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Abstract Recent years have witnessed a great success of social media websites.
Tag-based image search is an important approach to access the image content of in-
terest on these websites. However, the existing ranking methods for tag-based image
search frequently return results that are irrelevant or lack of diversity. This chapter
presents a diverse relevance ranking scheme which simultaneously takes relevance
and diversity into account by exploring the content of images and their associated
tags. First, it estimates the relevance scores of images with respect to the query term
based on both visual information of images and semantic information of associ-
ated tags. Then semantic similarities of social images are estimated based on their
tags. Based on the relevance scores and the similarities, the ranking list is generated
by a greedy ordering algorithm which optimizes Average Diverse Precision (ADP),
a novel measure that is extended from the conventional Average Precision (AP).
Comprehensive experiments and user studies demonstrate the effectiveness of the
approach.

1 Introduction

There is an explosion of social media content available online, such as Flickr,
Youtube and Zooomr. Such media repositories promote users to collaboratively cre-
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Fig. 1 An example of a social image with its associated tags

ate, evaluate and distribute media information. They also allow users to annotate
their uploaded media data with descriptive keywords called tags. As an example,
Fig. 1 illustrates a social image and its associated user-provided tags. These valu-
able metadata can greatly facilitate the organization and search of the social media.
By indexing the images with associated tags, images can be easily retrieved for a
given query. However, since user-provided tags are usually noisy and incomplete,
simply applying text-based retrieval approach may lead to unsatisfactory results.
Therefore, a ranking approach that is able to explore both the tags and images’ con-
tent is desired to provide users better social image search results.

Currently, Flickr provides two ranking options for tag-based image search. One
is “most recent”, which orders images based on their uploading time, and the other
is “most interesting”, which ranks the images by “interestingness”, a measure that
integrates the information of click-through, comments, etc. In the following dis-
cussion, we name these two methods time-based ranking and interestingness-based
ranking, respectively. They both rank images according to measures (interestingness
or time) that are not related to relevance and it results in many irrelevant images in
the top search results. As an example, Fig. 2 illustrates the top results of query “wa-
terfall” with the two ranking options, in which we can see that many images are
irrelevant to the query, such as those marked with red boxes. In addition to rele-
vance, lack of diversity is also a problem. Many images from social media websites
are actually close to each other. For example, several users get used to upload con-
tinuously captured images in batch, and many of them are visually and semantically
close. When these images appear simultaneously as top results, users will get only
limited information. From Fig. 2 we can also observe this fact, the images marked
with blue or green boxes are very close to at least one of the other images.

Therefore, a ranking scheme that can generate relevant and diverse results is
highly desired. This problem is closely related to a key scientific challenge that
is recently released by Yahoo research: “how do we combine both content-based
retrieval with tags to do something better than either approach alone for multimedia
retrieval” [33].

The importance of relevance is clear. In fact, this is usually regarded as the
bedrock of information retrieval: if an IR system’s response to each query is a
ranking of documents in order of decreasing probability of relevance, the overall
effectiveness of the system to its user will be maximized [22]. The time-based and
interestingness-based ranking options are of course useful. For example, users can
easily browse the images that are recently uploaded via the time-based ranking. But
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Fig. 2 (Color online) The top 20 search results of the query “waterfall” with the two ranking
options. (a) Time-based ranking. (b) Interestingness-based ranking. We can see that many images
are irrelevant to the query (marked with red border) or close to others (marked with blue or green
border)

when users perform search with the intention of finding specific images, relevance
will be more important than time and interestingness.

The necessity of diversity may seem less intuitive than relevance, but its impor-
tance has also been long acknowledged in information retrieval [9, 28]. One ex-
planation is that the relevance of a document (can be a web page, image or video)
with respect to the query should depend on not only the document itself but also
its difference with the documents appearing before it. Now we observe this issue
from another perspective. In many cases users cannot accurately and exhaustively
describe their requests, and thus keeping diversity of the search results will pro-
vide users more chances to find the desired content quickly. For example, we can
consider the following cases in image search:

(1) The users only provide an ambiguous query [1]. For example, the query “apple”
may refer to different topics, such as fruit, computer and mobile. Thus, it is
better to provide diverse results to cover multiple topics.

(2) The users cannot fully describe their requests by simple words. For example,
although a user only provides a simple query “car”, he/she may actually want to
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find a picture of a red car on grass. In this case, the hit probability of a diverse
image set should be greater than a set of images that are quite close.

Therefore, diversity of results is also important for users [25, 28]. This fact can
also be explained in the information theoretic point of view. If the returned images
are all identical for a query, the information gained by the user is actually equivalent
to only returning one image.

