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ABSTRACT
This paper considers the problem of automatically discover-
ing geo-informative attributes for location recognition and
exploration. The attribute is expected to be both discrim-
inative and representative, which corresponds to a distinc-
tive visual pattern and associates with semantic interpreta-
tion. For solution, we analyze the attribute at region lev-
el. Each segmented region in the training set is assigned a
binary latent variable indicating its discriminative capabili-
ty. A latent learning framework is proposed for discrimina-
tive region detection and geo-informative attribute discov-
ery. Moreover, we use user-generated content to obtain the
semantic interpretation for the discovered visual attribute.
The proposed approach are evaluated on one challenging
dataset including GoogleStreetView and Flickr photos. Ex-
perimental results show that: (1) geo-informative attributes
are discriminative and useful for location recognition; (2) the
discovered semantic interpretation is meaningful and can be
exploited for further explorations.

Categories and Subject Descriptors
H.3.1 [Information Storage and Retrieval]: Content
Analysis and Indexing; H.4.m [Information Systems]: Mis-
cellaneous

General Terms
Algorithms, Experimentation, Performance

Keywords
Geo-informative Attributes, Location Recognition, Latent
model

1. INTRODUCTION
The emergence of georeferenced media, e.g., geotagged

photos, has opened up possibilities to extensive location re-
lated applications, including media organization [4], tourist
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Figure 1: Test question: Where were these photos
taken and what’s the informative cues that help you
to judge?

assistant [14], location-based service [35], even law enforce-
ment [12]. However, the fact that most media content has
no available geographical information calls for the solution
for location recognition.

Location recognition is different from general object recog-
nition problems: while we can easily describe a class of car,
scene or landmark, it is very difficult to exactly define a loca-
tion due to its high diversity and large intra-class variance.
The methods of existing work on location recognition fall
into two categories: data-driven or instance-based method-
s [25, 15, 11, 18], and model-based methods [1, 17, 4, 18].
Data-driven methods turn to retrieve the most visually simi-
lar photos in the geo-tagged database. Although simple and
effective, these methods suffer from huge storage cost and
limited scalability as the available geo-tagged photos cannot
provide a sufficient sampling of the location. Model-based
methods build classifiers (e.g., SVM) or inference models
(e.g., HMM) to learn the intrinsic geographical patterns for
recognition. Compared with data-driven methods, model-
based methods show better generalization capability. How-
ever, they suffer from two problems: First, they needs a
well-built training dataset that contains comprehensive geo-
graphical information for each location. Second, we only get
access to the final classification score and cannot recognize
the geographical patterns that yields this score and interpret
why these patterns are helpful for distinguishing this loca-
tion. Therefore, it is desiring to discover and summarize
the geographical patterns inside a location, which can large-
ly alleviate the limitations of data-driven and model-based
methods.
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Figure 2: (a) visual words (clustered using SIFT).
(b) geo-informative attributes with semantic inter-
pretation.

It is well recognized that photos from one location share
some distinctive patterns to contribute to location recogni-
tion. Look at the two groups of photos taken at London
and Beijing in Figure 1, can you tell which is which? It
is quite easy to make the right judgement. According to
a survey recently released in [6], people are sensitive to a
few localized, distinctive patterns for this location recogni-
tion task, e.g., windows with railing and the stylistic bal-
cony are very indicative of London. In this work, we aim
to discover these distinctive patterns at city scale, which we
call geo-informative attributes, to serve as mid-level sig-
natures for location recognition. Moreover, combined with
user-generated annotations, we propose to attach seman-
tic interpretations to the discovered visual attributes, which
can significantly extend the application scope. Therefore,
the geo-informative attributes we desire need to satisfy t-
wo properties: 1) discriminative, they occur much more fre-
quently in this location than in others, and 2) representative,
they are occur frequently in this location and semantically
interpretable.

A common method for discriminative recognition prob-
lem is to conduct unsupervised learning over clustered vi-
sual words [26]. However, as shown on the left of Figure 2,
the extracted visual words tend to be dominated by low-
level features, e.g., small-scale textures like edge and corner,
which capture little semantic meaning to satisfy the repre-
sentative property. Inspired by recent region-based reconfig-
urable models utilized in scene and object recognition [29,
23], we consider discovering the discriminative and repre-
sentative patterns at region level and define geo-informative
attribute as a cluster of discovered regions. Shown on the
right of Fig. 2, the discovered region cluster-based attributes
show larger visual structures and capture interpretable se-
mantics.

