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ABSTRACT

Social tags have been successfully utilized for image search
and recommendation, yet the tags may be bias and noisy. As-
sisting users to annotate their images with tags that meet their
preferences and efficiently describe the visual content is a fun-
damental objective in multimedia. In this work, we propose to
leverage the image social information, such as tagging pref-
erences of an image owner and social groups that an image
has been shared with, by adopting the well-known neighbor
voting approach for automated image tagging. In specific, we
assign more contributions of neighborhood images which are
socially closer to the target image in the voting procedure.
Meanwhile, the social strength of reference images with re-
spect to the target image is jointly considered. The experi-
ments on a large scale image dataset for tag recommendation
and image search show the advantages of considering image
social clues.

Index Terms— Image tagging, Social clues, Neighbor
voting

1. INTRODUCTION

The proliferation of social sharing websites such as Flickr1

and Instagram2 has led to sheer volume of multimedia data
on the Web. This presents both an opportunity and a chal-
lenge. Most of the uploaded images are augmented by user
contributed tags, which provides an opportunity for easily or-
ganizing, browsing and searching multimedia data. However,
user generated tags may not be visually relevant, and usu-
ally cannot cover the wide range of semantics of multimedia
data. According to [1], only 50% of tags are related to im-
ages. Thus the challenge coming up with the opportunity is
to collectively understanding the user tagging behavior and its
inherent association with visual content at large scale. In past
decades, tremendous research efforts have being devoted on
tagged image analysis. Many innovative applications benefit
from the understanding of this rich source, such as automated
tagging, user tag refinement and image search etc. A com-
prehensive survey on tag-based social image analysis can be

1https://www.flickr.com/
2https://www.instagram.com/
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Fig. 1. Example images from Flickr. The left ones are target
images. (a) The left three images are uploaded by a same user,
and the right image is from the common set. The uploaded
time is showed in the white box. (b) The left three images are
from the group “Reflections Of The World”. The right image
is from the common set. Total number of views is showed in
the white box.

found in [2]. The proposed methods [3, 4, 5] analyze im-
age tags from both visual and textual aspects. There are two
commonly used assumptions underlining these approaches.
Firstly, visually similar images tend to be assigned with simi-
lar tags. Secondly, semantically or statistically correlated tags
should appear with high correlation.

In addition to the utility of visual and textual clues, re-
cent works [6, 7, 8] on social media have proved that social
information is helpful on many traditional applications with
personalized needs. User personal interests, interpersonal in-
terest similarity are exploited from various social activities,
such as friendship connection and tagging history. As a re-
sult, personalized applications can benefit from the modeled
personal needs of users. Despite the success of social oriented
methods, however, the sociality is usually user-centric which
ignores the sociality of image itself, and the social context
with other images on the websites.



In this paper, we address the social image tagging prob-
lem by incorporating image-centric social clues. The socially
related images are from the same user or group with the tar-
get image. As depicted in Figure 1(a), three reference images
have similar visual similarities with the target image. For the
two images from the same user with the target image, there
exist user preferred tags (e.g., “reflection”), which are rare
and may not be tagged by other users. In addition, group
information reflects the major visual aspects of the target im-
ages. As showed in Figure 1(b), the appearance of “reflec-
tion” and “water” in the two reference images from the group
“Reflection Of The World”, which the target image is also
subscribed to, is a strong clue to infer these two tags com-
pared to the image from the common reference set. Thus the
sociality of target image can compensate the visual related-
ness in the collective image tagging approach. Furthermore,
the time drift of user tagging behavior and popularity of im-
ages in the group are jointly considered in our method. The
contributions of reference images are determined by their vi-
sual relevance, social closeness and social strength. As a re-
sult, the inferred tag list will include most important tags with
a better coverage.

2. RELATED WORKS

This paper aims at improving quality of image tags using both
rich multimedia dataset and image social clues. As an active
research field, there have been tremendous approaches pro-
posed in the literature. In this section, we will briefly review
representative works related to image tagging and social im-
age analysis.

2.1. Automated Image Tagging

Image tagging or annotation has been studies for many years.
Typical way [3] adopts supervised learning techniques to
build a discriminative classifier for each tag, which is further
used on the coming images. This model-dependent approach
suffers from lack of training data, and is too computationally
expensive to be used in social image tagging, which involves
large number of tags and testing instances.

