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ABSTRACT 
Existing research work in the multimedia domain mainly focuses on 
image/video indexing, retrieval, annotation, tagging, re-ranking, etc. 
However, little work has been contributed to people’s visual cogni-
tion. In this paper, we propose a novel framework to mine people’s 
visual cognition across multi-language communities. Two chal-
lenges are addressed: the visual cognition representation for a spe-
cific language community, and the visual cognition comparison 
between different language communities. We call it “the third eye”, 
which means that through this way people with different back-
grounds can better understand the cognition of each other, and can 
view the concept more objectively to avoid culture conflict. In this 
study, we utilize the image search engine to mine the visual cogni-
tion of the different communities. The assumption is that the image 
semantic distribution over the search results can reflect the visual 
cognition of the community. When a user submits a text query, it is 
first translated into different languages, and fed into the correspond-
ing image search engine ports to retrieve images from these com-
munities. After retrieval, the obtained images are categorized into 
different semantic clusters automatically. Finally, inter semantic 
cluster ranking is employed to rank the semantic clusters according 
to their relationship to the query, while intra cluster ranking is used 
to rank the images according to their representativeness. The visual 
cognition difference among these language communities is achieved 
by comparing the different community image distributions over 
these semantic clusters. The experimental results are promising and 
show that the proposed visual cognition mining approach is effec-
tive. 

Categories and Subject Descriptors 
H.3.3 [Information Storage and Retrieval]: Information search 
and retrieval-search process. 

General Terms 
Algorithms, Design, Human Factors, Experimentation 

Keywords 
Visual cognition, image search, language community 
 
 

1. INTRODUCTION 
With the rapid development of the modern technologies, the com-
munication between different countries and cultures is getting more 
and more convenient. However, at the same time due to their differ-
ent cognitions, the conflicts between different communities/cultures 
are also getting more and more intense. The 21st century is even 
called as the century of cultural conflict. According to the Freudian 
Projection effect [23] in psychology, we usually take it for grant 
that our cognition on a concept or the way of our thinking is similar 
to others. However, due to the different backgrounds, cultures, ide-
ologies, etc. the cognition of the people, who use different lan-
guages, for the same concept is different. Figure 1 is an example to 
show the different understanding on the concept “dragon” between 
the Chinese and the European. The left one is the Chinese dragon, 
which is a totem, while the right one is the European dragon, which 
always has two wings. According to the descriptions in the Wikipe-
dia [1], “Chinese dragons and Oriental dragons generally, can take 
on human form and are usually seen as benevolent, whereas Euro-
pean dragons are usually malevolent”. Therefore, for these two 
communities the visual cognition for “dragon” is rather different.  

    
                Chinese dragon                        European dragon 

 

According to Wikipedia [1] “The term cognition refers to a faculty 
for the processing of information, applying knowledge, and chang-
ing preferences. Cognition, or cognitive processes, can be natural 
or artificial, conscious or unconscious.” The cognition of people is 
different from culture to culture. In the multimedia domain, every-
day a large number of data, including text, audio, image and video, 
are generated, edited, and spread. The data are generated by people 
belonging to a specific community, and are full of subjective cogni-
tion of the world. Among these data, image is often used to show 
people’s understanding, cognition, etc, with the belief that “One 
picture is worth ten thousand words”.  
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Figure 1. An example to show the cognition difference 
between the Chinese and the European on “dragon”. 
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query by English “apple”                                 query by Chinese “苹果”                                  query by Arabic “تفاحة” 

 

In the multimedia domain, image search is a hot research topic, and 
many image search engines are available online, such as Google 
image [2], Bing image [3], Yahoo image [4], Ask image [5], etc. It is 
quite convenient for us to retrieve lots of images through image 
search engine by simply typing some query keywords. Figure 2 
shows the top 18 images retrieved by the Google image using three 
languages of the query “apple”.  The algorithm utilized by the 
Google image search is the well known PageRank(PR) algorithm 
[16]. The images with high PR values are ranked at the top rank, 
which means these images are more valuable than others from the 
viewpoint of the image link quotation.  