In this chapter, we will first review recent some research efforts related to the
relevance and diversity problems of image search, and then introduce the Diverse
Relevance Ranking (DRR) scheme. The organization of the rest of this chapter is
as follows. In Sect. 2, we provide a review on the related work. In Sect. 3, we
present DRR as a general ranking algorithm. In Sect. 4, we detail the relevance and
semantic similarity estimation of social images. Empirical results is presented in
Sect. 5. Finally, we conclude the chapter in Sect. 6.

2 Related Work Review

2.1 Social Image Search

The last decade has witnessed a great advance of image search technology [10,
17, 23, 34]. Different from general web images, social images are usually associ-
ated with a set of user-provided descriptors called tags, and thus tag-based image
search can be easily accomplished by using these descriptors as index terms. Since
user-provided tags are usually very noisy [14, 18] and it frequently results in un-
satisfactory search results. In comparison with the extensive studies on how to help
users better perform tagging or mining tags for other applications, the literature re-
garding tag-based image search is still very sparse. Most of such efforts focus on
how to refine the image’s tags or measure their relevance levels. Li et al. proposed
a tag relevance learning method which is able to assign each tag a relevance score,
and they have shown its application in tag-based image search [18]. Kennedy et
al. [15] proposed a method to establish reliable tags by investigating highly similar
images that are annotated by different photographers. Liu et al. [19] proposed an op-
timization scheme for tag refinement based on the visual and semantic connection
between images. Sun and Bhowmick [27] proposed a method to measure the tag
clarity score based on the query language model and the collection language model.
These methods can help tag-based image search by improving the tags’ quality, but
they cannot deal with the aforementioned lack-of-diversity problem.

2.2 Diversifying Image Search Result

It has been long acknowledged that diversity plays an important role in information
retrieval. In 1964, Goffman recognized that the relevance of a document must be
determined with respect to the documents appearing before it [9]. Carbonell et al.
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propose a ranking method named Maximal Marginal Relevance, which attempts to
maximize relevance while minimizing similarity to higher ranked documents [4].
Zhai et al. propose a subtopic search method, which aims to return results that cover
more subtopics [35, 36]. Santos et al. propose an approach to enhance diversity by
explicitly modeling the query aspects and then actively seeking to maximize the
coverage of the selected documents with respect to these aspects [24].

The diversity problem is actually more challenging in an image search, as it in-
volves not only the semantic ambiguity of queries but also the visual similarity of
search results [28]. Currently there are two typical approaches to enhancing the di-
versity in image search: search results clustering and duplicates removing. When
performing search results clustering, a representative image can be selected from
each cluster. Then we can either only present these representatives or put other im-
ages behind them in the ranking list. In [3], Cai et al. propose a method to cluster
web image search results into different semantic clusters to facilitate users’ brows-
ing. Jing et al. [13] have proposed an IGroup system for clustering image search
results. Song et al. have studied the topic coverage of image search diversification
method [25]. Recently, Leuken et al. have investigated different clustering methods
for visual diversification of image search results [28]. Different from clustering, the
duplicates removing approach directly eliminates the duplicates or near-duplicates
detected in image search results. Many different duplicate detection methods have
been proposed, such as pair-wise image comparison [11], approximate search [29],
and fingerprint-based algorithms [26]. Recent progress of image duplicate detection
can be found in [37, 38].

Although encouraging results have been demonstrated, the clustering and dupli-
cates removing techniques have their limitations due to the involved heuristics. For
clustering, how to establish the number of clusters is a problem. If too many clusters
are generated, then the diversity of search results cannot be guaranteed, and contrar-
ily if the clusters are too few, then the search relevance may degrade. In addition,
how to take images’ relevance levels into the clustering process is also a problem.
For duplicates removing, if we set a low threshold for near-duplicate detection, then
the diversity of search results cannot be guaranteed, and contrarily if we set a high
threshold for near-duplicate detection, many informative images will be removed.

2.3 Performance Evaluation Metric

To quantitatively evaluate different ranking schemes, many performance evalua-
tion metrics are proposed in literature. The classical IR metrics such as AP [2] and
NDCG [12] are widely used for measuring search quality. However, they only care
about relevance but do not take diversity into account. Several metrics have been
proposed for evaluating the diversity of search results, including α-NDCG [7], k-
call metric [5] and Intent-Aware measures (NDCG-IA, MAP-IA, MRR-IA) [1]. In
this chapter, we present a new performance metric which takes both relevance and
diversity into account, and thus the images for a query can be ordered by directly
optimizing the performance metric.
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3 Diverse Relevance Ranking

We introduce the Diverse Relevance Ranking (DRR) approach in this section. Here
we present it as a general ranking algorithm and leave the two flexible components,
i.e., relevance score and similarity estimation of images, to the next section. We first
prove that ranking by relevance scores can be viewed as a process of optimizing
the mathematical expectation of the conventional Average Precision (AP) measure.
Then we analyze the limitation of AP and generalize it to an Average Diverse Pre-
cision (ADP) measure to integrate diversity. The DRR algorithm is then derived by
greedily optimizing the mathematical expectation of ADP measurement.

