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ABSTRACT
Nowadays the locations of social images play an important
role in geographic knowledge discovery. However, most so-
cial images still lack the location information, driving loca-
tion estimation for social images to have recently become
an active research topic. With the rapid growth of social
images, new challenges have been posed: 1) data quality of
social images is an issue because they are often associated
with noises and error-prone user-generated content, such as
junk comments and misspelled words; and 2) data spar-
sity exists in social images despite the large volume, since
most of them are unevenly distributed around the world and
their contextual information is often missing or incomplete.
In this paper, we propose a spatial-aware multimodal loca-
tion estimation (SMLE) framework to tackle the above chal-
lenges. Specifically, a spatial-aware language model (SLM)
is proposed to detect the high quality location-indicative
tags from large datasets. We also design a spatial-aware
topic model, namely spatial-aware regularized latent seman-
tic indexing (SRLSI), to discover geographic topics and alle-
viate the data sparseness problem existing in language mod-
eling. Taking multi-modalities of social images into consid-
eration, we employ the learning to rank approach to fuse
multiple evidences derived from textual features represented
by SLM and SRLSI, and visual features represented by bag-
of-visual-words (BoVW). Importantly, an ad hoc method is
introduced to construct the training dataset with spatial-
aware relevance labels for learning to rank training. Finally,
given a query image, its location is estimated as the loca-
tion of its most relevant image returned from the learning
to rank model. The proposed framework is evaluated on
a public benchmark provided by MediaEval 2013 Placing
Task, which contains more than 8.5 million images crawled
from Flickr. Extensive experiments on this dataset demon-
strate the superior performance of the proposed methods
over the state-of-the-art approaches.
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1. INTRODUCTION
In recent years, driven by the proliferation of GPS-enabled

devices and media-sharing platforms such as Flickr, Twitter,
YouTube and Foursquare, people have been creating large
collections of online multimedia content with coordinates. It
has been reported that 62% of on-the-go consumers publish
social sharing images, videos or posts with geo-tags, which
are either manually labeled or automatically assigned by
GPS-enabled devices [21]. Such georeferenced community-
contributed content has been attracting extensive attention
from both industry and research communities [18].

However, publicly-visible location annotations are remark-
ably sparse in online data. It has been estimated that only
about 5% of the existing multimedia content on the Inter-
net is actually geotagged [7]. Specifically, only 2.5% of the
most-viewed videos on YouTube and approximately 4.3% of
Flickr images are tagged with coordinates. Therefore, mul-
timedia location estimation has become an active research
topic. This task is also known as geocoding in the geographic
information retrieval community and geotagging or georef-
erencing in the multimedia field [18]. In this paper, we are
focused on the social image location estimation by utilising
both the visual and textual information.

Location estimation based on visual content has been widely
studied. The intuition is that the locations of two images
might be close to each other if they share highly similar vi-
sual content. Early visual-based methods make the estima-
tion within a geographically constrained area, such as urban
environments or city-scale areas [29, 23]. [11] is among the
first to address the images location estimation at the global
level and [16] introduces a geo-visual ranking method to fur-
ther improve the accuracy. Both work employ content-based
image retrieval (CBIR) techniques to search the visually-
nearest-neighbors with respect to a geotagged image corpus,
and estimate the location of an image according to the co-
ordinators of its neighbors.

The main drawback of the visual-based methods lies in
the low prediction accuracy. They require images to contain
landmarks with highly discriminative visual patterns, which
rarely happens for many social images. Therefore, textual
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Figure 1: The proposed spatial-aware multimodal location estimation framework.

information is involved naturally, which aims to make an
accurate estimation by exploiting the metadata including
tags, titles and descriptions associated with social images.
It has been found that language modeling (LM) approaches
are particularly suitable [24, 25]. While gazetteers have tra-
ditionally been the main tool to assess the geographic scope
of textual resources, they are limited to manually compiled
lists of toponyms. As a compensation, large collections of
georeferenced text, such as the associated tags of geotagged
Flickr images, can be used to identify correlations between
occurrences of terms and particular places. A vital step for
these approaches is to extract spatial-aware terms [19] that
are most indicative of geographic locations from a given text
collection. Language model smoothing is required due to
data sparseness. However, traditional smoothing techniques
are not well tailored to the location estimation problem. In
this paper, we propose a spatial-aware topic model to dis-
cover compact and readable geographic topics from georef-
erenced text. Integrated with language modeling, this topic
model can serve as an effective smoothing technique to alle-
viate the data sparseness problem.

Inspired by the aforementioned observations and analy-
sis, here we propose a spatial-aware multimodal location es-
timation (SMLE) framework for location estimation of so-
cial images. As illustrated in Fig.1, the framework has an
offline process and an online process. In the offline pro-
cess, learning to rank (L2R) is employed to combine three
lists of relevance scores computed from the spatial-aware
multi-modeling module (SMM) which consists of three mod-
els, namely spatial-aware language model (SLM), spatial-
aware regularized latent semantic indexing model (SRLSI)
and bag-of-visual-words image retrieval model (BoVW). Given
a geotagged dataset, such as Flickr images and their tags,
SMM handles these data by three models accordingly. Tags
are preprocessed with spatial-aware tag weighting and tag
expansion, and then consumed by SLM and SRLSI. And
images are used by the BoVW model for visual word dictio-
nary construction and indexing. To effectively train learn-
ing to rank, we introduce an ad hoc method to construct
the training dataset with spatial-aware relevance labels. In
the online process, given a query (or test) image, it is firstly
processed by SMM to generate three lists of relevance scores

from database images, which are then fused by the learning
to rank model to generate the final ranking list. The final
location estimation is conducted by propagating the top one
image’s location to the query image.