 

 
We define the people using the same language as a language com-
munity. We also define four concepts for the above example in 
Figure 2: apple fruit, apple icon, apple notebook, and others. We 
calculate these concepts distribution over the three retrieval results, 
which are also shown in Figure 2. It can be observed that the con-
cept distributions over the retrieved images are quite different from 
one community to another. Usually, people may think that this re-
sult is caused by the un-preciseness of the image search algorithm. 
However, this does not fully reflect the real situation. From Figure 2 

we can see that although few of the images are unrelated to the 
query, most of the images have something to do with the concept 
“apple”. From a more objective viewpoint, this phenomenon is not 
fully caused by the un-preciseness of the search algorithm, but 
partly by the different data distribution over those language com-
munities. Figure 3 is a symbolic example to explain how the phe-
nomenon in Figure 2 is generated. Figure 3 shows there are two 
meanings of a concept: meaning 1 and meaning 2. However, due to 
the different cultures, the coverage over these two meanings is dif-
ferent for the three communities. From Arabic, Chinese to English, 
the coverage is moving from meaning 1 to meaning 2. The different 
visual cognition coverage over the meaning space for the same con-
cept results in the different retrieval outcome for these language 
communities. However, the influence of these language communi-
ties is different. We use the number of retrieved images in the search 
engine as the coarse index of the influence of the community. The 
influence comparison of the three language communities on the 
concept “apple” is shown in Figure 4. It can be seen that compared 
with the Chinese and the English community, the influence of the 
Arabic community is smaller. Even though, the cognition of the 
small community should be respected, otherwise the conflict be-
tween different communities may happen.  

 
In this paper, based on the images retrieved by the image search 
engine, we propose a novel approach to mine the visual cognition 

Figure 3. A symbolic example to show the cognition dif-
ference among the language communities. 

Figure 4. The influence comparison of the three language 
communities. 

Figure 2. The top 18 images of the search result of the query “apple” from the most popular image search engine Google Im-
age. It is observed that the semantic distribution of “apple” is rather different from one language community to another. 
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difference among the language communities for the same concept. 
The assumption is that most of the people in the same language 
community have similar cognition point of view, while the people 
belonging to different language communities may hold different 
cognition viewpoints. The images distributed in the web is full of 
people’s cognition about the world, and the top images retrieved by 
the image search engine from a language community can reflect the 
main visual cognition of the people in the community. From Figure 
2 it can be seen that the cognition difference of the three language 
communities can be obtained by comparing the concept distribution 
over the image data. By comparing the concept distribution over the 
search results, we can find that the cognition of Chinese and Arabic 
on the concept “apple” is similar. Therefore, if we can build a fea-
ture description like the concept distribution probability in Figure 2, 
the visual cognition comparison between different language com-
munities will become easy. 

The proposed cognition mining framework is shown in Figure 5. 
When the user submitted text query is obtained, it is first translated 
into different languages. Then, the different language queries are fed 
into the corresponding image search engine ports to retrieve images 
from the different language communities. The retrieved images are 
downloaded together with their file names and surrounding text. 
After that, features are extracted from the images and text, respec-
tively. For image feature, the Scale Invariant Feature Transform 
(SIFT) based interesting points are detected in each image, and the 
bag-of-visual-word is extracted to represent each image. Then, the 
probabilistic Latent Semantic Analysis (pLSA) [11] model is em-
ployed to further analyze these bag-of-word features, and the topic 
distribution feature is generated for each image. For text, the bag-of-
word text feature is generated. At last, these images are clustered 
into different semantic clusters. For clustering, the Affinity Propaga-
tion (AP) [8] algorithm is adopted for its good performance. The 
final cognition of the communities is represented by the concept 
distribution over the semantic clusters. The cognition difference is 
obtained by comparing their concept distributions. For concept dis-
tribution comparison, the symmetrical Kullback-Lebler (KL) [15] 
divergence is employed. Three applications are proposed: the visual 
cognition representation for a specific language community query, 
the visual cognition relationship visualization among different 
communities, and the community based query image suggestion and 

image re-ranking. The experimental results will show the effective-
ness of the proposed approach. To the best of our knowledge, this 
work represents the first attempt toward mining the different visual 
cognition viewpoints across multi-language communities for the 
same concept by using the image search engine. The main contribu-
tions of this paper can be summarized as follows: 

 We propose a novel community visual cognition mining 
and comparison approach using image search engine. We 
call it “the third eye”, the meaning is that by this way we 
can see a specific concept more objectively, and the peo-
ple from different communities can better understand 
each other to avoid culture conflict. 

 We propose a novel inter cluster ranking scheme to mine 
the cognition viewpoint of a community for a specific 
concept, which considers both the expectation ranking 
order and the size of the clusters. 

 We propose to use the concept distribution over the data-
set to evaluate the visual cognition relationships between 
different communities. The similarity values are visual-
ized through graph, from which we can see the relation-
ships among these communities clearly. 