3.1 Average Precision

AP is a widely-applied performance evaluation measure in information retrieval.
Given a collection of images D = {x1, x2, . . . , xn}, we denote the binary relevance
label of xi with respect to the given query as y(xi), i.e., y(xi) = 1 if xi is relevant
and otherwise y(xi) = 0. Denote by τ an ordering of the images, and let τ(i) be the
image at the position of rank i (a lower number indicates image with a higher rank).
Let R be the number of true relevant images in the set D . Then the non-interpolated
AP is defined as

AP(τ ,D) = 1

R

n∑

j=1

y
(
τ(j)

)∑j

k=1 y(τ(k))

j
. (1)

Thereby, ranking images with their relevance scores in decreasing order is the
most intuitive approach. Now we prove that the ranking list generated in this way
actually maximizes the mathematical expectation of AP measurement.

Denote by r(xi) the relevance score of xi (how to estimate it will be introduced
in the next section), and it is reasonable for us to assume that r(xi) = P(y(xi) = 1),
i.e., we regard the relevance score r(xi) as the probability that xi is relevant. Since
R can be regarded as a constant, we do not take it into account in the expectation
estimation. We also assume that the relevance of an image is independent with other
images, and hence the expected value of AP(τ ,D) can be computed as follows

E
{
AP(τ ,D)

} = 1

R

n∑

j=1

j∑

k=1

E{y(τ(k))y(τ (j))}
j

= 1

R

n∑

j=1

1

j

(
r
(
τ(j)

) +
j−1∑

k=1

r
(
τ(k)

)
r
(
τ(j)

)
)

. (2)

Then we have the following theorem:

Theorem 1 Ranking the images in D with relevance scores r(xi) in non-increasing
order maximizes E{AP(τ ,D)}.
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Proof Denote by τ ∗ the ranking of images in D with relevance scores in non-
increasing order, i.e., r(τ ∗(i)) ≥ r(τ ∗(i + 1)). Then we only need to prove
E{AP(τ ∗,D)} ≥ E{AP(τ ,D)} for every possible τ .

Without loss of generality, we consider an ordering τ ′ that has exchange the
documents at the positions of rank i and i + 1 in τ∗, i.e., τ ′(i) = τ ∗(i + 1) and
τ ′(i + 1) = τ ∗(i). Actually it is not difficult to find that any change on the τ ∗ can
be decomposed into a series of such adjacent exchanges. So, our task is simplified
to prove E{AP(τ ∗,D)} ≥ E{AP(τ ′,D)}.

For simplicity, we denote ri = r(τ ∗(i)) and r ′
i = r(τ ′(i)). Since r ′

i = ri+1, r ′
i+1 =

ri , and r ′
k = rk when k �= i and i + 1, we have

� = E
{
AP(τ ∗,D)

} − E
{
AP(τ ′,D)

}

= 1

R

( ∑

1≤j≤n,j �=i,j �=i+1

rj + ∑j−1
k=1 rkrj

j
+ ri + ∑i−1

k=1 rkri

i

+ ri+1 + ∑i
k=1 rkri+1

i + 1

)

− 1

R

( ∑

1≤j≤n,j �=i,j �=i+1

r ′
j + ∑j−1

k=1 r ′
kr

′
j

j
+ r ′

i + ∑i−1
k=1 r ′

kr
′
i

i

+ r ′
i+1 + ∑i

k=1 r ′
kr

′
i+1

i + 1

)

= ri − ri+1 + ∑i−1
k=1 rk(ri − ri+1)

i
− ri − ri+1 + ∑i−1

k=1 rk(ri − ri+1)

i + 1

=
(

1 +
i−1∑

k=1

rk

)
(ri − ri+1)

(
1

i
− 1

i + 1

)
. (3)

Since ri ≥ ri+1, we have � ≥ 0, i.e., E{AP(τ ∗,D)} ≥ E{AP(τ ′,D)}, which com-
pletes the proof. �

This demonstrates that the AP performance evaluation measure encourages pri-
oritizing images with high relevance. However, the measure may not be consistent
with users’ experience due to the neglect of diversity. Figure 3 illustrates an exam-
ple to demonstrate this fact. In Fig. 3(a), all images are relevant and several images
in (b) are irrelevant. Therefore, most probably illustrating images in (a) on the top
of the ranking list will introduce higher AP measurement than (b), but clearly it
provides little information for users because the images are just duplicates. There-
fore, the conventional AP measure can be improved to be more consistent with user
experience by integrating diversity.
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Fig. 3 An extreme example to illustrate the limitation of the conventional AP measure that only
considers relevance. In (a), all the top 10 results are highly relevant to “car” and in (b) several
images are irrelevant. Therefore, illustrating the images in (a) on top in the ranking list will most
probably introduce higher AP measurement than (b), but clearly the images in (b) are more infor-
mative because (a) only illustrates duplicates