Our main contributions are summarized as follows: 1)
the location is estimated by considering multimodal rele-
vance scores obtained from three different models includ-
ing SLM, SRLSI and BoVW; 2) the visibility of location-
indicative tags is enhanced by spatial-aware tag weighting
and tag expansion; 3) a novel topic model is designed to
learn geographic topics from social images according to their
location-indicative tags; 4) an ad hoc method is developed
to construct the training dataset with spatial-aware rele-
vance labels for learning to rank training; 5) an extensive
performance study is conducted on a large-scale benchmark
dataset to prove the effectiveness of our framework, in com-
parison with the state-of-the-art methods.

The rest of the paper is organized as follows. Related
work is reviewed in Section 2. The proposed SMM and its
methodologies are presented in Section 3, followed by learn-
ing to rank in Section 4. Section 5 reports the results and
the paper is concluded in Section 6.

2. RELATED WORK
In this paper, we focus on the location estimation for social

images on a global scale. More comprehensive surveys about
geotagging in multimedia and computer vision domains and
its applications can be found in [18] and [4]. In this section,
we divide related work into three categories according to the
modalities they utilized.

The first group is visual-based location estimation. Early
work simplifies the problem to do estimation within a highly
geographically constrained area. Given an urban images
dataset, Zhang et al. [29] first select the best visually simi-
lar candidates based on SIFT keypoints matching and then
estimate the location by performing position triangulation
on top two best reference views selected by the camera mo-
tion estimation. Schindler et al. [23] work on a city-scale
images dataset, and point out that the accuracy can be
greatly improved by choosing the most informative visual
features during vocabulary construction and efficiently in-
creasing the branching factor in vocabulary tree searching.
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Hays and Efros [11] address the image location estimation
in a global level. They first collect 6 million of geotagged
Flickr images and extract various visual features. For each
query image, they calculate its aggregated feature distances
against the whole referenced dataset in order to find the
nearest-neighbors, and estimate the location according to
these neighbors’ coordinates. Li et al. [16] further refine the
visually similar candidates by considering their geo-visual
neighbors which are both geographically nearby and visu-
ally similar.

The second group is textual-based location estimation.
Serdyukov et al. [24] estimate the locations of Flickr images
by using a language model purely based on the tags assigned
by users. They further improve the model by location-aware
form of smoothing which utilized the spatial distribution of
tags. Van Laere et al. [25] propose a two-step approach
which first determines the most possible area for the query
image based on language model and then performs similar-
ity search within this area to find the most textually sim-
ilar candidate for final location estimation. They further
improve the classification accuracy by spatial-aware terms
selection [19] which reduces the negative impact of noisy
tags by detecting the most location-indicative tags from the
whole corpus. Another approach to improve the language
model is to combine it with geographic topic model. For ex-
ample, Eisenstein et al. [6] propose a multi-level generative
model to discover coherent topics and their regional variants
which reveal topic-specific regional distinctions.

The third group is multimodal location estimation. Fried-
land et al. [7] introduce the concept of multimodal loca-
tion estimation which leverages cues from the visual and the
acoustic content of a video as well as from the given meta-
data. They attempt to classify which city a video comes
from by matching videos containing audio from ambulance
sirens in different cities. User specific modeling approaches
utilize social relationship for location estimation. For ex-
ample, since most social images are home-style, [13] incor-
porates user home location prior to favor location which is
closed to user’s home and shows great accuracy improve-
ment. On the other hand, most users nowadays use Twitter
to share their experiences while traveling, Hauff et al. [9]
show that extracting location information from users’ mi-
croblog stream can also benefit images locating.

3. SPATIAL-AWARE MULTI-MODELING
In this section, we give a detailed description of the pro-

posed spatial-aware multi-modeling module (SMM) in the
proposed spatial-aware multimodal location estimation frame-
work, including its three models: spatial-aware language
model, spatial-aware topic model, and BoVW image retrieval
model. The relevance scores computed from the above three
models will be used in learning to rank for both offline train-
ing and online location estimation.

3.1 Spatial-aware Language Model
To estimate the location of a query image, a straightfor-

ward solution is to find the most similar image from the
database and assign its location to the query image. Given
that each image is associated with a set of tags, it can be rep-
resented by its tags as a document. Usually, this document
is short as images are generally assigned with a limited num-
ber of tags. Traditionally, this image textual representation
only treats the associated tags with equal weights, which

limits the advantage of taking into account the significant
location information carried by the location-indicative tags.
For the problem of location estimation, we improve the im-
age textual representation by considering: 1) spatial-aware
tag weighting, which assigns high weights to the location-
indicative tags; and 2) spatial-aware tag expansion, which
alleviate the problem that short text documents yield little
in the way of term frequency information.

3.1.1 Spatial-aware Tag Weighting
In order to increase the weights of the tags that carry

geographical cues, we apply the method proposed in [19] to
calculate the spatial-aware weight for each tag. Given a tag
t and the image set Lt consisting of the images with this
tag, the weight of t, denoted as s(t), is computed as:

s(t) = logNt ·
∑

p∈Lt(|{q|q ∈ Lt,q 6= p, dist(p,q) ≤ λ}|)w

N2
t

,

(1)
where Nt = |Lt| is the total number of occurrences of tag t,
p and q are images in Lt, dist(·) is the geographic distance
(e.g., Haversine distance), λ is the distance threshold, and w
is the hyper-parameter controlling the weight to favor tags
whose occurrences are centered around only a few locations.
The weight s(t) is calculated in the way similar to “tf-idf”,
where the first part logNt prefers tags with high frequencies
in the corpus and the second part will downgrade the s(t) if
tag t spreads all over the world and vise verse. Specifically,
when w = 1, if all the images with tag t are clustered in a
small region (controlled by λ), then the second part will be
close to 1, otherwise, close to 0. For each tag in the corpus,
we calculate its spatial-aware weight by Eq.1 and apply it
in the language model and topic model later on.