The rest of the paper is organized as follows. Section 2 introduces 
the related work. Section 3 presents the visual cognition mining 
approach, which includes feature extraction, image clustering, inter 
and intra cluster ranking for visual cognition representation, and 
visual cognition comparison. The experimental results and evalua-
tions are provided in section 4. Finally, we conclude the paper with 
future work in section 5.  

2. RELATED WORK 
In recent years, many web image search based applications have 
been proposed. In this section we mainly review the related work on 
four domains: image search result clustering and representation, 
image re-ranking using multi-search engines, text-image linking, 
and video ideology classification. For image search result clustering 
and representation, several algorithms have been proposed 
[9][12][24][25], etc. A reinforcement clustering algorithm and a 
bipartite graph co-partitioning algorithm are proposed to integrate 
visual and textual features in [24] and [9], respectively. Jing [12] 

Figure 5. The  proposed visual cognition mining framework. 
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proposes to first mine query related key phrases, and employ the 
new phrases to retrieve images from the search engine. After that, 
the image search results are presented as the clusters named by the 
key phrases. Similar to [12]  an image clustering result representa-
tion work is proposed by Zha [25] to solve the query ambiguous 
problem. Firstly the query word related images are retrieved from 
the Flicker [6]. After that, a set of keywords are selected and the 
representative images for each keywords are generated. Finally, the 
selected images are used as positive examples to refine the initial 
search result. For image search re-ranking using multi-search en-
gines, a work is proposed by Liu [17]. In this work, the visual pat-
terns from multi-engines are used to help refining the search result, 
which is called CrowdReranking. For text-image linking some work 
has been proposed [10][13] etc. Hong [10] proposes an application 
called Mediapedia, which links the web mined images with the text 
in the Wikipedia. The image data is collected from Flicker and is 
clustered through AP [8] algorithm. Another work called Story Pic-
turing Engine is proposed by D. Joshi [13], where the text story is 
illustrated by images. Firstly, the keywords are selected from the 
text story. Then, based on these keywords, the images are selected 
from the image database. After that, the reinforcement ranking is 
used to rank the images according to their relationships to the story.  

Although most of the above work utilizes the image information in 
the database or from the web, none of them addresses the different 
cognition across multi-language communities. The work most simi-
lar to ours is proposed by Lin [18], where he addresses the different 
ideological perspective of the news video based on the emphatic 
patterns. Their assumption is that news broadcasts holding contrast-
ing ideological beliefs appear to emphasize different subsets of vis-
ual concepts. However, there are several differences. Our objective 
is to mine the visual cognition across multi-language communities 
for any concept, while they only limit their work to some specific 
news event. In our view, ideology is a subset of cognition. In our 
approach the cognition is mined using the natural image data dis-
tributed in the web, while in their work the data are manually se-
lected. The well trained models cannot be adapted to other events 
automatically. 

3. VISUAL COGNITION MINING ACROSS   
MULTI-LANGUAGE COMMUNITIES 
In this section, we will elaborate the proposed visual cognition min-
ing and comparison approach across different language communi-
ties. We will show the visual cognition viewpoint of a specific 
community for a given concept, and see how to compare the cogni-
tion among different communities. 

3.1 Semantic Image Clustering 
In order to mine the visual cognition for a specific community query, 
the first step is to cluster the retrieved images into semantic clusters. 
The proposed image clustering and ranking framework is shown in 
Figure 6. When the images and the text are obtained, the bag-of-
visual-word and bag-of-word features are extracted respectively. 
Then the bag-of-visual-words are further analyzed to generate the 
more effective topic distribution feature. After that, the bag-of-word 
text feature and the topic distribution feature are used to measure the 
similarity between the images, and the affinity propagation cluster-
ing [8] is utilized to cluster the images. Finally, these semantic clus-
ters and images are ranked to represent the visual cognition of the 
community.  