3.2 Average Diverse Precision

Here we generalize the existing AP measure to Average Diverse Precision (ADP) to
take diversity into account, which is defined as

ADP(τ ,D) � 1

R

n∑

j=1

y
(
τ(j)

)
Div

(
τ(j)

)(
∑j

k=1 y(τ(k))Div(τ (k))

j

)
, (4)

where Div(τ (k)) indicates the diversity score of τ(k). We define Div(τ (k)) as its
minimal difference with the images appearing before it, i.e.,

Div
(
τ(k)

) = min
1≤t<k

(
1 − s

(
τ(t), τ (k)

))
, (5)

where s(·, ·) is a similarity measure between two images. Comparing the definition
of AP and ADP (see Eq. (1) and Eq. (4)), we can see that the only difference is
that we have changed y(τ(k)) to y(τ(k))Div(τ (k)). For an image in the ranking list,
its contribution to the ADP measure is not only determined by its relevance with
respect to the query but also its difference with the images appearing before it. If
an image is identical to one of the images that have previously appeared, it will
add no contribution to the ADP measurement. Thus the ADP measure takes both
relevance and diversity into account. Denote by τ ∗ the optimal ranking list under
the ADP performance evaluation measure, i.e., the list that achieves the highest
ADP measurement, we can prove that y(τ(i))Div(τ (i)) ≥ y(τ(j))Div(τ (j)) for any
i ≤ j . This indicates that the top images will tend to be more relevant and diverse.
Here we omit its proof since it is analogous to Theorem 1.

3.3 Diverse Relevance Ranking

The DRR algorithm is actually a greedy approach to optimizing the expected value
of the ADP measurement. Analogous to AP, we can estimate the expected value of
ADP as
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E
{
ADP(τ ,D)

}

= 1

R

n∑

j=1

j∑

k=1

E{y(τ(k))y(τ (j))Div(τ (k))Div(τ (j))}
j

= 1

R

n∑

j=1

r
(
τ(j)

)
Div

(
τ(j)

)(Div(τ (j)) + ∑j−1
k=1 r(τ (k))Div(τ (k))

j

)
. (6)

The direct optimization of E{ADP(τ ,D)} is a permutation problem and the solution
space scales is O(n!). Thus here we propose a greedy method to solve it. Consider-
ing the top i − 1 documents have been established, based on Eq. (6) we can derive
that the ith image should be decided as follows

τ(i) = arg max
x∈D−Si

r(x)

i
Div(x)

(
C + Div(x)

)
, (7)

where

Si = {
τ(1), τ (2), . . . , τ (i − 1)

}
, (8)

C =
i−1∑

k=1

r
(
τ(k)

)
Div

(
τ(k)

)
. (9)

Figure 4 illustrates implementation process of the DRR algorithm. Note that C

can be viewed as constant in Eq. (7). So we can clearly see that the selection of
the ith image will be determined by two factors: the relevance of the image and its
difference with the previously selected images.

4 Relevance and Similarity of Social Images

In this section, we introduce the estimation of relevance scores and similarities of
social images, which are the two necessary components of the DRR algorithm (see
Fig. 4). The following notations will be used. Given a query tag tq , denote by D =
{x1, x2, . . . , xn} the collection of images that are associated with the tag. For image
xi , denote by Ti = {t i1, t i2, . . . , t i|Ti |} the set of its associated tags. The relevance

scores of all images in D are represented in a vector r = [r(x1), r(x2), . . . , r(xn)]T ,
whose element r(xi) > 0 denotes the relevance score of image xi with respect to
query tag tq . Denote by W a similarity matrix whose element Wij indicates the
visual similarity between images xi and xj .

4.1 Relevance Estimation

Our relevance estimation approach is accomplished by leveraging both the visual
information of images and the semantic information of tags. Our first assumption is
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Input:
D = {x1, x2, . . . , xn}; /*image collection*/
S = φ; /*selected set*/
r(xi),1 ≤ i ≤ n; /* relevance scores*/
s(xi , xj ); /*the semantic similarity between two images*/
C = 0

Output:
τ /*an order of the images*/

Begin:
τ (1) = arg maxx∈D r(x);
S = S ∪ τ (1);
for i = 2,3, . . . , n

/*decide the ith sample*/
τ (i) = arg maxx∈D−S

r(x)
i

Div(x)(C + Div(x))