Specifically, the proposed framework includes two stages:
geo-informative attribute discovery and geo-informative at-
tribute interpretation. (1) For geo-informative attribute dis-
covery, discriminative analysis is first conducted at photo
level, where non-discriminative photos are filtered so that
candidate region number can be significantly reduced. After
that, we propose a region-based latent Support Vector Ma-
chine model (RLSVM) to detect the discriminative regions.
Candidate regions are generated by hierarchically segment-
ing the remained photos and assigned with a binary laten-
t variable that indicates whether the region contributes to
recognizing this location. RLSVM scores photos consider-
ing all region latent variables and infers the configuration
that best matches the location label. Regions activated in
the derived configuration are considered discriminative. For
each location, the geo-informative attributes are obtained
by clustering the detected discriminative regions. (2) For

geo-informative attribute interpretation, the associated user
tags in Flickr are utilized and we present a novel learning al-
gorithm in a discriminative manner. We first learn a bundle
of discriminative SVM classifiers to measure the relatedness
between tags and photo regions. Then these classifiers are
used to score the attribute set and generate its correspond-
ing interpretation by a compact set of semantic tags.

Location recognition can be performed directly using the
proposed RLSVM model to simultaneously infer discrimina-
tive regions and estimate location label, or using the dis-
covered attributes to constitute a geographical vocabulary,
where any supervised methods can be combined. Moreover,
the associated semantics enable interpretation of recognized
results and provide potentials to high-level location explo-
ration applications. Therefore, the contributions of this
work is summarized as follows:

1. We propose to exploit geo-informative attributes for
location recognition. The representative property is
highlighted to make the discovered attribute interpretable
and semantically meaningful.

2. We introduce a region-based latent SVM model to dis-
cover geo-informative attributes. For attribute inter-
pretation, an iterative learning algorithm is introduced
to exploit the region-tag correlation.

3. A real-world dataset from GoogleStreetView1 and Flick-
r2 is constructed for evaluation, where we validate that
the discovered attributes are both discriminative and
representative.

2. RELATED WORK
With the explosive growth of geo-referenced data, geo-

graphic referencing of photographs is an emerging research
topic in computer vision [33, 20]. Related work includes
data-driven geographical location estimation at city-scale or
global scale [25, 15, 1, 4, 17], image-based localization [31,
19], landmark classification, recognition, and search [32, 2,
18, 28, 16, 3], geographical mining of photographs [6]. Es-
timating the geographical information directly from image
visual content is a challenging problem. Generally, there are
two types of methods for image based location recognition:
data-driven method and model-based method. Data-driven
method determines the geographical location of the input
photo by retrieving the nearest neighbors from a pre-built
database. This database can be constructed with tree-based
structure [25] or a 3D model [28, 19] to preserve retrieval ef-
ficiency. Model-based method attempts to build models to
extract the geographical patterns for location recognition,
but such geographical patterns are not explicitly mined and
explained. Our work aims to mine such geographical pat-
terns through model learning. The mined patterns can be
used for location recognition. On the one side, we propose
a region based latent SVM model to mine the geographical
patterns and estimate the geographical information simul-
taneously. This step is model-based. On the other side,
a geo-informative attribute vocabulary can be construct-
ed with the mined attributes. The constructed vocabulary
can be further used to obtain the image representation of a

1 http://www.google.com/streetview.
2 http://www.flickr.com.
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test sample. Combined with simply classifiers, we can es-
timate geographical location of the test sample. This step
is instance-based. Therefore, the model framework in this
paper can be treated as a combination of the data driven
method and model-based method.

Our work is much inspired by the recent work [6], in that
we are both devoted to exploring the discriminative visual
attributes inside a city. However, we have significant differ-
ences in three-fold. (1) Motivation. We aim to discover the
geographically informative visual elements directly towards
location recognition, i.e., from geographical location estima-
tion perspective; while [6] attempts to find a set of stylistic of
visual elements to characterize a city such as windows, street
signs, etc. (2) Methodology. [6] independently mines the vi-
sual elements starting with a number of seeds. The whole
process is at patch-level, and the relations between patches
inside a photo are ignored. We take into consideration the
relations among the regions at the photo-level. To this end,
we develop the Region based Latent SVM (RLSVM) model,
where the geo-informative properties of regions are viewed as
latent variables and the co-exist relations among patches in-
side a photo are considered. We examine the performance of
the derived visual elements in [6] on location recognition and
performance comparison in the experiments, where our pro-
posed approach significantly outperforms the results in [6].
(3) Definition. We define the geo-informative attributes as
both discriminative and representative. In addition to the
mined geo-informative patches, we exploit the available asso-
ciated text metadata to make the geo-informative attribute
semantically meaningful, which satisfies the definition of at-
tribute.

Our work also relates to the study of visual attributes.
Visual attributes for classification and recognition have at-
tracted extensive research interests in these years. Attribute-
based representation for objects and scenes [9, 22, 24] can
significantly enhance descriptive power and thus boost the
task-dependent performance such as object recognition [7].
In our work, we focus on the geographical informative at-
tributes, which are both machine-detectable and semanti-
cally meaningful.