3.1.2 Spatial-aware Tag Expansion
Given that each image is represented as a short document

consisting of its tags, it is assumed that document close-
ness may indicate geographical closeness of images, if those
tags are location-indicative. However, similarity search in
short documents is challenging for traditional retrieval mod-
els because most tags occur only once in a single document.
It is difficult to accurately estimate the relevance of docu-
ments in terms of term frequency. There are two ways to
address such problem: 1) apply document clustering dur-
ing language model smoothing; and 2) document expansion,
which modifies each document by adding additional terms
from its neighborhood documents. The latter one is partic-
ularly useful to the retrieval of short and noisy documents,
where the additional terms can enrich the document content.

We propose the following method to expand the tags of
each image in the whole corpus to enhance their location
visibility. For each image represented by di in the image
corpus D, we find a set of its neighbors Di which satisfies:

Di = {dj |∀dj ∈ D, j 6= i, dist(di,dj) 6 λ1, |di ∩ dj | > λ2},
(2)

where dist(·) is the geographic distance between the loca-
tions of the corresponding images di and dj , and |di ∩ dj |
is the number of their overlapping tags. We expand di by
duplicating the tags which also appear in its neighborhood
images. In details, for any dj ∈ Di, its overlapping tags with
di will be duplicated in di. For example, given di={Paris,

Eiffel, flower} and its two neighbors d
′
j={Eiffel, night} and

d
′′
j ={Eiffel, sunny}, di will be expanded to {Paris, Eiffel,
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Eiffel, Eiffel, flower} as “Eiffel” appear twice in two neigh-
boring images. In this case, the tags in di are not unique
any more. The duplicate tags in di are assigned with the
same weight as computed in Eq.1 and assumed to be of high
importance to their belonging images in location estimation.
It can be understood that such tag expansion actually in-
creases the frequency of location-indicative tags in image’s
textual representation. We conduct the spatial-aware tag
expansion on all the images in the corpus D.

3.1.3 Language Model Relevance Calculation
Given a query image q represented by its tags, we ap-

ply the query likelihood retrieval model [20] to calculate the
relevance between the query q and any image d from the
corpus where spatial-aware tag weighting and tag expansion
is applied. In the query likelihood retrieval model, the lan-
guage model score, denoted as P (q|d), is formally defined
as follows:

P (q|d) =
∏
t∈q

(P (t|d)× s(t)), (3)

P (t|d) =
tft,d + µP (t|D)

|d|+ µ
, (4)

where t stands for a tag, and µ is the Dirichlet prior param-
eter that needs to be tuned.

The language model score P (q|d) is used to measure the
relevance between q and d, which is based on the tag match-
ing between the query image and the corpus images. For
easy illustration in the rest of the paper, we denote the
the relevance score between q and d computed from our
spatial-aware language model as slm(q,d). In other words,
slm(q,d)=P (q|d). This spatial-aware language model (SLM)
is one of the three models in the proposed SMM. The rele-
vance score computed from SLM is one of the three scores
to be fused in learning to rank.

3.2 Spatial-aware Topic Model
Besides the language model score, we define the topic

model score in this subsection. Essentially, the SLM is based
on the tag matching (or term matching). The advantage of
incorporating the topic model is to alleviate the “term mis-
match” problem. Traditional text retrieval models, such as
vector space model, language model and BM25, are all based
on term matching. The term mismatch problem arises when
the documents and the query use different terms to describe
the same concept, and thus relevant documents may get low
ranking scores. It is beneficial to integrate the topic match-
ing scores with the term matching scores, to leverage both
broad topic relevance and specific term relevance. Here we
consider using the topic model to further improve the accu-
racy of textual-based location estimation. However, existing
topic models are not well suited for location estimation, since
they do not consider the location property of tags associated
with social images.

In this subsection, we present a spatial-aware tag repre-
sentation instead of using traditional term score vector (e.g.,
tf-idf) for latent topics learning, based on which a spatial-
aware topic model named spatial-aware regularized latent se-
mantic indexing (SRLSI) is proposed to discover geographic
topics by incorporating image location factors during the
topic learning phase.

3.2.1 Spatial-aware Tag Representation
Existing topic modeling methods represent a document as

a M -dimensional vector, where the mth entry denotes the
score of the mth term, such as a boolean value indicating
occurrence, term frequency, tf-idf score, and joint probabil-
ity of the term and document. The term score is designed
to indicate the importance of a term in a specific document.
Therefore, in the context of location estimation, we replace
the traditional term score with the spatial-aware tag repre-
sentation. Specifically, we use the tag weight calculated by
Eq.1 to represent each image d = (d(1), ..., d(M)) in corpus
D as follows:

d(m) =

{
s(tm) tm ∈ Td

0 otherwise
,m ∈ [1,M ], (5)

where tm is the mth tag in the tag vocabulary, Td is the set
of tags in image d, and M is the size of the tag vocabulary
of the entire corpus. Experimental results in Section 5.3.2
show that this representation significantly improves the lo-
cation estimation accuracy compared with the traditional
representations.