S = S ∪ τ (i);
C = C + r(τ (i))Div(τ (i));
for each x ∈ D − S /*update Div(x)*/

Div(x) = min{Div(x),1 − s(x, τ (i)}
end

end

Fig. 4 Pseudo-code of the proposed DRR algorithm

that the relevance of an image should depend on the “closeness” of its tags to the
query tag. Thus we first have to define the similarity of tags. Different from images,
which can be represented as sets of low-level features, tags are textual words and
their similarity exists only in semantics. Recently, there are several works aim to
address this issue [6, 32]. Here we adopt an approach that is analogous to Google
distance [6], in which the similarity between tag ti and tj is defined as

sim(ti , tj ) = exp

(
−max(log c(ti), log c(tj )) − log c(ti , tj )

logM − min(log c(ti), log c(tj ))

)
, (10)

where c(ti) and c(tj ) are the numbers of images associated with ti and tj on Flickr,
respectively, c(ti , tj ) is the number of images associated with both ti and tj simul-
taneously, and M is the total number of images on Flickr. Therefore, the similarity
of the query tag tq and the tag set of image xi can be computed as

sim(tq ,Ti ) = 1

|Ti |
∑

t∈Ti

sim(tq, t). (11)

Figure 5 illustrates two examples to demonstrate the rationality of this approach.
Figure 5(a) and (b) show two images associated with query tags “dolphin” and “ea-
gle”, respectively. Intuitively, we can see that the images on the left are much more
relevant than the images on the right. Then we can see that actually this fact can
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Fig. 5 (a) Two images
tagged with “dolphin”.
(b) Two images tagged with
“eagle”. We can see that the
images on the left are more
relevant with respect to the
query tags, and their
associated tags are also closer
to the query tags

be inferred from the associated tag sets of the images. The tags of the left images
are obviously closer to the query tags (for example, “dolphin” is strongly correlated
with “ocean” and “water”, and this correlation can be reflected on their Google dis-
tance [6]).

Our second assumption is that the relevance scores of visually similar images
should be close. The visual similarity between two images can be directly computed
based on Gaussian kernel function with a radius parameter σ , i.e.,

Wij = exp

(
−‖xi − xj‖2

σ 2

)
. (12)

But it is worth mentioning that we can also adopt other similarity measures here,
such as those proposed in [21, 30]. Note that this assumption may not hold for
several images, but it is still reasonable in most cases. Based on the two assumptions,
we formulate a regularization framework as follows

Q(r) =
n∑

i,j=1

Wij

(
r(xi)√

Dii

− r(xj )√
Djj

)2

+ λ

n∑

i=1

(
r(xi) − sim(tq ,Ti )

)2
,

r∗ = arg minQ(r),

(13)

where r(xi) is the relevance score of xi , and Dii = ∑n
j=1 Wij . We can see that the

above regularization scheme contains two terms. The first term is a smoothness term
which means that the relevance scores between two visually similar images should
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be close (i.e., r(xi) and r(xj ) should be close if Wij is large), and the second term is
a consistency term which means that the relevance score should be consistent with
the relevance of the tag set (i.e., r(xi) should be great if sim(tq ,Ti ) is great. The
above equation can be written in matrix form as

Q(r) = rT
(
I − D−1/2WD−1/2)r + λ‖r − v‖2, (14)

where D = Diag(D11,D22, . . . ,Dnn) and v = [sim(tq ,T1), sim(tq ,T2), . . . ,

sim(tq,Tn)]T .
Taking derivative of Eq. (14) with respect to r, we obtain

∂Q

∂r

∣∣∣∣
r=r∗

= 2
(
I − D−1/2WD−1/2)r∗ + 2λ(r∗ − v) = 0 (15)

and we can derive

r∗ = λ

λ + 1

(
I − 1

1 + λ
D−1/2WD−1/2

)−1

v. (16)

This is the closed-form solution of our optimization framework. However, we
can see that the above solution involves the inversion of an n × n matrix, of which
the computational cost scales as O(n3). Here we present a more efficient algorithm
to solve r in an iterative way:

(1) Construct the image affinity matrix W by Eq. (11) if i �= j and otherwise
Wii = 0.

(2) Initialize r(0). The initial values will not influence the final results.
(3) Iterate r(t+1) = 1

1+λ
D−1/2WD−1/2r(t) + λ

1+λ
v until convergence.

The method can be viewed as a random walk process, and it will converge to a
fixed point, i.e.,

Theorem 2 The iterative process converges to the optimal r∗ in Eq. (16).

