setting it
to zero

(19)

-subproblem: To update variable , we should solve the following
problem:

(20)

By replacing instead of :

(21)

We can rewrite Eq. (21) as the following form:

(22)

Eq. (22) is also a standard quadratic programming problem with
equality constraint and can be solved using the MATLAB toolbox.

F-subproblem: We update by solving the following problem:

(23)

The optimal can be obtained by k eigenvectors of the Laplacian
matrix corresponding to the k smallest eigenvalues. The similarity
graph learning steps are summarized in Algorithm 1.

Algorithm 1. Similarity Graph Learning

Require: Data for views with , parameters and
Ensure: Similarity matrix ,
Initialize: , random matrix , random vector ;
for to do
Update by solving Eq. (17) ;
Symmetrize similarity matrix ;
Update according to Eq. (19) ;
Update by solving Eq. (22), ;
Update by solving Eq. (23).

end for

3.1. Landmark extraction via MVDF-RSC Algorithm

Spectral clustering is a well-known clustering method, which deter-
mines the clusters based on graph partitioning (Luxburg, 2007; Bao,
Guo, & Chai, 2009; Shi & Malik, 2000). According to Eq. (17), the
constructed similarity matrix is an asymmetric graph. The below equa-
tion is exploited to symmetrize it (Elhamifar & Vidal, 2011):

(24)

Fig. (3) depicts an example of a similarity matrix constructed
through an optimization problem step with fusing geo-tags, visual and
textual features and representing the edges’ weights. For instance,
will be greater than because of the similarity of visual and textual
features between images 1 and 5.

Next, according to the above-constructed similarity matrix ( )
obtained by using the fusion of different views, the landmarks will be
extracted for each cluster. Landmarks are the most repetitive tags in
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Fig. 3. An overview of the similarity matrix construction.

each cluster. For each cluster, we rank and obtain the landmarks which
have the most repetition times.

3.2. Prediction phase: assigning relevant tags to test data

In this phase, the proposed method assigns suitable tags based on a
late fusion approach for each unknown test sample. According to Fig.
(2), different strategies are implemented to find suitable tags. Euclidean
distance is applied to measure the distance between clusters’ centers and
test data.

• Geographical strategy: In this way, the geographical features of test
data are compared with the clusters’ centers’ geographical features.
Then, the selected landmarks of the nearest cluster are assigned to it.

• Visual strategy: In this approach, the visual distance between test data
and clusters’ centers is calculated, and the selected landmarks of the
nearest cluster are assigned to test data.

• Geo-Visual strategy: With concatenating the geographical and visual
features, a new vector for each test data and clusters’ centers is con-
structed. Then, we compute the distance of two constructed vectors
and assign the selected landmarks of the most similar cluster.

• Late fusion strategy: According to the above strategies and their rec-
ommended tags, a popular fusion method is used.
Majority vote (Lam & Suen, 1997; Alizadeh et al., 2019): we as-
sume that each above strategy outputs the nearest cluster’s tags. In
the majority vote, the “ ” tags with the highest vote from all strategies
are declared the final recommendation.

The proposed tag recommendation method is summarized in Algo-
rithm 2.

Algorithm 2. Image Tagging using MVDF-RSC

Require: Training data for views with , test data
, and are the number of test data and suggested tags respectively.

Ensure: “ ” candidate tags for each test image.
Step 1: Construct similarity graph and find clusters using Algorithm 1;
for to do
Step 2: Extract representative concepts (landmarks) of cluster( ) according to Sec-

tion (3.1);
end for
for to do
Step 3: Compute the distance of and clusters’ centers according to distances

defined in Section (3.2);

Step 4: Assign “ ” representative concepts of the closest cluster to based on the
late fusion strategy in the Section (3.2);
end for

3.3. Computational complexity analysis

In Algorithm 2, there are four steps, which its main computational
complexity is in step 1 related to the similarity graph construction us-
ing Algorithm 1. In Algorithm 1, the computational complexity in solv-
ing Eq. (13) consists of four subproblems, i.e., solving , and
. The main complexity for updating and are O( ) and O(
) respectively. The complexity of solving -subproblem is O( ). Up-
dating requires calculating the Eigen-decomposition of the Laplacian
matrix , which costs O( ). Totally, the computational complexity of
Algorithm (1) is O(maxIter( )).