3.2.2 Regularized Latent Semantic Indexing
There are various topic modeling methods [2], such as La-

tent Semantic Indexing (LSI), Probabilistic Latent Semantic
Indexing (PLSI), and Latent Dirichlet Allocation (LDA). In
real-world applications, however, the usefulness of the topic
modeling is often limited due to the scalability issue. Most
solutions require drastic steps such as vastly reducing the
size of term vocabulary to achieve efficient modeling. Reg-
ularized Latent Semantic Indexing (RLSI) [26] can scale to
large datasets without reducing the term vocabulary. Given
an image corpus D, RLSI aims to solve the following opti-
mization objective function:

min
U,{vn}

N∑
n=1

||dn−Uvn||22+λ1

K∑
k=1

||uk||1+λ2

N∑
n=1

||vn||22, (6)

where U = [u1, ...,uK ] is the latent topics, K is the number
of topics, V = [v1, ...,vN ] is the topic representations of each
image in D, and λ1 and λ2 are the parameters that control
the effects of their regularization terms. By optimizing the
above objective function, RLSI simultaneously learns the la-
tent topics as well as topic representations. Based on RLSI,
we propose the Spatial-aware RLSI (SRLSI) to calculate the
geographic topic relevance between images.

3.2.3 Spatial-aware RLSI
To utilize the location cue of each image, the intuition of

SRLSI is that: given two images di and dj , if |di ∩dj | > θ1
and dist(di,dj) < θ2, then the Euclidean distance ||vi−vj ||2
should be small. In other words, if two images are geo-
graphically closed to each other and share a certain number
of common tags, their latent topic representations vi and
vj should be similar. Therefore, we propose the objective
function of SRLSI as follows:

min
U,{vn}

(

N∑
n=1

||dn−Uvn||22 +λ1

K∑
k=1

||uk||1 +λ2

N∑
n=1

||vn||22+

λ3

N∑
i,j=1

wij ||vi − vj ||22), (7)
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where the non-negative weight wij > 0 controls the effects
of the latent topic representation distances among different
image pairs, and λ3 controls the effects of the whole corpus’
latent topic representation similarity among all the image
pairs. If wij = 0, the distance of vi and vj will not be con-
sidered. If wij is large, it will penalize the image pairs with
large latent topic representation distance, and as a result,
the objective function will flavor smaller ||vi − vj ||22 during
each optimization iteration.

By embedding location closeness in the weighted adja-
cency matrix W=(wij)i,j=1,...,N , we are able to discover ge-
ographic topics which are geographically close. By setting a
proper W , we can learn similar geographic topic representa-
tions for certain image pairs. Specifically, we set:

wij =

e−
dist(di,dj)

2σ2
dist if |di ∩ dj | > θ1 and dist(di,dj) 6 θ2

0 otherwise
,

(8)
where the parameter σdist controls the width of the spatial
neighborhoods, θ1 is the constraint of the minimum num-
ber of overlapping tags, and θ2 is the maximum allowable
geographic distance.

We regard the above topic model as a spatial-aware topic
model to discover geographic topics. The optimization of
Eq.7 is convex with respect to U when V is fixed and is
convex with respect to V when U is fixed. However, it
is not convex with respect to both of them. Following the
practice in sparse coding, we optimize the objective function
by alternately minimizing it with respect to tag-topic matrix
U and topic-image matrix V. This procedure is summarized
in Algorithm 1.

Algorithm 1 Spatial-aware RLSI

Require: D ∈ RM×N
1: V(0) ∈ RK×N ← random matrix
2: for t = 1 : T do
3: U(t) ← UpdateU(D,Vt−1)

4: V(t) ← UpdateV(D,Ut)
5: end for
6: return U(T ),V(T )

Algorithm 2 UpdateU

Require: D ∈ RM×N ,V ∈ RK×N
1: S← VVT

2: R← DVT

3: for m = 1 : M do
4: ūm ← 0
5: repeat
6: for k = 1 : K do
7: wmk ← rmk −

∑
l6=k skluml

8: umk ←
(|wmk|− 1

2
λ1)+sign(wmk)

skk
9: end for

10: until convergence
11: end for
12: return U

Holding V fixed, the update of U is illustrated in Algo-
rithm 2. With U fixed, the update of V amounts to the

following optimization problem:

min
{vn}

N∑
n=1

||dn−Uvn||22+λ2

N∑
n=1

||vn||22+λ3

N∑
i,j=1

wij ||vi−vj ||22.

(9)
Applying the spectral clustering graph construction [27, 28]
on the last weighted sum component of Eq.9, we have:

min
V
||D−UV||2F + λ2||V||22 + λ3Tr(VLVT ), (10)

where L is the graph Laplacian matrix. There are several
variants of graph Laplacians, while we use the unnormalized
graph Laplacian defined as:

L = D̃−W, (11)

where D̃ is the diagonal matrix D̃ii =
∑
j wij . Now the

update of V amounts to solving the optimization problem
Eq.10. Let its differentiation w.r.t V to zero, we have:

(UTU + λ2I)V + λ3VL = UTD. (12)

Eq.12 is a Sylvester equation which can be solved in parallel
by parallel explicitly blocked Bartels-Stewart algorithm [8].

3.2.4 Topic Model Relevance Calculation
Given a query image q and a corpus image d, we calculate

their relevance in the geographic topic space as follows. The
query is represented in the geographic topic space as:

vq = argmin
v
||q−Uv||22 + ||v||22, (13)

where vector q is a weighted representation (e.g., tf-idf,
spatial-aware weighting, etc.) of the query in the tag space.
d is represented as vd in the geographic topic space in the
similar way. Their geographic topic relevance, denoted as
stm(q,d), is then calculated as:

stm(q,d) =
〈vq,vd〉

||vq||2 · ||vd||2
, (14)

which will be used in the final ranking step.