Social image tagging aims at refining existing tag list con-
tributed from users and recommending tags for unlabeled im-
ages. While user tags are imprecise, using the collective
knowledge from a large volume of social images becomes a
plausible solution. We can categorize the related works ac-
cording to the used information sources. The most straight-
forward way is to directly exploit tag relation in a semanti-
cal (e.g., WordNet [3]) or statistical (e.g., co-occurrence [9])
way. In [10], tag refinement is achieved by employing random
walk on a pairwise graph, where edges represent mined rela-
tions between tags. In [3], the relevance between an image
and a target concept is estimated by aggregating the similar-
ities between the concept and image associated tags. Visual

information has also been proved to be helpful in image tag-
ging. In [4], tag-image relevances are calculated by voting
the tags appeared in the images visually similar to the target
image. In [5], metric learning is incorporated to determine a
better weight for each neighbor image. In [11, 12, 13, 14],
image similarity and tag information are simultaneously ex-
ploited to refine the initial tag list. Consistency of refined
tag lists among visually similar images is guaranteed using
graph diffusion approaches. In addition to the pairwise rela-
tions, multiple relations among images are exploited in [15]
by constructing a hyper graph, where hyper edges link images
with common textual or visual words. Then tag refinement
is achieved using a hyper graph diffusion method. However,
graph-based approaches cannot directly handle new coming
images. In addition, most of them involve complex optimiza-
tion problems, and thus are unscalable. In contrast, neighbor
voting can handle such kind of out-of-sample problem, and
be easily parallelized in large-scale scenario. In this paper,
neighbor voting strategy is adopted.

2.2. Personalized Image Tagging and Search

In the context of sociality analysis, social activities are usu-
ally referred to users in the forms of user linkages, upload-
ing images, favoring images or joining a group. These ac-
tivities have been investigated in modeling personality and
personalized applications. In [6], a multi-correlation tensor
factorization is proposed for tag refinement by jointly model-
ing user-image-tag relation. Smoothing regularization terms
are integrated in the model to enforce the predictions consis-
tent with user, item and tag. In [8], user tagging history and
content based image annotation are jointly considered to min-
imize the difference between the generated tag rank and user
original tag list. Both of the two works aim at predicting tags
which meet the personal needs of users.

Personalized tagging results can be used for personalized
applications such as image search. Other works handle this
problem directly from user social information. In [16], a per-
sonalized attribute model is learned by transferring a generic
model using a few user specific annotated data. This model
is further leveraged to fulfill user personal search intention.
In [7, 17], user preference on images is learned using page
rank on image graph representing social hints such as image
favorite and user community (group). In this paper, we will
also exploit the rich social information on the Web for image
tagging, but focus more on the sociality of image itself, rather
than Web user.

3. IMAGE TAGGING USING SOCIAL CLUES

Figure 2 shows the framework of our method. Given a tar-
get image, we first analyze its social relation to the reference
image set. Then voting method is performed using neighbor-
hood images selected according to the visual relevance and
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Fig. 2. The framework of our proposed method.

social strength with the target image. In this section, we will
first illustrate the neighbor voting approach. Then the details
of proposed method are given.

3.1. Neighbor Voting

Our proposed method is motivated by local neighbor voting
approach [4, 5], which works surprisingly well on image tag-
ging. This method has the advantage of simplicity, and thus
is suitable for handling large scale problems.

A pool of reference images X = {x1, ..., xN} is collected
from the Web. Let T = {ω1, ..., ωT } denote the vocabulary
including T possible predicted tags. We use yn,t ∈ {1, 0} to
denote the presence/absence of tag ωt in image xn. Given a
testing image I , our goal is to predict the full list of tags based
on the learned tag-to-image similarity R(I, ωt|X ).

All the reference and testing images are represented as
visual features. Firstly, K nearest visual neighbors N (I) are
selected from X based on their distances or similarities with
the target image I . Then the relevance between a candidate
tag and image I can be calculated as

R(I, ωt|X ) =

∑
xn∈N (I) yn,t

K
−

∑
xn∈X yn,t

|X |
, (1)

where first term represents the distribution of tag ωt in the
N (I). To depress the frequent tags (e.g., “picture”), the rel-
evance is decreased by substituting the prior distribution of
tag ωt defined as the second term in Equation 1. To guar-
antee non-negative result, we can set the minimum value of
R(I, ωt|X ) as 1/k for ωt appeared in the neighbors, and zero
otherwise.

To further differentiate the contributions of neighbors
with various visual similarities, we can adopt a weighted
neighbor voting method defined as

R(I, ωt|X ) =

∑
xn∈N (I) s(xn, I)yn,t∑

xn∈N (I) s(xn, I)
−

∑
xn∈X yn,t

|X |
, (2)

where s(xn, I) is the visual similarity between reference im-
age xn and the target image I .

3.2. Social Oriented Neighbor Voting

As discussed in Section 1, social media explicitly and implic-
itly includes many heterogeneous social relations. From the
image’s point of view, we consider two kinds of image so-
ciality, ownership and group information, to facilitate image
tagging, as they are two fundamental elements that have been
well studied in the literature.