3. GEO-INFORMATIVE ATTRIBUTE DIS-
COVERY

Our task is to discover discriminative and representative
attributes that are characteristic of a location. Specifically,
we aim to find region clusters that occur much more fre-
quently within the given location than others. To this end,
we divide the solution into three steps: (1) Non-discriminative
photo filtering. We filter out the photos that frequently exist
in all locations and reduce the candidate region number. (2)
Discriminative region selection. This is the key step in the
proposed framework. Each region is assigned a binary la-
tent variable to indicate its discriminative capability, which
is inferred by a specially designed latent model. (3) Geo-
informative attribute generation. For each location, geo-
informative attributes are obtained by visually clustering
the detected discriminative regions. Location recognition
can be easily performed by training a multi-class classifier
over the attribute-constructed vocabulary.

3.1 Non-discriminative Photo Filtering

Figure 3: Region generation by hierarchically seg-
mentation.

Since we are interested in location recognition, the pho-
tos that occur in both the positive and negative sets, e.g.,
photos of trees, sky, cars, contain rare discriminative regions
and can be removed before region-level analysis. Actually
in later region selection step, one single photo can gener-
ate considerable number of regions via grid segmentation at
multiple scales and the candidate region number is extreme-
ly large.

We take a simply yet effective method to filter the non-
discriminative photos. For each location, its corresponding
photos are treated as positive set, and the photos from other
location form the negative set. Each image is extracted and
represented as 809 dimensional feature vector including 81-
dimensional color moment, 37-dimensional edge histogram,
120-dimensional wavelet texture feature, 59-dimensional LBP
feature and 512-dimensional GIST feature. We compute the
50 nearest neighbors of each photo in a location, and rejec-
t samples with less than 15 neighbors in the positive set.
By non-discriminative photo filtering, we succeed to reduce
the candidate region set by 70.6% without sacrificing the
recognition performance.

3.2 Discriminative Region Selection
After removing non-discriminative photos, the candidate

regions are generated by segmenting the preserved photos
using rectangular grids with 3-level spatial pyramids3 (shown
in Figure 3). As mentioned in the introduction, region-level
patches can show larger visual structure and capture inter-
pretable semantics. Assuming that each photo in the train-
ing set has been weakly labeled by its location, we encode
training photo regions’ discriminative capability as binary
latent variables which are incorporated into the proposed
RLSVM model for inference.

3.2.1 Region-based Latent SVM
Latent SVM [10] provides a framework where we can treat

the desired state value as latent variables and consider differ-
ent correlations into potential functions in a discriminative
manner. In our work, the desired state is the discriminative
capability of each region. Three types of potential func-
tions are specially designed to encode the region-level latent
variables into a unified learning framework. We propose the
RLSVM model to search for the best configurations of laten-

3 The reason we use this simple segmentation strategy is to re-
duce computational complexity for region selection. Validated
from experimental evaluation, this strategy is both efficient and
effective. Sophisticated segmentation algorithms can be consid-
ered to obtain better semantically meaningful regions.

15



t variables for each region, which is then used for attribute
generation.

Formally, each training photo I is denoted as a tuple (x, l).

Here l ∈ K � {1, 2, · · · ,K} is the location label. We fo-
cus on the city-scale location recognition in this paper. l
refers to a city. Each photo consists of a set of overlapping
multi-scale regions, which are denoted as {Ri}Ni=1. We use
x = {x1, · · · , xN} to indicate their corresponding visual fea-
ture vectors. For each region, the discriminative capability
is encoded in a latent variable zi ∈ Z � {0, 1}, where zi = 1
means the i-th region is discriminative and should be activat-
ed for location recognition, and zi = 0 otherwise. Therefore,
z = {z1, · · · , zN} specify the discriminative regions within
each training photo. In the following we will introduce how
to incorporate z into the proposed RLSVM model and how
to infer it along with model parameter learning.

We are interested in learning a discriminative function
fw : X × L → R over a photo x and its location label
l, where w are the model parameters. We use fw(x, l) to
measure the compatibility among the visual feature x, the
location label l, and the configurations of latent variables z.
fw(x, l) takes the form of fw(x, l) = maxa w

TΦΦΦ(x,z, l) to
score the confidence of photo x labeled as location l with
the latent variable configuration z, which is defined by com-
bining different potential functions:

wTΦΦΦ(x, z, l) =
N∑
i=1

αTφ(xi, zi) +
N∑
i=1

βTϕ(zi, l)

+
∑

(i,j)∈E
γTψ(zi, zj , xi, xj)

(1)

In this model, parameter vector w is simply the concatena-
tion of the parameters in all the factors. E is the edge set
constructed between overlapping regions within each photo.
The model presented in the above equation simultaneously
considers the following relationships: the first term predicts
the latent variable value from visual feature vector, i.e., how
likely the region is discriminative; the second term model-
s the compatibility between location label and latent vari-
ables; the third term describes the dependencies between
latent variables of overlapping regions. Therefore, instead
of predicting the location label from visual features direct-
ly, we encode discriminative region selection and mine the
compatible relationships. The details of the three potential
functions are described in the following.