3.3 BoVW Relevance Calculation
The proposed two textual-based models have been dis-

cussed in Section 3.1 and 3.2. Here we also consider the vi-
sual relevance of social images in addition to the textual rele-
vance. The typical SIFT feature and the bag-of-visual-words
(BoVW) representation are applied. To construct our visual
word dictionary, we extract SIFT features from images and
post-process them to RootSIFT [1] in order to boost the
retrieval performance. Fast approximate k-means cluster-
ing algorithm is implemented to build the visual codebook.
We build the vocabulary of one million visual words for the
whole image corpus. The inverted file is used to index all
the corpus images to achieve efficient retrieval.

This bag-of-visual-words image retrieval model is regarded
as the third model in the SMM. The visual relevance be-
tween a query image q and a corpus image d is measured by
the cosine similarity of tf-idf weighting based on the BoVW
representation, denoted as sbovw(q,d).

4. LEARNING TO RANK
Given a query image, we can get three lists of relevance

scores generated by the three models in the SMM, as de-
scribed in Section 3. How to fuse these result lists and gen-
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erate the final ranking list is the question to be answered in
this section.

Learning to rank (L2R) is widely applied for ranking cre-
ation in modern information retrieval system, which lever-
ages machine learning technologies to innovate more effec-
tive ranking models [14]. In this paper, we adopt the list-
wise L2R model [3] to fuse three result lists. In the list-
wise L2R model, suppose that for a query image q, its re-
lated candidate images d1,d2, ...,dn retrieved by the SMM,
and the relevance grade labels y = {y1, y2, ..., yn} for each
corresponding candidate are given. The vector xi for each
candidate image di is a triplet of the three models’ rele-
vance scores: xi = 〈slm(q,di), stm(q,di), sbovw(q,di)〉. Let
X = {x1,x2, ...,xn} represent the list of all the candidates
with their relevance scores. Each (X,y) pair w.r.t a given
query q is regarded as one training instance. Given a num-
ber of m training instances I = {(X1,y1), ..., (Xm,ym)},
listwise L2R can be formalized as minimizing the following
empirical risk function R̂:

R̂(F ) =
1

m

m∑
i=1

L(F (Xi),yi), (15)

where F (·) is the ranking function, and L(·, ·) is the loss
function that evaluates the prediction accuracy of F (X)
against the corresponding grades y. The goal of the learning
task is to automatically learn a function F̂ (·) minimizing R̂.

The first step of learning to rank for our location estima-
tion task is to prepare a high-quality training dataset I with
spatial-aware relevance labels y for each list X in order to
learn an effective ranking model. Most commercial search
engines obtain the ground truth relevance labels by min-
ing users’ click logs during searching or browsing behaviors,
which is cheap to obtain. However, in location estimation,
there is no such log data for mining. Although we can ob-
tain training data by asking human annotators to label the
relevance of a candidate image d w.r.t a query image q, it
is extremely time-consuming to generate sufficient training
data for effective learning. Here we introduce an ad hoc
method to construct a training dataset with spatial-aware
relevance labels for listwise L2R training in the context of
location estimation.

We randomly select a number of images from the train-
ing dataset as pseudo-queries. For each pseudo-query image
q, we generate the list X by combining the three relevance
score lists of candidate images derived from the SMM. The
corresponding spatial-aware relevance label for each candi-
date image di is calculated as follows:

yi =

G∑
g=1

αgχAg (dist(q,di)), (16)

χAg (dist(q,di)) =

{
1 if dist(q,di) ∈ Ag
0 if dist(q,di) 6∈ Ag

, (17)

where G is the number of different relevance grades, αg is
the defined relevance grade value, Ag is distance interval,
and χAg is the indicator function of Ag. For example, given
A1 = [0, 10) as a distance interval of 0 to 10 meters and
α1 = 10, if dist(q,di) ∈ A1, then yi will be assigned with the
relevance grade value of yi = α1 = 10. Different relevance
grades can be defined to flavor different distance intervals.
We go though all pseudo-query images to generate a training

dataset I with spatial-aware relevance labels for listwise L2R
model training.

When conducting the location estimation, given a query
image, we first retrieve a list of the most relevant image
candidates (e.g., top 100) from each of the three models in
the SMM, and then merge them into one list (i.e., X) by
combining the same image candidate’s multimodal scores
into a triplet vector. The non-existence of a candidate image
represents zero relevance score in one list. The merged list
is then taken the input of the trained L2R model to predict
the final relevance score of each candidate image. The final
location of the query image is estimated as the location of the
candidate image with the highest relevance score computed
from the trained listwise L2R model.

5. EXPERIMENT
In this section, we evaluate the performance of the pro-

posed methods on location estimation. To this end, we use
the following two metrics: 1) accuracy at x km is the per-
centage of test images estimated within x km of the ground
truth location. The values of x can be 1 km, 10 km, and 100
km etc.. As the estimated location is represented by lati-
tude and longitude, the great-circle (Haversine) distance is
applied in our experiments; 2) median error distance (MER)
is the error distance that no more than half of the test images
exceed. The first metric measures the accuracy at different
levels of location granularity. The median error distance, on
the other hand, presents the overall performance by a single
value, which is convenient for overall comparisons.

In the following, we first describe the evaluation bench-
mark and data preprocess. As the proposed framework
involves multi-modalities in the final ranking for the loca-
tion estimation, we conduct comprehensive experiments to
observe the effects of each model in the SMM separately,
followed by the fused results from the trained listwise L2R
model. Finally, we compare our whole framework with exist-
ing methods. All the experiments are conducted on a Linux
server with 40 3.0GHz CPU cores and 256GB memories.