A common saying is that a picture is worth a thousand
words. Users have personal preferences on images according
to their interests and backgrounds, and thus may assign very
different tags for the same image. Our method of using own-
ership information is based on following two assumptions.

• The tag lists are closer for two images tagged by the
same user than the ones from different users, even the
visual similarities are same.

• For two images from the same user with target image,
the one with uploaded time closer to the target image
tends to have a tag list similar to the target one, even
the visual similarities are same.

To emphasize the images with stronger social strength, we
assign a weight for the image from the same user with the
target image as

1 + β1e
−α|txn−tI |, (3)

where txn and tI are monthly based uploaded times of the
reference image xn and target image I respectively, α con-
trols the decay speed of time difference, and β1 weights the
contribution of ownership social factor. With Equation 3, the
image from the same user and uploaded time close to I will
be emphasized. This is consistent to above two assumptions.

Instead of using user-group links on Flickr, image-group
relation is exploited. One image may belong to several differ-
ent groups covering its various visual aspects. Similar to the
ownership information, we make two assumptions:

• The images from the same group of the target image
share similar attributes, and thus are more helpful for
tagging the target image.

• Within a group, most viewed images are more popular
and representative.

To reflect these two assumptions, we rank the images of
each group by the number of views. For image xn ranked at
ith position, we define the weight as

1 + β2
N − i

N
, (4)

where N is the total number of images in the group, β2 con-
trols the contribution of group social factor.



To incorporate the two social clues into image tagging,
we can simply replace s(xn, I) in Equation 2 with ŝ(xn, I)
defined as

ŝ(xn, I) =


s(xn, I)× (1 + β1e

−α|txn−tI |), uxn = uI

s(xn, I)× (1 + β2
N−i
N ), gxn

= gI

s(xn, I), others
(5)

where uxn and uI denote the user ID of xn and I respectively.
Similarly, gxn and gI are the groups of xn and I .

4. EXPERIMENT

4.1. Setup

4.1.1. Data Collection

To evaluate our method, we choose NUS-WIDE dataset [18],
which consists of 269,648 photos with their assigned tags col-
lected from Flickr. A ground-truth of 81 manually justified
concepts is also provided. After removing the unaccessible
images, we obtain 233,281 images uploaded by 46,465 dis-
tinct users. The users are ranked by the number of their pho-
tos in the dataset. Then 8,073 images from the top 30 per-
sonal accounts are used as our target (testing) set. We assume
these images are not annotated. All other images in NUS-
WIDE dataset are utilized as reference images. Since we are
considering more social context of images than that is pro-
vided by NUS-WIDE, we further enrich the reference set by
collecting more social related images. Firstly, we collect the
images which belong to the selected top 30 users. Secondly,
we crawl the images of groups, which the testing images are
subscribed to. In total, we obtain almost 7,000 groups. Since
some groups may include thousands of images, others may
have few images. We only collect the top-100 most popular
(viewed) ones from each group. This simplification is rea-
sonable since only the most representative images may affect
the voting results. Finally, we generate a reference set with
almost 700,000 images associated with tags.

4.1.2. Implementation Details

Tag lists are pre-processed by removing stop words and stem-
ming using WordNet Lemmatizer provided in NLTK Toolkit3.
In consideration of robustness and efficiency, we adopt a 255-
D color moment feature and 81-D wavelet textual feature,
which have been successfully used in image concept detec-
tion. The details of these two features can be found in [3].
The two features are further concatenated into a single vector.
To search the nearest neighbors, we adopt exhausted search
based on cosine similarity between image feature vectors.

We compare following neighbor voting methods with and
without using social information. For each method, optimal
settings of α, β1 and β2 are determined by grid search.

3http://www.nltk.org/
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Fig. 3. Performance comparison of different approaches us-
ing user original tag list as ground-truth. Both F-score and
AP are reported with different neighborhood size K.
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Fig. 4. Performance comparison of different approaches us-
ing manually justified ground-truth. Both F-score and AP are
reported with different neighborhood size K.

• Baseline is original neighbor voting (Vote) method pro-
posed in [4] using Equation 1.

• Weighted neighbor voting (W-Vote) using Equation 2.

• Proposed method (S-Vote) using both user and group
social clues defined in Equation 5.

• Simplified social oriented neighbor voting using user
information only (S-Vote-User).

• Simplified social oriented neighbor voting using group
information only (S-Vote-Group).