3.4. Convergence analysis

Finding a globally optimal solution for our optimization problem in
Eq. (13) is still an open problem because Eq. (13) is not a joint convex
problem of all variables. We solve this equation using an alternating al-
gorithm, in which each subproblem is convex, and the convergence of
each subproblem can be theoretically guaranteed. In the following, we
show the convergence of each subproblem.

W-subproblem: Solving is a standard quadratic programming
problem. Therefore, it has a closed-form solution.

p-subproblem: The maximization objective function in Eq. (18) is a
concave function since the second-order derivative of it with respect to

is (negative value). Hence, the minimization of this objec-
tive function is a convex function and decreases monotonically.

-subproblem: The optimization problem for updating is also a qua-
dratic programming problem, and it has a closed-form solution.

F-subproblem: The Hessian matrix of Eq. (23) is:

(25)

since the Laplacian matrix is positive semi-definite, the Hessian ma-
trix is also positive semi-definite. Therefore, Eq. (23) is a convex func-
tion with respect to .

4. Experimental result

Extensive experiments are carried out on two geo-tagged image
datasets to evaluate the proposed method’s effectiveness.
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4.1. Datasets

In this paper, experiments are carried out over two geo-tagged image
datasets, i.e., Flickr4 and 500PX.5 They contain 7,000 geo-tagged images
collected by the students of the Pattern Recognition Laboratory of the
Ferdowsi University of Mashhad. Flickr and 500PX images have six and
eight tags on average respectively. Images were uploaded by users pub-
licly. Example images of these datasets and their tags are shown in Fig.
4. Table 2 provides useful information about them.

4.2. Feature extraction phase

In this section, we elaborate on the feature extraction of datasets in
more detail.

4.2.1. Visual feature extraction using convolutional neural network (CNN)
We employ the AlexNet model (Krizhevsky, Sutskever, & Hinton,

2012) trained on the ImageNet dataset (Deng et al., 2009) to extract
visual features of images. In this way, for each image, a front-end com-
putation is implemented, and the output of fully connected 7 (fc7) in
layer 18 is extracted as visual features.

4.2.2. Textual feature extraction using term frequency-inverse document
frequency (TF-IDF)

To extract textual features, we use the TF-IDF method (Salton &
Buckley, 1988). TF-IDF is a popular numerical statistic method in In-
formation Retrieval (IR) and Natural Language Processing (NLP), which
indicates the importance of a word in a document and is calculated as
follows:

(26)

where and N represent the number of occurrences of tag in
tags of image, the number of images that contain tag and total
number of images respectively.

4.2.3. Geographical feature extraction
From photo-sharing websites (i.e., http://www.Flickr.com and

http://www.500px.com), we gathered geo-tagged images with latitude
and longitude information, and we use them as useful information about
the content of images.

4.3. Evaluation criteria

Standard metrics in information retrieval (i.e., Average-Precision
(APR), Average-Recall (ARC) and F-measure (F1)) are utilized to evalu-
ate the performance of the proposed method and compare it with differ-
ent baseline algorithms:

(27)

where denotes the number of test images, is the set of top-K tags
returned by the method, and GT denotes the ground-truth tags.

4 http://www.Flickr.com.
5 http://www.500px.com.

4.4. Comparison algorithms

We evaluate the effectiveness of the proposed MVDF-RSC with both
single-view and multi-view clustering methods.

• Spectral Clustering (SC) (Shi & Malik, 2000): We use conventional
spectral clustering as a baseline model. SC(geo), SC(visual), and
SC(CF) represent the implementation of SC on geo feature matrix, vi-
sual feature matrix, and concatenated features (CF) of all views re-
spectively.

• K-means clustering (KM): We carry out k-means on the concatenated
features. It is assumed that visual, textual, and geographical views
have the same contributions to the clustering task.