5.1 Benchmark and Data Preprocess
Placing Task has been introduced in MediaEval1 evalu-

ation campaign since 2010. This task requires the partici-
pants to estimate the locations (i.e., longitude and latitude)
of Flickr resources (images/videos) based on their associated
tags, visual features, and metadata information. Accuracy
at x km is used in this task for the performance evaluation.
In 2013, they provided a dataset with more than 8.5 million
training images and 250,000 test images [10]. We use this
benchmark for evaluation in the following experiments.

For textual-based location estimation, not all the images
in the training dataset are useful. We carry out two stan-
dard preliminary filter steps on it: 1) images without tags
are removed; 2) Flickr users are allowed to upload multiple
images with the same tags or metadata at once. In order to
mitigate the negative effect of bulk upload [24], for images
uploaded on the same date with identical tag set and coordi-
nates, we only keep the first uploaded image in the training
dataset as their representative.

As a result, we generate a preprocessed training dataset
with 4,539,384 images. In order to avoid overfitting on test
dataset, for parameters tuning of the proposed spatial-ware

1http://www.multimediaeval.org/
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Figure 2: Comparison of the baseline (LM) and language
model with spatial-aware tag weighting (LM+STW).

language model (SLM) and topic model (SRLSI), we ran-
domly sample 50,000 images from the training dataset as a
validation dataset, and the rest are used for training. Note
that when separating the validation dataset from the train-
ing dataset, we ensure all the images from the same user are
either in the training dataset, or in the validation dataset,
in order to avoid an unfair exploitation of user-specific tags
[19]. This validation dataset is also used for training the
listwise L2R model. The 250,000 test images are used for
the final location estimation performance evaluation.

5.2 Performance of SLM
The location of a query image is estimated as the location

of the query’s most relevant image from the database. To
evaluate the effectiveness of the proposed SLM, we can only
consider the query and database images which have textual
tags. The baseline language model used for the comparison
is derived by [20], where the relevance score is calculated
similarly to Eq.3 by setting the weight of each tag s(t) to be
1. This model treats the weights of all tags equally without
the consideration of their location indication. The effects of
the spatial-aware tag weighting (STW) and the performance
gains after applying the spatial-aware tag expansion (STE)
are discussed in the following sections respectively.

5.2.1 Spatial-aware Tag Weighting
Following [19], we set w = 1 and λ = 40 km in Eq.1

to favor tags that are clustered around a small number of
locations. Given a query image, the baseline LM method
considers all its tags as a plain text query for retrieval. In
contrast, with STW, we assign different weights to each tag.

Fig.2 presents the median error distance of the baseline
LM and the LM with STW regarding different Dirichlet prior
µ values in Eq.4. The lowest median error distance for the
baseline method is obtained when µ ∈ [5, 10] because most
images contain five to ten tags, which means that the aver-
age text length is rather short. Comparing with the baseline
LM method, we observe that LM with STW reduces the me-
dian error distance significantly and performs much stable
than the baseline regarding to different µ values. This ob-
servation confirms that location-indicative tags play a much
more important role than other tags in location estimation.

5.2.2 Spatial-aware Tag Expansion
We preprocess the corpus images with STE described in

Section 3.1.2, and then apply the same language model (i.e.,
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Figure 3: The influence of the parameter λ2 in Eq.2 on
spatial-aware tag expansion (“STE-k” means λ2 = k).

Eq.3) to find the most relevant image. The neighbor selec-
tion in Eq.2 is controlled by two thresholds: the maximum
geographic distance λ1 (in meters) and the minimum num-
ber of overlapping tags λ2. For the ease of experiment, we
discretize and restrict these two thresholds into certain val-
ues: λ1 ∈ [100, 200, 300, 400, 500] and λ2 ∈ [1, 2, 3, 4, 5].

Compared with the language model with STW, we study
the performance improvement after applying STE. Fig.3 shows
the comparisons when λ1 = 100 for different λ2 values (e.g.,
STE-1 represents the results of applying STE on LM+STW
for λ2=1). We observe similar patterns when λ1 equals
to other values and hence do not show them here. From
Fig.3, as µ increase, generally speaking the accuracy in-
creases while the median error distance drops. The reason
is that STE assigns more tags to each image, which requires
a larger µ for the language model smoothing. STE consis-
tently improves LM+STW for relatively large µ values (e.g.,
µ >15) in terms of both accuracy and median error dis-
tance, which confirms the positive impact of increasing the
frequencies of location-indicative tags in representing social
images for their location estimation. However, when µ be-
comes very large (e.g., µ >50), the improvements for some
λ2 values start shrinking, mainly because µ gets much larger
than the average number of expanded tags for each image.
Considering the improvements of both accuracy and median
error distance from Fig.3, we set the default values of λ2 and
µ to be 2 and 50 respectively.

5.3 Performance of SRLSI

5.3.1 SRLSI Parameters Tuning
There are three parameters controlling the weighted ad-

jacency matrix W construction (in Eq.8): band width σdist,

125



100
200

300
400

500

1
2

3
4

5

0

500

1000

1500

θ2

θ1

M
ed

ia
n 

Er
ro

r D
is

ta
nc

e 
(k

m
)

Figure 4: SRLSI performance w.r.t different θ1 and θ2.

minimum number of overlapping terms θ1 and maximum
geographic distance θ2 (in meters). For the ease of experi-
ment, we discretize and restrict these parameters into cer-
tain values: θ1 ∈ [1, 2, 3, 4, 5], θ2 ∈ [100, 200, 300, 400, 500]
and σdist ∈ [1, 5, 10, 15, 20]. Similarly, we discretize the pa-
rameters λ1, λ2 and λ3 in SRLSI’s objective function (in
Eq.7) in the range of [0.2, 0.4, ..., 1]. Since there are six pa-
rameters in total and we aim to improve the location esti-
mation performance, our strategy for parameters tuning is:
evaluate one or two parameters at a time and keep others
fixed or assign default values, then we select the optimal
values which achieve lowest median error distance on the
validation dataset.