 
For a web image two kinds of text information are available: the 
URL information and the content information. For URL information 
we refer to the image name, which is often contained in the site URL. 
The image name is added by the editor of the image to show some 
specific description of the image. Therefore, the image name may 
be an important cue to mine the semantic of the image. For content 
information we refer to the text surrounding the image. In most of 
the time, the image surrounding text always describes the related 
information about the image. After these texts are extracted, we 
adopt the vector model to describe the texts, where the textual fea-
ture of a document is defined as: 

( , )                                      (1)f k w=  

where 1 2( , ,..., )nk k k k= is a dictionary of all keywords appearing in 
the whole document pool, 1 2( , ,..., )nw w w w= is a set of correspond-
ing weights, n is the number of unique keywords in the document 
dataset. We employ the term frequency (tf) and the inverted docu-
ment frequency (idf) to calculate the importance of a keyword in a 
document. tf is the raw frequency of a given term inside a document. 
idf is the ratio of the total number of the document to the number of 
documents in which the index term appears. In our approach we 
adopt the cosine distance to measure the text semantic similarity 
between the two images. Assuming the text features of the two im-
ages are dx and yd . The cosine distance between dx and dy is shown 

in equation (2), where ( )xw d denotes the weight of xd .  
( ). ( )

( , )                                  (2)
| ( ) || ( ) |

x y
x y

x y

w d w d
s d d

w d w d
=  

For image visual feature, we first extract the bag-of-visual-word 
from each image. In order to use the bag-of-visual-word feature we 
have to first obtain the visual word vocabulary codebook. In our 
approach the SIFT based interesting point descriptors are used to 
construct the visual word vocabularies. Similar to the existing work 
[21][22], we train visual word vocabulary by clustering a large 
number of SIFT descriptors. Most of the existing clustering methods 
such as one-step K-means, affinity propagation [8] or some other 
visual vocabulary generation methods [14][19], could also be 
adopted. However, when the number of the descriptors becomes 

Figure 6. The image clustering framework. 
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bigger and bigger, these algorithms are in general less efficient in 
terms of either time or space complexity. In our approach we adopt 
the hierarchical K-means [22] to conduct the clustering, taking its 
advantages of high efficiency and the ability to organize the gener-
ated visual words in the vocabulary tree. With the hierarchical struc-
ture, finding the closest visual word for a local feature descriptor 
can be performed very efficiently. More details about the vocabu-
lary tree and its applications can be found in [21]. After the local 
feature descriptors are clustered, a vocabulary tree is generated and 
the leaf nodes (cluster centers) are considered as the visual words. 
By searching hierarchically in the vocabulary tree, images in each 
retrieval result are represented as the bag-of-visual-word by replac-
ing their SIFT descriptors with the indexes of the corresponding 
nearest visual words.  

There are a lot of works using the bag-of-visual-word for image 
classification, retrieval, etc. However, a recent paper [7] points out 
that using the pLSA to further analyze these bag-of-word features 
will generate more effective feature for image classification, re-
trieval, etc. Therefore, after the bag-of-visual-word feature is ob-
tained, we further analyze this feature to generate the more effective 
topic distribution feature to evaluate the similarity between two 
images. The basis of the pLSA is a model referred to as aspect model 
[11]. It assuming that there exists a set of hidden factors (topics) 
underlying the co-occurrences among two sets of objects (docu-
ments and words). It can reveal the latent topics connotated by the 
words. The advantages of pLSA consist of: 1) pLSA provides a prob-
abilistic approach for the discovery of latent topics in the text data, 
which is flexible and has solid statistical foundation; 2) pLSA is an 
unsupervised approach, which can take advantage of any unlabeled 
data and build the aspect-based representation from it. pLSA uses 
Expectation-Maximization (EM) algorithm to estimate the probabil-
ity values which measure the relationship between the hidden fac-
tors(topic) and the two sets of objects(document and word). In our 
approach, the two co-occurrence objects are visual words and im-
ages. The hidden factors are image categories. Let d represent the 
images, t represent the latent image categories, and w represent the 
visual words, then the E-M model training procedure is formulated 
as: 

1

( | ) ( | )
 : ( | , )

( | ) ( | )

j k k i
k i j K

j l l i
l

P w t P t d
E step P t d w

P w t p t d
=

=
∑

     (3) 

1

1 1

1

( , ) ( | , )
 :  ( | )

( , ) ( | , )

         ( | ) ( , ) ( | , ) / ( )

N

i j k i j
i

j k M N

i m k i m
m i

M

k i i j k i j i
j

n d w P t d w
M step P w t

n d w P t d w

P t d n d w P t d w n d

=

= =

=

∑
=
∑ ∑

= ∑

 (4) 

where N, M and  K denote the total number of images, visual words 
and latent image classes respectively. P(t|d,w) represents the poste-
rior probability of topic t given image d and visual word w. P(w|t) is 
the generation probability of visual word w in the topic t. P(t|d) is 
the topic probability given image d. n(d,w) represents the frequency 
of visual word w in image d and n(d) is the total visual word number 
in the image d. At the beginning, P(w|t) and P(t|d) are initialized 
randomly with numbers between 0 to 1 and are normalized to sum 
to 1 along the row. In the E-step the posterior probabilities are com-
puted for the topics based on the estimates of the two parameters 
P(w|t) and P(t|d). And in the M-step these two parameters are up-