• Auto-weighted multiple graph learning (AMGL) (Nie et al., 2016):
This method learns a similarity graph via an adaptive neighbors strat-
egy.

• Multi-view learning with adaptive neighbors (MLAN) (Nie et al.,
2018): This SC-based method conducts clustering and local structure
learning simultaneously.

• Multi-modal spectral clustering (MMSC) (Cai et al., 2011): It pro-
poses a novel multi-modal spectral clustering to construct a commonly
shared similarity matrix by integrating different image modals.

• Multi-view clustering via adaptively weighted procrustes (AWP) (Nie
et al., 2018): It provides a new multi-view extension of the spectral
rotation model that tries to find an indicator matrix from k spectral
embeddings.

• Multi-graph fusion for multi-view spectral clustering (GFSC) (Kang et
al., 2020): This method simultaneously conducts graph fusion and
spectral clustering.

• The method in (Tang et al., 2019): It employed a low-rank repre-
sentation model and a diversity regularization term to learn a fusion
similarity graph for multi-view subspace clustering.

• GMC (Wang et al., 2019): This method proposed a new learning
model, in which graph matrix construction of each view and fusion
graph learning help each other in a mutual reinforcement manner.

• MVRSC (Zamiri & Yazdi, 2020): This method provided a robust
multi-view graph-based clustering model via MCC-framework. Unlike
our method, there is no diversity regularization term and a rank con-
straint to directly cluster data into k partitions.

Moreover, to evaluate the three views’ influences on image tagging,
we implement six scenarios and compare their performances. These sce-
narios are:

• OG: In this scenario, we assume that only the images’ geograph-
ical view is available. So, we run the MVDF-RSC algorithm using
geo-tags and recommend tags to test data based on their locations (

).
• OV: In this case, we assume that only visual features are available and

implement the proposed model using visual view ( ).
• OGV: In this scenario, we employ both geographical and visual views

to find the training phase’s fusion similarity matrix. In the prediction
phase, it employs the late fusion strategy to suggest relevant tags to
test data ( ).

• OGT: In this case, we construct the fusion similarity matrix based
on the geographical and textual view in the training phase (

). Then, relevant tags are recommended based
on the geographical strategy in Section (3.2).

• OVT: Visual and textual views are employed to construct the fusion
graph ( ). In the prediction phase, suitable tags are
recommended based on the visual strategy in Section (3.2).

http://www.flickr.com/
http://www.500px.com/
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Fig. 4. Example images of Flickr (first row) and 500PX (second row) with their corresponding tags.

Table 2
Information about Flickr and 500PX datasets (#Feature).

#View Flickr 500PX

1 Geographical (2) Geographical (2)
2 Visual (4096) Visual (4096)
3 Textual (150) Textual (117)
#Total image 7000 7000
#Training image (75%) 5250 5250
#Test image (25%) 1750 1750
#Tags per image (on average) 6 8
#Tags 150 117

• GTV (our proposed method): In this scenario, we construct the fusion
graph by integrating visual, textual, and geographical views in the
training phase. Then, tags are suggested based on the late fusion strat-
egy.

4.5. Parameter setting

Note that GFSC, MLAN, MMSC, GMC, the method in (Tang et al.,
2019), and MVRSC use the raw data matrices as input, while AMGL
and AWP require the similarity matrices to serve as input. The simi-
larity matrices in AMGL and AWP methods are constructed using the
same method with fixed parameters adopted by their authors. The im-
plementation of all the comparison algorithms is publicly available. We
tune their parameters by following the parameter settings in their pa-
pers for a fair comparison and reporting the results. There are two
parameters and and require to be set properly in the proposed
method. We set their values by performing a grid search method on a

random subset of training data with samples for training and eval-
uation. We find the optimal value of them by minimizing the average
error of all views. The Average-Error is defined as follows:

(28)

where denotes the number of available views. We report the parame-
ter effect on the Flickr and 500PX datasets in Fig. 5. It is clear that the
optimal and are and for the Flickr and 500PX
respectively.