4.1.3. Evaluation

We evaluate the performance of the proposed method in
achieving accurate list of tags for each image, and finding
images that match given queries respectively. For tag recom-
mendation, we have two kinds of ground-truth. The first one
is user original tag list. This can demonstrate the capability of
proposed method on satisfying user tagging needs. The other
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Fig. 5. Per-query AP of image search results, using relevances learned with various voting approaches. The performance over
all queries is MAP

ground-truth is the 81 tags which are manually justified in
NUS-WIDE. For image search, we rank all the testing images
for each query according to the learned relevances.

We report the results of tag recommendation using F-
score and average precision (AP). Image search results are
evaluated using average precision (AP). F-score is computed
as 2×precision×recall

precision+recall . Average precision (AP) is defined as

AP = 1
R

∑N
n=1 In × Rn

n , where In = 1 if the item ranked at
nth position is relevant, and In = 0 otherwise. R is the num-
ber of relevant items, and Rn is the number of relevant items
for top-n items. The overall performance is computed by av-
eraging over images and keywords for tag recommendation
and image search respectively.

4.2. Experiment Results

4.2.1. Results on Tag Recommendation

Different from tag completion and refinement, where several
initial tags are available, tag recommendation or image anno-
tation aims to suggest a set of tags for an unlabeled image.
Following [5], we assign the top 5 most relevant tags for each
image. Figure 3 shows the results using user original tag list
as ground-truth. It can be observed that W-Vote only achieves
slight improvements over Vote. This is because that the sim-
ilarity values of the nearest neighbors are almost 1. In other
words, visual similarity is less effective to differentiate the
contributions of different neighbors. By incorporating social
clues of ownership and group, both S-Vote-User and S-Vote-

Group improve the results significantly in terms of F-score
and AP. S-Vote further boosts the results by jointly modeling
the two clues. In addition, the improvements are consistently
observed for different neighborhood sizes. Another interest-
ing observation is that S-Vote-User performs much better than
S-Vote-Group. The reason is that S-Vote-User assigns higher
weights to the images from the owner of the target image.
Thus user tagging preference is exploited, and some rare tags
can be boosted in the voting process. When ground-truth is
user original tag list, S-Vote-User achieves superior perfor-
mance. This can help users to reduce the efforts of tagging
their uploaded images.

To further demonstrate the effectiveness of the proposed
method, we show the results using manually justified tags as
ground-truth in Figure 4. Since the ground-truth is carefully
annotated by human, we can assume that these tags are rep-
resentative with respect to the visual content. We can see
that the social-oriented approaches outperform other methods
for various neighborhood sizes. Thus utilizing social clues is
helpful to infer the most significant semantics of visual con-
tent. Different from the results in Figure 3, S-Vote-Group
performs better than S-Vote-User in Figure 4. This is because
an image is usually shared with groups that reflect its most
important visual aspects. Using group information, the repre-
sentative tags are emphasized in the voting process. In both
experiments, using initial user tag list or manually labeled
concepts as ground-truth, the S-Vote outperforms all the com-
pared methods by combining the two social clues.



4.2.2. Results on Image Search

Figure 5 shows the AP of image search. Note that we only
evaluate 79 out of 81 queries (“map” and “soccer” are re-
moved), which have relevant images in our selected testing
set. Different from the results showed in Figure 3 and Fig-
ure 4, which evaluate the quality of tag rank for each testing
image, Figure 5 shows the quality of the image rank list cor-
responding to a given query. The mean AP (MAP) of Vote
is slightly improved by W-Vote. Using social clues, S-Vote-
User, S-Vote-Group and S-Vote improve the MAP of Vote
by 22%, 28% and 36.8% respectively. Among the 79 tested
queries, 71 of them benefit from using image social informa-
tion. Most of the queries suffering from performance degra-
dation have few instances in the testing set such as “com-
puter” and “fish”, and all the voting based approaches cannot
achieve satisfied results. Since the queries are general key-
words, S-Vote-Group (MAP = 0.156) performs better than
S-Vote-User (MAP = 0.148), which is consistent to the ob-
servations in Figure 4.

5. CONCLUSION

This paper presents a social oriented neighbor voting method
for learning tag-image relevance. The sociality is exploited
from the images’ perspective, rather than users on social Web-
sites. The ownership information helps to infer user preferred
tags, and the group information provides a strong clue of ap-
pearance of the major semantics in target images. The social
strength with target images is also considered. Experiments
on NUS-WIDE dataset demonstrate the superiority of pro-
posed methods for tag recommendation using either user orig-
inal tag list or manually justified tags as ground-truth. In ad-
dition, general image search can also benefit from the learned
relevance using image social clues. In future work, we will
consider to exploit more social relations (e.g., Geo-location),
and incorporate the social clues to other image tagging ap-
proaches.
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