Feature vs. Latent Variable Potential αTφ(xi, zi):
This potential predicts region discriminative capability and
contributes to the final confidence score by aggregating the
discriminative ones. Here φ(xi, zi) represents a certain map-
ping of the visual feature xi and the mapping result depends
on the latent variable zi. Model parameter α encodes the
weight for different latent variable values. Specifically, it is
parameterized as:

αTφ(xi, zi) =
∑
b∈Z

αT
b · 1(zi = b) · xi (2)

where 1() is the indicator function.
Latent Variable vs. Label Potential βTϕ(zi, l): This

potential function models the compatibility of location label
l and the latent variable zi. It is defined as

βTϕ(zi, l) =
∑
b∈K

∑
c∈Z

βb,c · 1(l = b) · 1(zi = c) (3)

The parameter βb,c measures the compatibility between l =
b and zi = c. In other words, how likely the latent variable
zi = c relates to the location label l = b. After model
learning, we select the latent variable z∗l for location l as
the latent discriminative label according to βb,c, i.e., z

∗
l =

argmax
c∈Z

βc · 1(zi = c). Regions labeled with latent variable

z∗l are remained as discriminative regions.
Latent Variable vs. Latent Variable Potential

γTψ(zi, zj , xi, xj): Since the regions sharing common spa-
tial areas within the same photo should have similar dis-
criminative capability, the latent variables for these regions
are dependent. We construct a undirected graph G = (V, E)
for each photo, where vertex vi ∈ V corresponds to a region
xi ∈ x, and edge (vi, vj) ∈ E exists if region xi and xj over-
lap to each other or region xi and xj are neighborhoods. The
pairwise similarity between overlapping regions is encoded

in p(xi, xj) = e−‖xi−xj‖ where ‖·‖ is the �2-norm.
This potential function models this pairwise dependence

and penalizes similar latent variable values when the regions
are dissimilar. Therefore, we define this potential as

γTψ(zi, zj , xi, xj) =
∑
b∈Z

∑
c∈Z

γb,c · p(xi, xj)

·1(zi = b) · 1(zj = c)

(4)

where model parameter γb,c captures the compatibility be-
tween latent variable configuration zi = b and zj = c.

3.2.2 Model Learning and Inference
Given a set ofM training photos 〈x(i), l(i)〉(i = 1, 2, . . . ,M),

we aim to learn the model parameter w that produces the
correct location label l. Note that the discriminative latent
variables are unobserved and will be automatically inferred
along with model learning.

We adopt the latent SVM formulation [10, 30] to learn the
model as follows:

min
w,ξ≥0

1

2
‖w‖2 + C1

M∑
i=1

ξi

s.t.max
z

wTΦΦΦ(x(i), z, l(i))−max
z

wTΦΦΦ(x(i), z, l)

≥ Δ(l, l(i))− ξi,∀i,∀l ∈ L

(5)

where C1 is the trade-off parameter similar to that in SVMs,
ξi is the slack variable for the i-th training example to handle
soft-margin. Such an objective function requires that the
score for ground-truth location label l(i) is much higher than
that for other labels. The difference is recorded in a 0-1 loss
function Δ(l, l(i)):

Δ0/1(l, l
(i)) =

{
1 if l 	= l(i)

0 otherwise
(6)

The constrained optimization problem in Eq. (5) can be
equivalently written as an unconstrained problem:

min
w
L(w) =

1

2
‖w‖2 + C1

M∑
i=1

Ri(w)

where Ri(w) = max
l

(
Δ0/1(l, l

(i)) +max
z

wTΦΦΦ(x(i), z, l)

)

−max
z

wTΦΦΦ(x(i), z, l(i))

(7)
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We use the non-convex bundle optimization in [5] to solve
Eq. (7). In a nutshell, the algorithm iteratively builds an
increasingly accurate piecewise quadratic approximation of
L(w) based on its sub-gradient ∂wL(w). The key issue is to
compute the subgradients ∂wL(w). We define:

z(i)
∗
= argmax

z
wTΦΦΦ(x(i), z, l),∀i,∀l ∈ L,

z(i) = argmax
z

wTΦΦΦ(x(i), z, l(i)),∀i

l(i)
∗
= argmax

l

(
Δ0/1(l, l

(i)) + max
z

wTΦΦΦ(x(i), z, l)
) (8)

where ∂wL(w) can be further computed as:

∂wL(w) =w + C1

M∑
i=1

ΦΦΦ(x(i), z(i)
∗
, l(i)

∗
)

− C1

M∑
i=1

ΦΦΦ(x(i), z(i), l(i))

(9)

Using the subgradients ∂wL(w), we can optimize Eq. (5)
using the algorithm in [5] and output the optimal model
parameter w.