Proof According to the iterative function

r(t+1) = 1

1 + λ
D−1/2WD−1/2r(t) + λ

1 + λ
v (17)

we have

r∗ = lim
t→∞

(
1

1 + λ
D−1/2WD−1/2

)t

v

+ λ

1 + λ

(
t∑

m=1

(
1

1 + λ
D−1/2WD−1/2

)m
)

v. (18)

Based on the fact that 0 < 1
1+λ

< 1 and that the eigenvalues of matrix D−1/2WD−1/2

are in (0,1), we have

lim
t→∞

(
1

1 + λ
D−1/2WD−1/2

)t

= 0 (19)
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and

lim
t→∞

t∑

m=1

(
1

1 + λ
D−1/2WD−1/2

)m

=
(

I − 1

1 + λ
D−1/2WD−1/2

)−1

. (20)

Hence,

r∗ = λ

1 + λ

(
I − 1

1 + λ
D−1/2WD−1/2

)−1

v. (21)

This is the same as the closed-form solution in Eq. (16). �

4.2 Similarity Estimation

We define a semantic similarity for social images, which is estimated based on their
associated tag sets. Note that we have obtained the similarity of tag pair in Eq. (10).
Consequently, we estimate the semantic similarity of images xi and xj as

s(xi, xj ) = 1

2|Ti |
|Ti |∑

k=1

max
t∈Tj

sim
(
t ik, t

) + 1

2|Tj |
|Tj |∑

k=1

max
t∈Ti

sim
(
t
j
k , t

)
. (22)

We can see that the above definition satisfies the following properties:

(1) s(xi, xj ) = s(xj , xi), i.e., the semantic similarity is symmetry.
(2) s(xi, xj ) = 1 if Ti = Tj , i.e., the semantic similarity of two images is 1 if their

tag sets are identical.
(3) s(xi, xj ) = 0 if and only if sim(t ′, t ′′) = 0 for every t ′ ∈ Ti and t ′′ ∈ Tj , i.e.,

the semantic similarity is 0 if and only if every pair formed by the two tag sets
has zero similarity.

This method is close to Song et al.’s approach [25], which estimates the similarity
of images based on their annotated semantic concepts. However, their method sim-
ply counts the overlapped concepts of two images and our approach further takes
the relationship between different concepts into consideration. Now we explain why
we do not use visual similarity which should be the most straightforward approach.
First we emphasize that visual diversity and semantic diversity have both been in-
vestigated in many research works [25, 28, 31] and both have their own rationality.
However, in our scheme search relevance will significantly degrade if we adopt vi-
sual similarity. This is because the relevant images are more aggregated in visual
space in comparison with semantic space. To quantitatively demonstrate this fact,
we first define the aggregation score of relevant images for a query as follows

A =
1

|R|2
∑

xi ,xj ∈R s(xi, xj )

1
|R||R̄|

∑
xi∈R

∑
xj ∈R̄ s(xi, xj )

, (23)

where R and R̄ are the sets of relevant and irrelevant images, respectively.
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Table 1 The aggregation
score comparison of using
visual similarity and using
semantic similarity for
several queries. Higher
aggregation score indicates
that relevant samples are
more aggregated in the space
and the diversifying process
is more likely to degrade the
search relevance

Using Visual Similarity Using Semantic Similarity

Car 1.466 1.112

Forest 1.324 1.048

Hairstyle 1.960 1.013

Jaguar 1.333 1.074

Shark 1.588 1.296

Waterfall 1.097 1.052

Then we compare the aggregation scores using visual similarity and semantic
similarity for several queries. The dataset and parameter settings will be described
in the next section. Table 1 illustrates the results. From the table we can see that the
obtained aggregation scores with visual similarity are much higher than those ob-
tained with semantic similarity. This indicates that relevant images are more aggre-
gated in visual space than semantic space (now we can revisit our second assumption
in relevance estimation and see its rationality: the relevance scores of visually sim-
ilar images should be close). Therefore, in our diverse relevance ranking approach
it will be difficult to simultaneously maintain high relevance level and visual diver-
sity. For example, in the process in Fig. 4 if previous images are relevant, then the
next image will have high probability to be irrelevant as we enforce it to be visually
different with the previous images. Empirical results in the next section will demon-
strate this fact and user study will show the superiority of semantic similarity over
visual similarity.

5 Empirical Study

5.1 Flickr Dataset

We evaluate our approach on a set of social images that are collected from Flickr.
We first select a diverse set of popular tags from the tag list of [32], including
airshow, apple, beach, bird, car, cow, dolphin, eagle, flower, fruit, jaguar, jelly-
fish, lion, owl, panda, starfish, triumphal, turtle, watch, waterfall, wolf, chopper,
fighter, flame, hairstyle, horse, motorcycle, rabbit, shark, snowman, sport, wildlife,
aquarium, basin, bmw, chicken, decoration, forest, furniture, glacier, hockey, ma-
trix, Olympics, palace, rainbow, rice, sailboat, seagull, spider, swimmer, telephone,
and weapon. We then perform tag-based image search with “ranking by most re-
cent” option, and the top 2,000 returned images for each query are collected together
with their associated information, including tags, uploading time, user identifier, etc.
In this way, we obtain a social image collection consisting of 104,000 images and
83,999 unique tags. But many of the raw tags are misspelling and meaningless.
Hence, we adopt a pre-filtering process on these tags. Specifically, we match each
tag with the entries in a Wikipedia thesaurus and only the tags that have a coordinate
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in Wikipedia are kept. In this way, 12,921 unique tags are kept for our experiment,
and there are 7.74 tags associated with an image in average.