The first step is to construct matrix W . We set default
values for parameters in SRLSI model: λ1 = λ2 = λ3 =
0.6, and keep σdist = 10 fixed. The performance results of
different combinations of θ1 and θ2 are shown in Fig.4. As we
can see, when θ1 = 1 or 2, the median error distance is much
higher than other settings. The reason is that the smaller
the minimum number of overlapping tags is, the denser W is,
which will introduce unexpected penalties while optimizing
the objective function. The lowest median error distance is
obtained when θ1 = 3 and θ2 = 500. We obtain the optimal
values for the other four parameters in a similar way, and
the lowest median error distance is obtain when σdist = 20,
λ1 = 0.6, λ2 = 0.4 and λ3 = 0.4. We use these settings in
the following experiments.

5.3.2 Spatial-aware Tag Representation
Here, we compare SRLSI with the traditional LSI and

RLSI as the baselines. For different topic models, we com-
pare their performances with different tag representations,
including tf-idf representation Dtfidf and spatial-aware tag
representation Dspatial. The superiority of our proposed
spatial-aware tag representation outperforms the traditional
tf-idf representation across all topic models, which is explic-
itly shown in Table 1. Besides, our SRLSI achieves the best
estimation accuracy and the lowest median error distance
compared with LSI and RLSI. This demonstrates the effec-
tiveness of our spatial-aware topic model which incorporates
location factors during latent geographic topic learning.

SRLSI’s advantages in terms of topic readability can be
observed from Table 2 which contains the topics generated
by non-spatial-aware topic model LSI-Dtfidf and the top-
ics generated by SRLSI-Dspatial. We randomly show five
topics with their top five weighted tags. It is obvious that
the topics generated by SRLSI-Dspatial are less noisy and

Table 1: Performance comparisons of topic models on the
validation dataset, including accuracy at x km and mean
error distance (ME). LSI-Dtfidf means LSI topic model with
tf-idf representation, and so on.

acc@1km acc@10km acc@100km ME (km)
LSI-Dtfidf 5.15 18.61 26.53 1263.93
LSI-Dspatial 7.33 22.49 32.47 798.38
RLSI-Dtfidf 6.30 20.40 28.13 1154.09
RLSI-Dspatial 7.17 24.36 34.40 711.66
SRLSI-Dtfidf 8.36 24.52 34.36 942.99
SRLSI-Dspatial 9.43 24.75 34.83 683.06

Table 2: Topics learned by LSI-Dtfidf and SRLSI-Dspatial.

Topic 1 Topic 2 Topic 3 Topic 4 Topic 5

LSI-Dtfidf

budapest
hungary
2007
pisa
lasvegas

castle
nikon
2009
athens
greece

croatia
dubrovnik
fountain
czechrepublic
sign

hagiasophia
streetart
mannheim
badenwürttemberg
ny

scotland
baltimore
glasgow
edinburgh
arizona

SRLSI-Dspatial

london
england
uk
londres
unitedkingdom

edinburgh
greenwich
thames
england
greaterlondon

dublin
ireland
salzburg
montreal
dublincastle

netherlands
holland
nederland
amsterdam
paysbas

atlanta
dragoncon
finland
helsinki
montmartre

Table 3: Visual-based location estimation performance com-
parison on the test dataset.

acc@1km acc@10km acc@100km
SOTON [5] 0.34 0.56 0.10
RECOD [15] 0.37 0.80 1.69
CERTH [12] 0.76 1.16 2.04
Delft [17] 2.80 3.70 4.70
ours 2.04 2.75 3.84

more relevant to specific locations. For example, the tags
in Topic 1 generated by SRLSI-Dspatial are related to UK,
while the tags in the topics generated by LSI-Dtfidf are less
geo-related. The effectiveness of the proposed spatial-aware
topic model is visualized in Fig.5. For each topic in Table
2, we randomly select 500 training images that contain its
top five tags. Each image is represented by a spot on the
figure. Different colors and shapes of the spots stand for dif-
ferent topics that the corresponding images belong to. By
applying our SRLSI topic model, the images which are geo-
graphically close mostly share the same topic. It is a strong
evidence to support that the SRLSI topic closeness indicates
the geographical closeness of their images.

5.4 Performance of BoVW
We evaluate the BoVW model directly on the test dataset

without tuning any parameter. Table 3 compares the BoVW
model with MediaEval 2013 Placing Task participants’ best
visual-based location estimation results which are also evalu-
ated based on this benchmark. As we can see, although the
BoVW model achieves comparable performance compared
with the best result [17], the accuracy of visual-based loca-
tion estimation is rather low, since most of the images do not
have visually similar images within their geo-neighborhood
as described in [16]. Therefore, visual representations can
only be used as supplementary information for location es-
timation in this benchmark.

5.5 Performance of L2R
In this experiment, we study the performance of fusing

multi-modalities using the listwise L2R model. As described
in Section 4, in order to construct the training dataset for
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(a) LSI-Dtfidf

(b) SRLSI-Dspatial

Figure 5: Location distribution of the 5 topics in Table 2.
(a) is the distribution of topics generated by LSI-Dtfidf ; (b)
is the distribution of topics generated by SRLSI-Dspatial.