dated. After the above probabilities are obtained, we use the topic 
distribution probability P(t|d) to represent the images. 
We adopt the affinity propagation (AP) algorithm [8] to cluster the 
images. The AP algorithm makes use of information propagation 
between data points. It has high quality clustering capability and is 
very efficient. Moreover, it can automatically choose the right clus-
ter number. These features make AP a suitable choice for our clus-
tering. For AP the number of cluster is automatically decided. How-
ever, in our approach we prefer the final clustering number to be 
less than a threshold. Therefore, we adopt an iterative manner to 
cluster the images. The image clustering procedure is described as 
follows: 

The iterative semantic image clustering 

1. Set a cluster number threshold: T  
2. Calculate the similarity ( , )s i k for all the image pairs 

( i , k ), and set ( , ) 0,  ( , ) 0r i k a k i= =  
3. Responsibility and availability updates: 

:
( , ) ( , ) max( ( , ) ( , ))

j j k
r i k s i k a i j s i j

≠
= − +  

       
:

( , ) max{0, ( , )}
j j k

a k k r j k
≠

= ∑  

: { , }
( , ) min(0, ( , ) max{0, ( , )})

j j k i
a k i r k k r j k

∉
= + ∑  

4. Making assignments: * arg max{ ( , ) ( , )}i
k

c r i k a k i= +  

5. If the clustering number is bigger than T , then constitute 
the new image set by all the exemplars and go to step 2, 
else clustering over 

In the algorithm, ( , )r i k  represents the responsibility of cluster k for 
image i , ( , )a i j  denotes the availability of image ix  as a candidate 
exemplar for image jx . More details can be found in [8]. The simi-
larity between two images i and j is measured by the linear fusion of 
the text and visual similarities, which is: 

( , ) ( , ) (1 ) ( , )                        (5)T Vs i j s i j s i jα α= + −  

where ( , )Ts i j is the text similarity between the image i and j, 
( , )Vs i j is the visual similarity, and α is a tradeoff between the text 

and the visual similarity, with the value in [0,1]. 

3.2 Inter and Intra Semantic Image Cluster 
Ranking for Visual Cognition Representation 
After the images are clustered, we obtain a few image clusters. In 
this subsection we propose to rank these clusters and the images in 
each cluster to mine the visual cognition viewpoint for each lan-
guage community query. Assuming these clusters are 

1 2{c , ,..., }nc c c= , and the initial query is Q . The inter cluster rank-
ing function is defined as: 

( , )                                        (6)F f Q c=  

In our approach, for clustering the following two properties are 
considered: 

 Relatedness: the image cluster with closer relationship 
with the initial user query should have a higher rank.  

 Importance: the image cluster with more images should 
have a higher rank. 
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We represent the relationship between the semantic image cluster 
and the initial user query as ( , )ir c Q , and the importance of the se-
mantic cluster as ( )ip c . Then, the final inter cluster ranking score 
for semantic ic is reformulated as: 

i ( ) (1 ) ( , )                         (7)i iF p c r c Qβ β= + −  

where β  is a tradeoff between ( )ip c and ( , )ir c Q , with the value 
in [0,1]. 
In order to obtain the final inter semantic cluster ranking list, we 
have to estimate the value of ( )ip c and ( , )ir c Q for each semantic 
cluster. The values of ( )ip c and ( , )ir c Q are estimated as follows: 

1

( )                                          (8)i
i n

j
j

Np c
N

=

=
∑

 

1i

1( , )                                     (9)
im

i i
i j j

j
r c Q P R

N =
= ∑  

where iN is the number of images in cluster i, i
jR is the ranking 

value of the jth image in cluster i, i
jP is the probability density of 

image j in cluster i, im represents the number of images in image 
semantic cluster i, and n is the number of clusters. ( )ip c represents 
that the cluster with the larger number of image will get higher rank-
ing score, which means that the bigger the cluster is, the more im-
portance the cluster is. ( , )ir c Q is the rank expectation for cluster ic , 
and denotes the higher the rank expectation is, the higher the seman-
tic cluster ranking score is. The key point in equation (9) is how to 
calculate the value of i

jR and i
jP . Assuming the rank of the jth im-

age in cluster i in the image search result is k, and the rank of the 
image search result is {0,1,..., }N .Then, the value of i

jR  is calcu-
lated as bellow: 