At each optimization iteration, we also need to infer the
latent attribute variables z.

z∗ = argmax
z

wTΦΦΦ(x(i), z, l(i)) (10)

This is a standard max-inference problem and we use loopy
belief propagation [21] to approximately solve it.

Given the learned parameters w, we can directly apply
RLSVM model to location recognition for a new photo xt.
The location obtaining the highest score is the recognition
result:

l∗ = argmax
l

{
max

z
wTΦΦΦ(xt, z, l)

}
(11)

3.3 Geo-informative Attribute Generation
Through the RLSVM model learning, we can obtain the

geo-discriminative regions for a location. For generating the
geo-informative attribute, we apply the meanshift clustering
algorithm on the detected regions. The clusters with large
size are remained to construct the geo-informative attribute
set.

We now describe our approach ofGIANT : geo-informative
attribute based location recognition. Denote the discovered
geo-informative set as A = {al}Kl=1, al = {xi}Nl

i=1, where xi

is the feature vector extracted from region i. We construct a
geo-informative attribute dictionary D = {dm}Mm=1 by sam-
pling feature vectors xi from A. For a new photo y, it is hi-
erarchically segmented with multiple regions Y = {yn}Nn=1.
We use a locality constrained coding method [27] to encode
the feature yn over the dictionary D. It is computed as:

min
S

N∑
n=1

‖yn −Dnsn‖2

s.t.1T sn = 1

(12)

where Dn is local bases formed by simply selecting the K
nearest neighbors of yn from D. S = (s1, · · · , sn) is the
set of codes for Y . The final photo representation for y is
obtained by performing the max pooling on the codes S.
Then discriminative classifiers can be used to conduct the
location recognition task.

Algorithm 1 Geo-informative Attribute Interpretation

Input: Image regions X , tag vocabulary Vl = {tj}Tj=1, at-

tribute set a = {xu}Uu=1 in a location.
Output: Attribute set a with semantic tags
RT .

Tag-region Relatedness Learning
1: for each tag tj do
2: X ⇐ region select (X )
3: repeat
4: {Xc}Cc=1 ⇐ cluster (X),

{Nc}Cc=1 ⇐ rand sample {X −X}
5: Ψc⇐svm train (Xc, Nc)
6: Xnew⇐filter (Ψc, X)
7: X⇐ Xnew

8: until achieve convergence or maximum iteration
9: end for

Attribute Interpretation
10: score each xu with all classifiers Ψ
11: compute tag scores by aggregating region responses
12: sort the tags according to scores in descending order
13: select the top n tags as RT

14: return RT

4. GEO-INFORMATIVE ATTRIBUTE INTER-
PRETATION

After obtaining the geo-informative attribute in a loca-
tion, we aim to describe these attributes with semantic text
for better human understanding. We develop a novel algo-
rithm by exploiting the co-occurrence relationships between
photos and the associated tags. We first learn a bundle
of discriminative SVM classifiers for each tag to measure
the relatedness between the tag and photo regions. These
SVM classifiers are then used to score the geo-informative
attribute set and obtain the semantic tags RT . The full
approach is summarized in Algorithm 1.

Tag-region Relatedness Learning. Let Vl = {tj}Tj=1

be the tag vocabulary constructed from the associated tags
with photos in location l. For each tag tj , we first find
the photo regions X = {xi}Ni=1 which associate with tag
tj . Note that the photo regions inherit the text metada-
ta of the source photo. Since the annotated photos reflect
different aspects of tag tj , there may exist significant vi-
sual variations. To address this, we perform meanshift on
X to divide into several clusters {Xc}Cc=1. A binary linear
SVM classifier is then trained for each cluster Xc, using re-
gions within the cluster as positive samples and the regions
randomly sampled from the rest as negative samples. The
trained discriminative classifiers are used to prune out the
noise samples and outliers in X. The confidence scores in-
dicate the relatedness between the tag tj and a region xi.
Regions with low confidence scores are filtered out. The
filtered set now becomes the new training set and the pro-
cedure is repeated until convergence. Finally, we can obtain
a bundle of binary SVM classifiers for each tag.

Attribute Interpretation. Now we use the trained
SVM classifiers to interpret the geo-informative attributes.
For each region xu in a geo-informative set a = {xu}Uu=1, we
use all the classifiers to score xu. Since a tag tj has multiple
classifiers, the region xu can have multiple response scores.
We select the maximum score as the relatedness score be-
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Figure 4: Example photos in the collected dataset.