For each image, we extract 428-dimensional features, including 225-dimensional
block-wise color moment features generated from 5-by-5 fixed partition of the im-
age, 128-dimensional wavelet texture features, and 75-dimensional edge distribution
histogram features. The ground truth of the relevance of each image is voted by three
human labelers. The radius parameter σ in Eq. (12) is empirically set to the median
value of all the pair-wise Euclidean distances between images, and the weighting
parameter λ is empirically set to 0.1 for all queries.

5.2 Empirical Results

We first compare the following six ranking methods:

(1) Time-based ranking, i.e., order the images according to their uploading time.
(2) Relevance-based ranking, i.e., order the images according to their estimated

relevance scores r(xi).
(3) We cluster the images with Affinity Propagation [8], and the cluster exemplars

are put forward in the ranking list and they are ordered according to their rel-
evance scores. The non-exemplars are also ordered based on their relevance
scores.

(4) We first rank images according to their relevance scores and then perform the
folding method proposed in [28]. The parameter ε is set to the mean value of
pair-wise distances among all images.

(5) Diverse Relevance Ranking (DRR) with visual similarity.
(6) Diverse Relevance Ranking (DRR) with semantic similarity, i.e., the method

proposed in this work.

For simplicity, these methods are denoted as “Time-Based Ranking”, “Relevance-
Based Ranking”, “AP-Based Diversifying”, “Folding-Based Diversifying”, “DRR
with Visual Similarity” and “DRR with Semantic Similarity”, respectively. The first
two methods are baseline and the next two methods diversify search results with
clustering approach on a relevance-based ranking list. Figure 6 illustrates the top
results of exemplary query “waterfall” and “triumphal”, from which we can see that
the results of our method are both relevant and diverse, whereas the results of the
other methods are not satisfying in terms of either relevance or diversity. Figure 7(a)
and Fig. 7(b) illustrate the AP and ADP measurements obtained by different meth-
ods, respectively. We also illustrate the mean AP (MAP) and mean ADP (MADP)
measurements that are averaged over all queries. The MAP measurements of the
six methods are 0.583, 0.684, 0.646, 0.621, 0.577 and 0.664, respectively, and their
MADP measurements are 0.308, 0.361, 0.374, 0.334, 0.331 and 0.411, respectively.
It can found that relevance-based ranking achieves the highest AP measurement,
but its ADP measurement is rather low. This indicates that it suffers from the lack-
of-diversity problem. Although the AP-Based Diversifying, Folding-Based Diver-
sifying and DRR with Visual Similarity methods can enhance the diversity, they
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Fig. 6 The top results of different ranking methods of query “waterfall” and “triumphal”

degrade search relevance much in comparison with relevance-based ranking (we
have analyzed why DRR with Visual Similarity will degrade search relevance in
Sect. 4.2) and thus we can see that their ADP measurements are not high. The DRR
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Fig. 7 (a) The comparison of AP measurements of different approaches. (b) The comparison of
ADP measurements of different approaches

with Semantic Similarity achieves the best ADP measurements and it only performs
slightly worse than Relevance-Based Ranking in terms of AP. This shows that it is
able to achieve a good trade-off between relevance and diversity.

We then conduct a user study to compare the six ranking schemes. To avoid
bias, a third-party data management company is involved. The company invited 30
anonymous participants, who declare they are regular users of Internet and familiar
with image search and media sharing websites. They were asked to freely choose
queries and observe image ranking lists. They compared DRR with Semantic Sim-
ilarity, i.e., our proposed approach, with each of the other five ranking approaches
in terms of search relevance and diversity.1 The users are asked to give the com-

1It is worth noting that diversity is not directly related to a user’s search requirements. Therefore,
actually the users are asked to take search relevance and comprehensiveness into account. For
search comprehensiveness, we asked them to imagine different search intentions when they posed
these queries for themselves, and then it is better if the top results in a list cover more possibilities.
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Table 2 The left part illustrates the average rating scores and variances converted from the users
study on the comparison of “DRR with Semantic Similarity” and “Time-Based Ranking”. The right
part illustrates the ANOVA test results. The p-values show that the difference of the two ranking
schemes is significant, and the difference of users is insignificant