1                                 (10)i
j

kR
N

= −  

The values of the i
jP  is estimated by the k nearest neighbor estima-

tion, which is: 

g,

                          (11)
max(| |)

i
j N N

g hh

NP
k k

=
−

 

where 
,

max(| |)N N
g hg h

k k− represents the maximum rank distance of 

the N neighbors of image j in cluster i. 
After the semantic image clusters are ranked, instead of using the 
exemplars in each cluster to represent the cognition viewpoint for 
each language community, we propose to use the reinforcement 
based algorithm [13] to rank the images in each cluster, and select 
the image with the biggest rank value to represent the semantic of 
that cluster. The reinforcement based ranking algorithm is described 
as bellow. Let c

1 2 n, ,...,c cI I I  represent the set of images in the cth 

cluster after clustering. We define the rank of image c
iI as c

iG , 
which is the solution to the equation: 

1
                                   (12)

nc c
i ij j

j
G s G

=
= ∑  

where ijs represents the similarity between image i and j. The above 
equation can be solved iteratively by using the method described 
bellow. 

The reinforce based representative cluster image selection 

1.  Initialize 0 0 0 0
1 2( , ,..., )Nr r r r

→

= for the images randomly  
such that 0 0

1 1 and 0 .N
i i ir r i= = > ∀∑  

2. Set 1t = . 
3. 1

1 1,..., .t tN
ji ij jr s r i n−
== ∀ ∈∑  

4. 1|| ||  || ||t t t t tN
ii i i i ir r r r r

→ →

== = ∑/ ，  
5. 1.t t= +  
6. Repeat steps 3 to 5 till convergence. 
7. Select the image with the biggest ranking score to represent 

the cluster. 

More discussion of the reinforce algorithm can be found in [13]. 

3.3 Visual Cognition Comparison between Dif-
ferent Language Communities 
In this subsection, we mainly address the problem of how to com-
pare the visual cognition among the communities. After image clus-
tering, if we define each image cluster as a concept, the retrieved 
images for a specific language community could be naturally repre-
sented as the concept distribution feature like in Figure 2. Assuming 
there are m language communities {L1,L2,…,Lm}, K semantic clus-
ters{1,2,…,K}, and the total  number of the image for language 
community Li is Ni and the number of image for language commu-
nity Li in cluster j is Ni

j. Then, the concept distribution feature for 

language community Li can be represented as 
1 2

{ , ,..., }
K

i i i

i i i

N N N
N N N

. In this 

paper, we adopt the Kullback-Leibler (KL) divergence [15] to calcu-
late the similarity between the language community Li and Lj , 
which is: 

1
( , ) log( )                   (13)

k kK ji i
i j k

k i i j

NN N
KL L L

N N N=
= ×∑  

From function (13) we can see that the KL divergence is asymmetric 
measure, i.e. ( , )i jKL L L  is not equal to ( , )j iKL L L . However, in our 
application we prefer the similarity measure to be symmetric. 
Therefore, instead of using the original version of KL divergence, 
we adopt the symmetric version which is calculated as: 

j_ ( , ) ( , ) ( , )              (14)i j i j iA KL L L KL L L KL L L= +  

where the value of ( , )i jKL L L and ( , )j iKL L L are calculated as in equa-
tion (13). For visual cognition comparison, another condition should 
be considered. If the distribution over the clusters is similar for the 
two datasets, while the expectation ranking order of these clusters in 
the two sets is rather different, the cognition for these two communi-
ties should be different. Therefore, the visual cognition distance 
between two communities is calculated as: 
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 where ( , )L ki
r c Q is calculated as in equation (9). After the similarities 

between these language communities are obtained, we use them to 
visualize the relationship between the different language communi-
ties about a specific concept. 

4. EXPERIMENTAL RESULTS 
In this section, extensive experiments and evaluations are conducted, 
including visual cognition representation evaluation, and visual 
cognition relationship evaluation. The results will demonstrate the 
effectiveness of the proposed method. 

4.1 Data Collection and Parameter Setting 
To collect the images which can reflect the real visual cognition of 
the multi-language communities, we adopt the Google image as our 
tool. We select Google image [2] for the reasons that Google image 
is the most popular image search engine cross many language com-
munities available at hand, and the number of images indexed by 
Google is relatively bigger than other image search engines. Many 
of the applications for image processing in the multimedia domain 
employ the Flicker [6] as their image database, where the images 
are uploaded by different users with high quality. However, the 
Flicker data is not suitable for our application. As most of the im-
ages in Flicker are tagged with only English word and they mainly 
reflect the visual cognition of the English language community. For 
Google image, after retrieving only the top1000 images could be 
assessed, which contain all kinds of image. With the assumption that 
the top retrieved images can reflect the main visual cognition of the 
community, for each query the top 500 images with good quality are 
retrieved.  