4.6. Comparison results and analysis

In this section, we evaluate the effectiveness of the proposed method
by performing extensive experiments on two geo-tagged datasets. First,
we run the proposed algorithm with various scenarios explained in
Section (4.4). Second, we compare the MVDF-RSC with other
state-of-the-art multi-view graph-based clustering algorithms. Third, we
examine the performance of different strategies used in the prediction
phase. Moreover, we show the superiority of our algorithm by providing
various figures.

The performance of the six scenarios is compared in Table 3. The
GTV scenario outperforms other modalities, which confirms that fusing
geographical, visual, and textual views in both training and prediction
phases helps image tagging tasks. Also, comparing multi-view scenar-
ios (i.e., OGT, OGV, OVT, GTV) with single-view scenarios (i.e., OG and
OV), it is obvious that multi-view scenarios show better performance
than single-view ones. The OGV achieves better performance than OVT
and OGT since this model uses both early and late fusion strategies
based on visual and geographical views in the training and prediction

Fig. 5. Average-Error with the variation of and on the Flickr and 500PX datasets.
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Table 3
Recall, Precision, and F1 for different scenarios on the Flickr and 500PX datasets (%).

Flickr 500PX

Method APR ARC F1 APR ARC F1

OG 17.51 20.35 18.82 13.82 16.22 14.92
OV 19.48 24.51 21.71 16.75 18.11 17.40
OGT 22.61 27.81 24.94 16.73 18.82 17.71
OGV 43.53 43.81 43.67 31.53 35.40 33.35
OVT 23.62 28.21 25.71 19.26 20.91 20.05
GTV 49.69 50.84 50.26 32.07 36.14 33.98

phases. However, OVT and OGT scenarios employ only early fusion
techniques in their training phase.

Table 4 compares the performance of image tagging with different
multi-view clustering methods and the proposed MVDF-RSC on Flickr
and 500PX datasets, in which the best results are marked in boldface.
We can draw several conclusions as:

• The performance of conventional SC on different views is compared
and each view produces a unique result. This comparison confirms the
heterogeneity of visual and geographical views. As a result, it is nec-
essary to distinguish views and consider the redundancy and diversity
for building a multi-view clustering algorithm, as we propose in this
paper.

• Comparing SCs with the proposed method, it is clear that our pro-
posed MVDF-RSC model achieves better performance since we con-
struct a more accurate and robust similarity graph in our model. Note
that we use MCC-based graph learning and a diversity regularization
term for weighting different views adaptively. Also, we employ both
early and late fusion techniques to employ the advantages of both fu-
sion techniques.

• All multi-view clustering methods achieve better performance than
single-view spectral clustering models, confirming that combining
various views can enhance the clustering performance.

• Comparing SC(geo) and SC(visual) in Table 4 with OG and OV in
the Table 3 shows that OG and OV scenarios outperform SC(geo) and
SC(visual), confirming that the proposed graph learning algorithm
achieves better results than conventional spectral clustering since the
proposed method conducts graph learning and spectral clustering si-
multaneously.

Table 4
Clustering Methods’ Performance on Flickr and 500PX datasets (%).

Flickr 500PX

Method APR ARC F1 APR ARC F1

SC(geo) 17.61 18.71 18.14 13.33 16.14 14.6
SC(visual) 18.95 22.74 20.67 16.09 17.92 16.96
SC(CF) 20.07 21.35 20.69 18.64 18.01 18.32
KM(CF) 19.72 20.11 19.91 17.06 18.97 17.96
AMGL 26.14 36.92 30.61 17.09 20.74 18.74
MLAN 26.45 45.43 33.43 19.14 23.64 21.15
MMSC 28.73 37.33 32.47 17.93 21.10 19.39
AWP 32.81 40.67 36.32 23.25 27.70 25.28
GFSC 40.21 43.72 41.89 27.93 30.11 28.98
Method in (Tang et
al., 2019)

35.90 45.12 39.98 23.82 26.34 25.02

GMC 39.31 43.57 41.33 29.70 31.81 30.72
MVRSC 44.03 45.44 44.7 32.13 35.21 33.60
MVDF-RSC 49.69 50.84 50.26 32.07 36.14 33.98

• The proposed multi-view clustering method noticeably outperforms
other multi-view clustering models. It shows the superiority of the
proposed multi-view graph construction for the spectral clustering
algorithm through a robust measure compared with state-of-the-art
multi-view spectral clustering methods.