DRR with Semantic Similarity vs.
Time-Based ranking

The factor of ranking schemes The factor of users

DRR with
Semantic Similarity

Time-Based
ranking

F -statistic p-value F -statistic p-value

2.40 ± 0.386 1.03 ± 0.033 108.57 2.58 × 10−11 0.656 0.894

Table 3 The left part illustrates the average rating scores and variances converted from the user
study on the comparison of “DRR with Semantic Similarity” and “Relevance-Based Ranking”.
The right part illustrates the ANOVA test results

DRR with Semantic Similarity vs.
Relevance-Based ranking

The factor of ranking schemes The factor of users

DRR with
Semantic Similarity

Relevance-Based
Ranking

F -statistic p-value F -statistic p-value

2.40 ± 0.455 1.133 ± 0.189 46.74 2.5 × 10−11 0.25 0.999

Table 4 The left part illustrates the average rating scores and variances converted from the user
study on the comparison of “DRR with Semantic Similarity” and “AP-Based Diversifying”. The
right part illustrates the ANOVA test results

DRR with Semantic Similarity vs.
AP-Based Diversifying

The factor of ranking schemes The factor of users

DRR with
Semantic Similarity

AP-Based
Diversifying

F -statistic p-value F -statistic p-value

2.43 ± 0.392 1.10 ± 0.162 62.7 9.85 × 10−9 0.3 0.999

parison results using “>”, “�” and “=”, which mean “better”, “much better” and
“comparable”. To quantify the results, we convert the results into ratings. We assign
score 1 to the worse scheme and the other scheme is assigned a score 2, 3 and 1 if
it is better, much better and comparable than this one, respectively. Since there will
be disagreements among the evaluators, we perform an ANOVA test [16] to statisti-
cally analyze the comparison. The five comparison results are illustrated in Table 2,
3, 4, 5 and 6, respectively. The results demonstrate the superiority of our approach
over the other methods. ANOVA test shows that the superiority is statistically sig-
nificant and the difference of the evaluators is not significant. This further confirms
the effectiveness of our approach.

In the user study we also found several failure cases of our approach, such as the
top images are irrelevant or not diverse enough. One major reason is the noises of
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Table 5 The left part illustrates the average rating scores and variances converted from the user
study on the comparison of “DRR with Semantic Similarity” and “Folding-Based Diversifying”.
The right part illustrates the ANOVA test results

DRR with Semantic Similarity vs.
Folding-Based Diversifying

The factor of ranking schemes The factor of users

DRR with
Semantic Similarity

Folding-Based
Diversifying

F -statistic p-value F -statistic p-value

1.97 ± 0.240 1.13 ± 0.195 33.26 3.02 × 10−6 0.15 1.0

Table 6 The left part illustrates the average rating scores and variances converted from the user
study on the comparison of “DRR with Semantic Similarity” and with “DRR with Visual Similar-
ity”. The right part illustrates the ANOVA test results

DRR with Semantic Similarity vs.
DRR with Visual Similarity

The factor of ranking schemes The factor of users

DRR with
Semantic Similarity

DRR with Visual
Similarity

F -statistic p-value F -statistic p-value

2.20 ± 0.441 1.10 ± 0.093 46.37 1.77 × 10−7 0.37 0.996

tags which result in inaccurate relevance and semantic similarity estimation. Per-
forming a tag refinement step [15, 18, 19] to reduce the noisy tags should further
benefit our approach.

5.3 Complexity Analysis

According to the introduction in Sect. 3 and Sect. 4, we can see that the computa-
tional costs of relevance estimation, semantic similarity computation and the DRR
algorithm all scale as O(n2). However, the relevance and similarity estimation can
be accomplished off-line (an image-tag relevance matrix and a sparse image similar-
ity matrix can be stored). We also do not need to generate the full ranking list using
DRR. Actually, we can only generate the list of the first k images with the proposed
algorithm, and then the rest images are simply ranked by relevance scores. In our
experiments, it needs about 1.2 seconds to accomplish the ranking with 2000 im-
ages (Pentium4 3.0G CPU and 2 G memory), and a study on web users shows that
the tolerable waiting time for web information retrieval is about 2 seconds [20]. The
process can still be speeded up by adopting several strategies. For example, we can
rank the images in a piecewise manner, such as first ranking the most relevant 500
images with DRR and put them on the top, and then rank the next most relevant 500
images with DRR, and so forth.
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6 Conclusion

This chapter presents a diverse relevance ranking scheme for social image search,
which is able to simultaneously take relevance and diversity into account. It lever-
ages both visual information of images and semantic information of the associated
tags. The ranking algorithm optimizes an Average Diverse Precision (ADP) mea-
sure, which is generalized from the conventional AP measure by integrating with
diversity. Experimental results have demonstrated the effectiveness of the approach.
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