Table 1: The queries used in the experiments 
Initial query 

 Apple Tiger 
Paris Great wall china 
Car Beijing 2008 

Table 2: The query languages used in the experiments 
Query language 

       Chinese             English  Russian 
        Japanese            Spanish French 
       German          Arabic Persian 

 
To facilitate the visual cognition representation and comparison 
evaluation, we select 6 popular queries, which are shown in Table 1. 
These queries belong to different types, such as scene and object. 
For the language communities, 9 representative language communi-
ties are selected based on their influence on the world, which is 
shown in Table 2. When the user submitted query is obtained, it is 
translated into these languages and fed into the corresponding en-
gines, such as the image.google.com, etc, to retrieve the images 
from the corresponding communities.  

In the experiment, the parameter α in equation (5) and the parame-
ter β in equation (7) are both set as 0.5. For image clustering the 
cluster number threshold is set as 30. For the k nearest density esti-
mation in equation (11) the number of neighborhood is set as 10. 
Similar to [7] about 1500 visual words are generated, and for pLSA 
the latent topic number is set as 25.  

4.2 Experimental Result for Visual Cognition 
Representation Evaluation 
In this subsection, we use the proposed method above to mine the 
visual cognition representation of the six queries for each commu-
nity. The final visual cognition representation results are shown in 
Figure 7(which lies in the last page), where the top five semantic 
representative cluster images are shown for each group. In Figure 7, 
some interesting patterns should be noted. The first one is the repre-
sentation for “apple”. There are mainly four meanings as been de-
fined in Figure 2. It is quite interesting to note that the visual cogni-
tion for Chinese is from fruit apple to iphone and notebook, while 
the visual cognition for English community is just the opposite from 
notebook to iphone and fruit apple. For the Japanese community, 
there are no visual appearances about the animal Tiger. This may 
partly due to that there are no wild tiger living in Japan ever before, 
and the concept of animal tiger is not deeply in mind. Also there are 
some unique visual patterns in some of the communities, which are 
marked by the red little circles, like the Great wall wines in the 
Chinese community, apple (Germany: Iris Apfel) in the German 
community, and the first tiger image in Arabic community, etc.  

 

 
In order to evaluate the cognition representation quantitatively, a 
subjective user study is conducted. Totally, 12 users, 6 males and 6 
females aging from 23 to 32, are invited to take part in the study. 
These users are familiar with the image search engine and use 
Google image every day. To avoid any bias on the evaluation, they 
have no knowledge about the visual mining approach, but just to 
give scores according to the task definition. We ask each user to 
give score by comparing each representation result with the top 5 
images in the initial search result. The comparison is based on the 
data coverage of these two group images, which means the more 
meanings of one concept the 5 images covers, the better the result is. 
Five scores are defined: much better, better, the same, worse, much 
worse than the original top 5 images. The final evaluation result is 
shown in Figure 8, which is the average evaluation ratio of the total 
community queries. From Figure 8 we can see that on average 
33.7% of the evaluations are much better than the original result and 
are better to the remaining 44.8% evaluations. This result shows the 
proposed method can effectively mine out the visual cognition for 
each community.  

Figure 8. The cognition representation results evaluation. 
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4.3 Visual Cognition Comparison across Mul-
ti-language Communities 
In this subsection, we evaluate the visual cognition on two aspects: 
the visual cognition compactness of a specific community, and the 
cognition relationships between different language communities. 
Assuming the communities are {L1,L2,…,Lm}, the images retrieved 
for query x in community i are 1 2 n, ,...,i i ix x x , and the features 

are 1 2 n, ,...,i i iX X X . The visual cognition compactness for query x 
of the community i is calculated as: 

2
1 1

1( , ) cos ( , )         (16)
n n i i

j k
j k

Compact i x ine X X
n = =

= ∑ ∑  

The bigger the compactness value is, the more compact the cogni-
tion is. The compactness results are shown in Figure 9. It can be 
observed that the concept “apple” almost has the lowest compact-
ness score over the communities. In our view, this is partly due to 
the diverse meanings of the query “apple”, and partly may due to 
the fact that the features used in the paper may not well represent 
the object apples. The second lowest is the query “Beijing 2008”. 
This query represents a large concept, and there are no corre-
sponding objects. It can also be seen that the compactness of the 
query “tiger” for Japanese community is quite lower than other 
communities. This result corresponds to the explanation in section 
4.2 that there are no unified visual cognition for animal tiger in the 
Japanese community. 