Table 1: Statistic of the collected dataset.
Dataset GoogleStreetView Flickr

# City 12 7
# Photo per city nearly 10,000 2,000 ∼ 3,000
# Total photo 139,840 13,503

tween xu and tj . We then aggregate all the response scores
between tags and regions in a. For each tag tj , the sum of
all the corresponding response scores on each region xu is
calculated. We sort the tags and select the top n tags as the
semantic interpretation set RT for a.

5. EXPERIMENT

5.1 The Dataset
To evaluate the performance of geo-informative attribute

discovery and interpretation, we construct a location recog-
nition dataset crawled from GoogleStreetView and Flickr.

GoogleStreetView. Given a geographical location on
the map, we collect a dense sampling of panoramas by using
the Google Map API [13]. In this work, we select 12 well-
known cities: Barcelona, London, Paris, Chicago, Hongkong,
Nyc, Sanfransisco, SaoPaulo, Singapore, Sydney, Taipei and
Tokyo. For each panorama, we extract two perspective pho-
tos with one on each side of the capturing vehicle. This
results in approximately 10,000 photos per city. Shown on
the top of Figure 4, the photos mostly relates to building
facades and street scenes.

Flickr. We use Flickr API to retrieve photos taken in a c-
ity according to the geo-tag information. Textual metadata,
e.g., the title, description and tags, associated with the pho-
tos are also crawled for attribute interpretation. We down-
loaded data for 7 cities: Barcelona, London, Paris, Beijing,
Berlin, Cairo and Istanbul. The initially collected datatset
is manually filtered to preserve only outdoor photos of build-
ings, street, etc. The number of photos in the final dataset
for each city ranges from 2,000 to 3,000. Example photos
from Flickr are shown at the bottom of Figure 4, which fo-
cus more on landmarks and show larger variance than the
GoogleStreetView dataset.

Statistics for the collected dataset are summarized in Ta-
ble 1. Since GoogleStreetView and Flickr have different cov-
erage and focus, experiments conducted on both datasets
will comprehensively evaluate the scope as well as perfor-
mance of compared methods.

Figure 5: Discriminative region selection results.

5.2 Geo-informative Attribute Discovery
Implementation Issue. As shown in Figure 3, each

photo is hierarchically segmented into 21 regions with dif-
ferent scales. We choose to represent each region by ex-
tracting a 809-dimensional feature vector [34], including 81-
dimensional color moment, 37-dimensional edge histogram,
120-dimensional wavelet texture feature, 59-dimensional LBP
feature and 512-dimensional GIST feature.

Since we conduct geo-informative attribute discovery with
the proposed RLSVM model based framework on the whole
GoogleStreetView and Flickr city dataset, the computation
complexity is a big issue. Although non-discriminative pho-
tos are pre-filtered and we employ a simple segmentation
strategy to reduce the candidate region number, computa-
tion complexity is still very high. Moreover, high intra-class
variance makes the model difficult to converge. In our imple-
mentation for attribute discovery, divide and conquer strat-
egy is used to deal with these issues. Specifically, we cluster
the photos of each location into several subsets, where less
intra variance is guaranteed within each subset. The number
of clusters in each city dataset depends on the size of cor-
responding photo data. Each of the derived subset contains
nearly 1000 photos. During model learning, each subset is
treated as positive set and negative set is constructed by ran-
domly sampling from photos in other locations. The detect-
ed discriminative regions in all subsets constitute the final
discriminative region set and generate the geo-informative
attributes for a location.

Experimental Results: The key step of attribute dis-
covery is discriminative region selection. Each region is as-
signed a binary latent variable and contributes to attribute
generation if its latent variable is inferred as positive. We
show examples of discriminative regions in Figure 5. The
non-grey-out regions are geo-discriminative regions. We can
see that the regions dominated by sky, road and tree are
detected as non-discriminative (shown as white masked),
leaving the featured regions to construct geo-informative at-
tributes.

In Figure 6, we visualize some of the discovered visual at-
tributes for different cities (each row corresponds to one clus-
ter, i.e., attribute). It is shown that the discovered attributes
are geo-informative: (1) discriminative, they well distinguish
the city from others, e.g., the Mediterranean coastview and
Gaudi’s modern building of Barcelona make it very differen-
t from the inland and classical counterparts of London; (2)
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Figure 6: The discovered geo-informative attribute on GoogleStreetView and Flickr dataset.