• Compared with MVRSC, the proposed method has achieved signifi-
cant image tagging progress since it considers diversity and redun-
dancy of views and promotes the similarity graph learning by adding
a rank constraint to the objective function.

Table 5 shows the proposed method’s results with different strate-
gies introduced in the prediction phase. It is obvious that the fusion
of different views in the tagging process achieves a significant perfor-
mance over other strategies on both Flickr and 500PX datasets. The pro-
posed late fusion technique has achieved the value of and

over all tags of Flickr and 500PX datasets respectively. Fur-
thermore, geo-visual strategy (i.e., concatenating visual and geograph-
ical features) has achieved better performance than using single-view
strategies (geographical or visual). Moreover, geographical strategy out-
performs visual strategy for the Flickr dataset, proving that geographical
view is a good discriminator feature for image tagging.

Figs. 6 and 7 show the impact of tags’ popularity on image tagging
task for Flickr and 500PX datasets respectively. These tags are sorted in
ascending order of . For example, the proposed method has achieved

and for tag “louisiana” of Flickr dataset and “win-
ter” of 500PX dataset respectively. It is clear that there is a relation-
ship between the popularity of tags and the performance of the proposed
method.

The influence of different sizes of training data on the Flickr dataset
is considered in Fig. 8. The proposed method has achieved the average
value of over all tags in training data size 5500. This chart
illustrates that APR, ARC, and F1 increase when the number of data in-
stances in the training phase increases.

Precision-recall curves for six query tags (i.e., flower, food, ottawa,
quebec, wildflower, wildlife) are depicted in Fig. 9. It can be ob-
served that MVDF-RSC yields higher values in precision and recall and
a better overall image retrieval performance than MVRSC (Zamiri &
Yazdi, 2020) and Geo-kmeans model (Abbasi, Grzegorzek, & Staab,
2009) because the proposed method promotes the graph construction
by adding a rank constraint and considers diversity and redundancy cri-
teria. Also, the proposed method can recommend geographical tags (in-
directly content-related tags) such as “quebec” and “ottawa” to images
as well as directly content-related tags with satisfactory accuracy.

Figs. 10 and 11 show several random-selected test images from the
Flickr dataset labeled with “beach” and “garden” tags by the proposed
method. Similarly, Figs. 12 and 13 illustrate some randomly selected
images from the 500PX dataset and are labeled with “food” and “cold”
tags by the proposed method. These figures approve the satisfactory per-
formance of the proposed method to assign relevant tags to test images.

In Fig. 14, we randomly selected some test images with their ground
truth tags from Flickr and 500PX datasets. We compare tags

Table 5
Experimental results of the proposed MVDF-RSC on two datasets, Flickr and 500PX, ac-
cording to strategies in the prediction phase (see Section 3.2).

Flickr 500PX

Strategy APR ARC F1 APR ARC F1

Geographical 41.70 42.88 42.28 16.53 19.30 17.81
Visual 33.75 40.90 36.98 20.05 22.02 20.99
Geo-Visual 41.52 46.05 43.66 31.59 33.14 32.35
Late Fusion 49.69 50.84 50.26 32.07 36.14 33.98
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Fig. 6. The performance of the image tagging method on the Flickr dataset for different tags.

Fig. 7. The performance of image tagging method on 500PX dataset for different tags.

Fig. 8. Influences of different sizes of the training data samples on the proposed method for Flickr dataset.

recommended by the proposed method and MVRSC (Zamiri & Yazdi,
2020). It is obvious that MVDF-RSC suggests more relevant tags in most
images than MVRSC. In some examples (i.e., (row 1, col 5), and (row
2 col4)), the proposed method annotated tags which are matched with
the ground truth completely. However, in some images, some tags are
not matched with the ground truth but describe the image’s content. For
instance, “sky” and “frozen” are appropriate tags with the content of im-
ages (row1, col 4) and (row 2, col 2) respectively. This problem is be-
cause of lacking ideal ground truth tags.
Remark 2 In Fig. 14, compared with MVRSC, the proposed method
tries to suggest more diverse tags to the images to cover various aspects
of target images. The image in (row 2, col 1), for example, there are re

dundant “sunrise” and “sunlight” among tags recommended by MVRSC
while the proposed method retrieved the tag “landscape” instead. This
figure shows that the proposed method tries to find more diverse and
relevant tags for images than MVRSC.