 
After the compactness of these community queries are evaluated, 
we further evaluate the visual cognition relationship between dif-
ferent language communities for the same query concept. After 
query related images are collected from these communities, they 
are clustered into different clusters. Then, we use the equation (15) 
to evaluate the visual cognition difference between two communi-
ties. The final comparison results for the six queries among the 
nine communities are visualized in Figure 10, where the relation-
ships between the communities are visualized through the grid 
intensities. The darker the grid is, the more similarity the two 
communities are. In order to show the relationships more clearly, 
in Figure 10 the grid intensities are the rescaled values of the cog-
nition similarities. 

  
                    Apple                                           Paris 

  
                     Tiger                                       Beijing2008 

 

A
rabic

Persian
C

hinese 

English 
French 

G
erm

an 

R
ussia 

Spanish 
Japanese   

Greatwall                                          Car 

 
From Figure 10 we can see that the relationships between these 
communities are quite clear. For query “apple” the communities 
can be classified into two classes. Persian, Chinese and English 
consist of one class, while the other communities consist of an-
other class. After checking the community images we find the 
difference between the two classes is that there are nearly no 
iphone and notebook images in the bigger class, which can also be 
seen from the visual representation results in Figure 7. From the 
results, we can see it has some conflict with the observation in 
Figure 2 that Arabic and Chinese are similar. It is because for the 
total 500 images, there are nearly no iphone and notebook images 
in the Arabic community, while for Chinese there are lot of these 
images. For the query “Paris”, there are three classes. Arabic, 
Persian, English, French, and German consist of the first class, 
Russia itself consists of the second class, while Chinese, Spanish, 
and Japanese consist of the third class. The first class contains the 
figure of Paris Hilton, while the other classes not. The reason why 
Russia itself consists of a class may be that, except the most popu-
lar locations there are several map images in the result, which 

Figure 10. The visual cognition comparison visualization 
results for the six queries.

Figure 9. The visual cognition compactness comparison 
between the nine communities for the six queries. 
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discriminate it from others. Besides, other queries also show very 
interesting structure patterns. 

A subjective user study is also conducted to show the effectiveness 
of the relationship mining result. All the users described in section 
4.2 take part in the evaluation. They are asked to give score on 
whether the relation results clearly reflect the true relation between 
the community data. Three scores are defined: good, neutral and 
bad. The evaluation result is shown in Figure 10, from which we 
can see that on average 72% of the evaluators think the result is 
good and valuable. 

 

5. CONCLUSION AND DISSCUSSION 
In this paper, we propose a novel approach to mine and compare the 
visual cognition across multi-language communities for the same 
concept. We call it “the third eye”, which means that through this 
way people from different language communities can better under-
stand each other to avoid culture conflict. The two problems ad-
dressed are the visual cognition representation for a specific lan-
guage community query, and the cognition comparison between 
different language communities. The image data is collected 
through Google image with the assumption that the image distribu-
tion in the search result can reflect the visual cognition of the com-
munity. The different community data are obtained from the differ-
ent portion of the image search engine by using the corresponding 
language query. After that, the images are clustered. Through inter 
and intra semantic clustering ranking, the visual cognition of a spe-
cific community is represented by the typical images of the clusters. 
The cognition difference among the language communities is 
achieved by comparing the image, which is retrieved by the search 
engine, distribution over these semantic clusters. The experimental 
results show that the proposed approach is effective. 
It is natural for us to apply the cognition representation for visual 
query suggestion and image re-ranking. Compared with the work in 
[25], our suggestion will be more personalized in that the suggested 
images for different language communities are decided according to 
their different visual cognition. Another interesting issue may be 
that how to recommend proper advertising according to the cogni-
tion context [20]. It is also very interesting to recommend images to 
the user according to their difference to the user’s cognition, and let 
the user have change to see the cognition of the people with differ-
ent backgrounds. It is valuable to conduct a subjective user study by 
asking people in each community to vote about the concepts to ob-
tain the people’s real cognition about the queries and to compare it 
with the cognition representation in our approach. However, it is 
hard to find lots of people from each community in a short time, 
thus this comparison is still pending. In the future, we will try to 
finish this task. 
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