Table 2: Location recognition mAP results for the examined approaches on GoogleStreetView dataset.

kNN LF+SVM BoVW+SVM DRLR RLSVM GIANT

Barcelona 23.83 10.05 55.31 49.30 53.97 55.37
Chicago 44.04 48.33 52.20 42.38 31.43 45.24

HongKong 73.05 73.54 39.72 72.57 57.04 76.94
London 61.82 50.0 36.19 64.29 78.33 73.15
NYC 23.54 34.47 58.87 38.11 26.94 44.41
Paris 31.77 61.08 33.98 57.88 59.11 62.81

Sanfransisco 34.39 14.99 52.22 42.26 73.71 51.1
SaoPaulo 65.61 60.98 47.17 66.10 77.07 70.0
Singapore 29.80 29.06 36.70 39.41 67.49 59.36
Sydney 50.99 30.45 30.94 56.93 56.88 50.74
Taipei 59.5 71.25 42.75 48.50 55.0 57.50
Tokyo 17.00 39.75 39.25 43.25 46.0 49.5

mean AP 42.95 43.66 43.86 51.75 56.89 58.01
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Figure 7: mAP under different sizes of geo-
informative vocabulary on GoogleStreetView and
Flickr dataset.

representative, they describe featured aspects of the city. We
can see that the discovered attributes provide a more intu-
itive description for the city from GoogleStreetView dataset.
Stylistic things such as windows, building facades, and street
signs are very indicative of the cities, e.g., Singapore with
its busy harbor, renowned business district and mixed East-
West architectural style. In the Flickr dataset, the detect-
ed visual attributes focus on the distinctive features of the
city buildings and famous landmarks. For the same city
between the two datasets, we can also find some differences
among the discovered attributes. For example, the mined at-
tributes for London in GoogleStreetView exhibit streetview
styles such as windows and roofs, while in Flickr more visual
elements of scenic spots are shown. Similar results can be
found in Barcelona and Paris. Different image content of the
datasets contributes to this phenomenon. GoogleStreetView
dataset contains more streetview scenes while Flickr dataset
focuses on scenic spots.

5.3 Geo-informative Attribute for Location
Recognition

In this subsection, we quantitatively evaluate the effective-
ness of the proposed approach in task of location recogni-
tion. Two settings are considered: (1) RLSVM, directly us-
ing the proposed latent SVM model for location estimation
(Eq. (11)); (2) GIANT, using the reconstruction coefficients
over the discovered geo-informative attribute vocabulary as
the feature representation, combining with SVM classifier
for training and testing (Eq. (12)). In addition, four other
approaches are implemented for comparison:

• kNN [15]: A pure data-driven photo matching method;

• LF+SVM : Low-level Features [34] combined with SVM;

• BoVW+SVM : Bag-of-Visual Word (we use SIFT and
LLC [27] in the experiment) combined with SVM;

• DRLR [6] : Discriminative Region based Location Recog-
nition, detecting discriminative regions at patch-level
using a bottom-up iterative learning algorithm.

To evaluate the performance, we build the evaluation dataset
by randomly sampling about 500 random photos for each

city in GoogleStreetView and Flickr respectively. This re-
sults in 6,111 photos for GoogleStreetView and 3,501 photos
for Flickr. In the evaluation, we random sample 100 pho-
tos per city for training and the rest for testing both for
GoogleStreetView and Flickr.

We tune the parameters of each method to achieve the
best performance: k for kNN is set to 20, the dictionary size
for BoVW is set to 4,096, and C1 in Eq. (5) is set to 100.
For the choice of geo-informative attribute dictionary size,
Figure 7 shows performance under different size of vocab-
ulary on GoogleStreetView and Flickr dataset respective-
ly. We can see that performance achieves the best on both
datasets when the size is 4,096. Therefore, we set the num-
ber of discovered geo-informative attributes to 4,096. mAP
(mean Average Precision) is ultilized as the evaluation met-
ric, which is averaged over all test cities.

The compared location recognition results are shown in
Table 2 and 3. Several observations can be made: (1) Due
to the limited sampled data of a location, the performance of
data-driven instance-based kNN method is inferior and un-
stable. There exists large variance between different cities
and the performance is quite sensitive to the dataset. For
example, on the Flickr dataset, kNN outperforms all other
methods for Berlin and Istanbul while performs poorly for
Barcelona, Beijing and Paris. (2) Large intra-class variance
limits the performance of low-level feature based LV+SVM
and BoVW+SVM, especially in the GoogleStreetView dataset.
(3) DRLR uses similar idea of discovering discriminative re-
gion clusters and shows comparable recognition results. The
superior performance of DRLR, RLSVM and GIANT vali-
dates the advantage of location recognition based on region-
level attributes. However, DRLR detects discriminative re-
gions independently and ignores relations between regions
within the same photo. By explicitly considering pairwise
region relations, our proposed RLSVM andGIANT achieves
better results. (4) GIANT achieves the best performance
among all the examined approaches. This demonstrates
that the discovered attributes served as mid-level features
are useful for location recognition and thus geo-informative.
These results clearly validate the effectiveness of our pro-
posed RLSVMmodel in discovering geo-informative attributes
and location recognition.