Figs. 15(a) and 16(a) show the most representative images for
two geo-tags (“Washington” and “Bahia”) of the Flickr dataset respec-
tively. Moreover, the “Washington” and “Bahia” cluster distribution
functions are shown in Figs. 15(b) and 16(b) respectively. The distri-
bution function describes the geographical locations (i.e., latitude and
longitude) where photos are taken there. There are peaks in locations
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Fig. 9. Precision-recall curves for six query tags on the Flickr dataset for the proposed method, MVRSC (Zamiri & Yazdi, 2020), and Geo-kmeans model (Abbasi et al., 2009).

Fig. 10. The proposed method results for several random-selected test images for cluster “beach” of the Flickr dataset.

Fig. 11. The proposed method results for some random-selected test images for cluster “garden” of the Flickr dataset.

where more images are shared. These maps6 confirm the effectiveness of
the proposed method on recommending appropriate geo-tags to images.

5. Conclusion

In this paper, we proposed a new multi-view robust spectral cluster-
ing method for image tag recommendation. Since multimedia content
is user-generated, it may be corrupted by noise. We provide a robust
model against large outliers using the maximum correntropy criterion.
Moreover, the correspondence between geospatial information and vi

6 Maps are visualized using eSpatial website (https://maps.espatial.com).

sual features are used, helping to find indirectly content-related tags.
Also, unlike many current image tagging models, which often assign
tags to the target images based on the relevance criterion, we propose
a way to consider not only the relevance criterion but also diversity
and redundancy among different views. In this regard, we use a diver-
sity regularization term to enforce the diversity and suppress the redun-
dancy of various views. Furthermore, the cluster structure of the fusion
similarity graph is considered with a rank constraint. Experiments on
two geo-tagged datasets verify the effectiveness of the proposed method.
Several viable future works can be listed as follows:

• We plan to examine other robust loss functions in the proposed frame-
work.
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Fig. 12. The proposed method results for several random-selected test images for cluster “food” of the 500PX dataset.

Fig. 13. The proposed method results for some random-selected test images for cluster “cold” of the 500PX dataset.

Fig. 14. Tagging examples on the Flickr and 500PX datasets. The first and second rows of images show the examples from Flickr and 500PX datasets respectively. Ground truth tags are
those in black, and the tags in color are suggested by the proposed MVDF-RSC method and MVRSC (Zamiri & Yazdi, 2020) in which green words are matched tags, and red ones are
mismatching tags in the ground truth.

• We can adjust a weighting scheme to find relevant tags for test data
in the prediction phase to distinguish the views’ contributions.

• We will try to change the fixed number of tags’ strategy for a better
prediction.
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Fig. 15. The proposed method results for Flickr dataset (a) several random-selected test images for cluster “washington” and (b) a map view of test image distribution which “washington”
is assigned to them. There are peaks in locations where more images are shared.

Fig. 16. The proposed method results for Flickr dataset (a) some random-selected test images for cluster “bahia” and (b) a map view of test image distribution which “bahia” is assigned to
them. There are peaks in locations where more images are shared.
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Appendix A. Half-quadratic (HQ) optimization

In this section, we prove Eq. (11) in more detail. The description of
HQ modeling is stated based on the conjugate function theory (Boyd &
Vandenberghe, 2004). The conjugate function for a convex func-
tion is defined as

(29)

where can be defined as a convex function.
Then, by plugging it to Eq. (29):

(30)

The above equation can be solved by setting the derivative of
to 0 since the function is concave with respect

to p. So, we have:

(31)

As a result, the supremum can be found at . By substi-
tuting p in Eq. (30), the conjugate function of is .
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