Table 4: Predefined relevance grades α and the correspond-
ing distance intervals A in Eq.16.

g 1 2 ... 10 11
Interval Ag
(in meter)

[0, 100] (100, 200] ... (900, 1000] (1000,∞)

Grades αg 10 9 ... 1 0

the listwise L2R model, we sample 50,000 images as pseudo-
queries from the whole training dataset. We define the rel-
evance grades as shown in Table 4. For example, given a
query q, if the geographic distance between q and its rele-
vant image candidate di is within 100 meters (dist(q,di) ∈
A1), then the relevant grade value of this candidate image is
yi = α1 = 10 according to Eq.16. The higher grade an image
has, the more relevant the image is. We select and merge the
top 100 candidates retrieved by each models in the SMM,
and remove candidates whose grade label is zero in order
to avoid noises and reduce the size of training dataset. We
eventually obtain a training dataset with 2.6 million labeled
data for training the listwise L2R model.

We choose ListNet [3] as our listwise L2R model and eval-
uate the influence of individual model on the final location
estimation by incorporating one or more models at a time
during the training. Table 5 shows the performance of the
trained listwise L2R model tested on the validation dataset
with different model combinations. An obvious observation
is that all the models and their combinations consistently
reach higher estimation accuracies at larger location granu-

Table 5: Multimodal performance comparisons on the vali-
dation dataset. SLM , SRLSI, and BoVW are each model’s
performance before fusion. SLM+SRLSI means both SLM
score list and SRLSI score list are used in the listwise L2R
model, etc. All means all three models’ score lists are used
in the listwise L2R model.

acc@1km acc@10km acc@100km ME(km)
SLM 28.72 53.63 66.29 6.28
SRLSI 11.21 25.41 38.67 338.72
BoVW 1.99 2.55 3.42 5391.87
SLM + SRLSI 29.31 53.52 65.21 6.23
SLM +BoVW 29.13 53.69 65.95 6.24
All 31.22 54.13 67.05 5.89

larities, which is easy to understand. For two textual-based
location estimation models, SLM achieves much better per-
formance than SRLSI does, which demonstrates that the
specific tag relevance matching is more capable to precisely
locate an image than the topic relevance matching. The
BoVW model alone has the worst estimation performance
as expected. From the above observations, we consider topic
relevance and visual relevance as supplementary informa-
tion when performing models fusion in listwise L2R model.
When SLM combines with SRLSI or BoVW, the combina-
tion achieves a higher accuracy in locating images within 1
km and a lower median error distance. When all the models
are combined, we achieve the highest estimation accuracy
and the lowest median error distance. This means we can
locate the images more precisely by incorporating more in-
formation from other models. Especially, the improvement
on smaller location granularities (e.g., 1 km) are more signif-
icant. In practice, location estimation within a finer location
granularity is more useful for real-world applications.

5.6 Comparison with Existing Methods
In this experiment, we evaluate our proposed framework

SMLE’s location estimation performance on the whole test
dataset containing 250,000 images, compared with [13] and
the methods developed by all the groups participating in
MediaEval 2013 Placing Task. For a fair comparison, we
report the best results achieved by each method that are
based on the provided 8.5M training dataset only, without
using external data.

Table 6 shows the comparison results on the whole test
dataset. The CERTH [12] team uses both visual and tex-
tual data, while the others use textual data only. Our pro-
posed framework SMLE surpasses all the methods in terms
of both the estimation accuracy and the median error dis-
tance. When compared with the CEA LIST’s method and
the GHENT’s method, which also apply the language model
to find probable location, our spatial-aware multimodal frame-
work improves the estimation accuracy by up to 34% rela-
tively, and reduces the median error distance significantly
from the second best performer GHENT’s 51.07 to 32.29km
only. This demonstrates the benefits of incorporating more
information from different model. The CERTH’s method
simply applies a fallback strategy to combine the visual and
textual information: if the test image had no tag associ-
ated with it, then the visual feature is employed to find the
most relevant neighbor. In contrast, our multimodal rele-
vance scores are fused and candidate images are ranked by
the trained listwise L2R model, which provides much better
estimation results. The above comparisons verify the supe-
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Table 6: Performance comparison on the test dataset.

acc@1km acc@10km acc@100km ME(km)
CERTH [12] 10.37 23.70 36.22 681.00
SOTON [5] 23.15 37.70 43.82 451.89
CEA-LIST [22] 26.00 43.00 50.00 98.80
GHENT [13] 20.26 41.96 53.15 51.07
SMLE 27.22 44.99 54.98 32.29

riority of the proposed spatial-aware multimodal framework
in terms of both the estimation accuracy and the median
error distance. Note that the performance of our framework
on the test dataset in Table 6 is not as good as the per-
formance when tested on the validation dataset in Table 5.
The reason is that all the images in the validation dataset
are associated with tags while 13% images in the test dataset
have no tags at all, which suggest that we can only estimate
those non-tagged images via visual relevance ranking only.

6. CONCLUSION
In this paper, we propose a spatial-aware multimodal lo-

cation estimation framework to address the social image’s lo-
cation estimation problem. We propose a spatial-aware lan-
guage model to improve textual-based location estimation
by utilizing spatial-aware tag weighting and tag expansion.
We also design a spatial-aware topic model to discover geo-
graphic topics which can further facilitate the estimation. A
learning to rank model is adopted and effectively trained to
fuse multiple textual and visual models to generate a refined
ranking list for final location estimation. Extensive experi-
ments illustrate the advantages of the proposed framework
over the state-of-the-art approaches.
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