5.4 Geo-informative Attribute Interpretation
In Figure 8 and 9, we visualize tag-based interpretation

for the discovered attributes in Flickr dataset. Figure 8 illus-
trates one of the discovered geo-informative attribute with
corresponding salient tags for each city. The font size of the
tag is proportional to the tag importance. Figure 9 shows
the detailed three attribute interpretation results in Berlin
and Cairo. Tags are sorted by their importance scores. We
can observe that the discovered attributes succeed to de-
scribe the visual attributes as well as capturing meaningful
semantics. It provides a way for people to better under-
stand the discovered attributes and conduct city exploration.
For example, the extracted tags for Cairo describe the city
from several aspects: “mosque, mohammed, religion, mus-
lim, ali, tulun” illustrate the social and cultural feature of
the attribute; and “architecture, citadelislam” describes its
physical architecture property. The derived tags within each
attribute interpretation are consistent with each other and
well indicate the semantics of corresponding visual content.
Moreover, combined with the interpretation, the discovered
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Table 3: Location recognition mAP results for the examined approaches on Flickr dataset.
Method Barcelona Beijing Berlin Cairo Istanbul London Paris mean AP

kNN 35.5 54.1 38.5 44.0 77.25 46.75 31.5 46.8
LF+SVM 46.2 61.3 36.0 34.25 62.75 41.5 53.25 47.9

BoVW+SVM 42.25 83.04 23.5 32.25 71.5 55.5 36.75 49.26
DPLR 51.75 62.34 31.5 43.75 57.00 54.50 35.50 48.05

RBLSVM 42.0 64.59 36.75 43.5 68.75 52.5 37.5 49.37
GIANT 57.5 60.6 36.25 48.25 58.25 55.75 43.0 51.37

Figure 8: The discovered attributes with corre-
sponding text interpretations on Flickr dataset.

attributes describe distinctive aspects and jointly serve as
the semantic as well as visual summary of the location. By
further investigation into the results, we can see that due to
the inevitable noise in the user-generated tags, some tag de-
scriptions are not very representative. For example, the tags
for Beijing provide a rough description and do not precisely
match the visual attributes.

Since in our work we focus on city-level geo-informative
analysis, the derived interpretation will enable several attribute-
based city culture or tourism exploration applications. For
example, organizing and classifying cities by their seman-
tic attributes can facilitate city introduction and tourism
recommendation; analyzing the attribute distribution insid-
e city provides possibilities to fine-grained city exploration
and visualization at POI (Place-Of-Interest) level [8].

5.5 Discussions
Focus and Limit To analyze the limits of our proposed

approach, we investigate into the failure cases, which are
shown in Figure 10. Can you tell the taken places of these
photos? It is not an easy task to recognize the capturing city
of the photos even for people who have been there. For the
photos dominated by everywhere-seen trees, water, roads
and sky, rare discriminative regions exist, which can not be
handled by our approach. Actually, in real applications not
all photos are expected to be located, e.g., indoor, fractional
and non-feature ones. However, discussion about which kind
of photo is geographically recognizable and whether it is
valuable to estimate geographical information of such photos
are beyond the scope of this paper.

Figure 9: The discovered attributes with semantic
interpretation in Berlin and Cairo.

Figure 10: Example of failure photos.

In this work, we develop RLSVM-based model framework
for geo-informative attributes discovery and location recog-
nition. The RLSVM model can be enhanced by incorporat-
ing advanced region relations within or between photos and
designing complex segmentation schemes and new potential
functions. In the attribute interpretation, we use the user-
contributed tags to interpret the discovered visual elements
for better human understanding. Actually such sematic tags
also contain geographical information and can be exploited
for location recognition. For example, the presence of a lo-
cation name associated with a photo is a good indicator of
the belonging location for the test photo. One interesting
extension is to combine the geo-informative attribute dis-
covery and attribute interpretation in a unified principled
model.
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6. CONCLUSION
In this paper, we study the novel problem of discover-

ing geo-informative attributes for location recognition and
exploration. We propose the RLSVM model for discrimina-
tive attribute detection and the iterative learning algorithm
for attribute interpretation. Extensive experiments conduct-
ed on the collected GoogleStreetView and Flickr datasets
demonstrate that the discovered geo-informative attributes
are both discriminative and representative, which validates
the effectiveness of our proposed approach. In the future, we
are interested in investigating into the following two direc-
tions: (1) Exploiting the mined geo-informative attributes
for more location-based applications such as geographical
search, visual summarization of a city, and travel recommen-
dation; (2) Developing the nonlinear RLSVM model such as
kernel RLSVM for integrating multi-modal information, to-
wards more effective geo-informative attributes mining for
location exploration.
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