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ABSTRACT

A user’s location information is commonly used in diverse
mobile services, yet providing the actual name or semantic
meaning of a place is challenging. Previous works required
manual user interventions for place naming, such as search-
ing by additional keywords and/or selecting place in a list.
We believe that applying mobile sensing techniques to this
problem can greatly reduce user intervention. In this paper,
we present an autonomous place naming system using op-
portunistic crowdsensing and knowledge from crowdsourc-
ing. Our goal is to provide a place name from a person’s
perspective: that is, functional name (e.g., food place, shop-
ping place), business name (e.g., Starbucks, Apple Store),
or personal name (e.g., my home, my workplace). The main
idea is to bridge the gap between crowdsensing data from
smartphone users and location information in social network
services. The proposed system automatically extracts a wide
range of semantic features about the places from both crowd-
sensing data and social networks to model a place name. We
then infer the place name by linking the crowdsensing data
with knowledge in social networks. Extensive evaluations
with real deployments show that the proposed system out-
performs the related approaches and greatly reduces user
intervention for place naming.
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1. INTRODUCTION
People typically carry mobile phones all the time, and a

user’s location can practically be tracked in everyday lives.
The acquired location information is widely used in emerg-
ing mobile applications, such as location-based social net-
works, place recommendations, and location-based searches.
However, most services have a limitation in recognizing the
actual name of a place (e.g., Starbucks or Apple store) be-
cause of the noises in physical location information. For ex-
ample, mobile services provide a list of nearby places based
on the estimated latitude and longitude, and a user manu-
ally decides the present place. In addition, reverse geocod-
ing, which obtains a readable address from a physical lo-
cation, often generates inaccurate output due to localiza-
tion error. Meanwhile, people normally refer the places by
name (e.g., McDonalds), not address (e.g., Yonsei Street
100). This indicates that a gap exists between people’s un-
derstanding about the place and the raw coordinates of a
location. Therefore, an advanced system is necessary to pro-
vide a place name from a user’s point of view, not just raw
coordinates on a map.

Active studies have recently been conducted to under-
stand and provide place naming from a user’s viewpoint.
Lin et al. [19] analyzed the preference of place naming: how
people to refer places when interacting with others. They de-
fined a taxonomy on place naming, such as functional name
(e.g., shopping, food place), business name (e.g., Walmart,
Burger King), or personal name (e.g., my home, my work-
place). Most works in information retrieval have studied
similarity functions to provide a ranked list of places. To
estimate the rank, previous works have employed various
features, including location [11], check-in histories at social
networks [18, 27], web-based popularity [18, 24], and search
histories [16]. However, previous studies still required man-
ual user intervention, such as searching a place with addi-
tional keywords or explicitly choosing a place in a list. We
believe that leveraging mobile sensing systems to solve this
problem greatly improves the accuracy of place naming and
reduces user intervention.

In this paper, we present an autonomous place naming
system to provide a place name according to three different
types, as defined in [19]: functional, business, and personal
name. The proposed system uses previously untouched re-
sources that can be collected by individual smartphones,
such as user mobility, phone usage, and images captured
by users. The main idea is to integrate crowdsensing data
obtained from smartphone users with information in social



network services (SNS) to provide the place name. Smart-
phones can opportunistically collect sensing data about the
places in users’ daily life, but manual labeling of the place
name is necessary. Meanwhile, social networks have a broad
set of location information manually built by business provi-
ders and users. The information typically includes physical
location, place name, and place type, but location-based
lookup 1 is often limited in recognizing a place, due to in-
correct location estimation. Our system mines sensing data
to extract semantic features of the places, which include
publicness, behavior patterns of visitors, and captured pic-
tures in places. In order to provide a place name, our system
then matches extracted features with location information
in SNS, which include check-in histories, posted images, and
texts.
The main contributions of our paper are as follows:

• We present an autonomous system for place naming
that combines opportunistic sensing data from smart-
phones with location information in social networks.
We greatly improve the accuracy of place naming.

• We thoroughly validated the proposed system using
large-scale data collected by 70 smartphone users and
31,000 social networks users in Seoul, Korea. The re-
sults show that the proposed system outperforms the
related approaches and reduces manual user interven-
tion for place naming.

• The proposed system enables us to understand human
behavior patterns in city-scale by linking a place to se-
mantic meaning. The results of automatic place nam-
ing can lead to advanced understanding of user behav-
ior in places.

2. PRELIMINARY STUDY
We motivate our work by discussing the limitation of loca-

tion-based lookup and the potential of applying a sensing
system to this problem. As a preliminary study, we inves-
tigated the coverage and quality of location information in
social networks. We explored the following questions:

• How many places does an SNS location information
cover in real life?

• Howmuch user intervention does location-based lookup
require for place naming?

To answer these questions, we analyzed approximately
3,800 places visited by 70 smartphone users, and 130,000
locations crawled from Foursquare [11]. We deployed mobil-
ity monitoring tool [3] from November 2011 to September
2012, to collect real user traces in Seoul, Korea. We also
crawled social network data from May 2012 to September
2012. The details regarding data collection are further de-
scribed in Section 4.1.

2.1 Coverage of Location-based Lookup
We first investigate the coverage of location information

in social networks. Intuitively, the location information in
SNS would contain a subset of the places in real life, as social

1Location-based lookup is the process of finding nearby
places in a location database based on a estimated location
(i.e., latitude and longitude).
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Figure 1: (a) Coverage of location information in
SNS; (b) the categories of missing places and (c)
granularity mismatch.

media captures a relatively small fraction of our lives by
people who are active participants of SNS. To estimate the
coverage, we manually matched the places visited by users in
daily life to the locations in SNS. We used the labeled names
and offline feedback from the participants. Figure 1(a) shows
that SNS misses about 22% of the places users visited. The
missing places are mostly food or shopping places with low
popularity, or recently built places, as shown in Figure 1(b).
Considering that our dataset is collected with 70 smartphone
users, the portion of missing places would increase with more
participants since the manual registration of places in SNS
cannot contain all the places in real life.

Another finding is that mismatch exists in user’s under-
standing of the actual place and the locations provided by
SNS. For example, a user stays at the NexOne Inc. office,
but SNS provides this place as the name of the building. A
user would think that the building name could not express
the place she visited, since the building has many offices,
stores, and restaurants. Figure 1(a) shows that the mis-
match ratio is about 14.5% of the places in our dataset.
The mismatched places were mostly located in college and
university regions, shopping districts, or office buildings, as
shown in Figure 1(c).

In summary, our preliminary analysis indicates that crowd-
sensing using smartphones has the potential to expand the
coverage and improve the granularity of location information
that are missed by social media.

2.2 Limitation of Location-based Lookup
We now discuss the limitation of place naming method

that uses location-based lookup in SNS. Most services pro-
vide a list of nearby places since direct mapping of a user’s
location to a place name is challenging. We calculated the
distance between the estimated location by mobile phones
and the location coordinates of places in SNS. Figure 2(a)
shows that only 8.6% of places are within 10 meters, and
80.4% of places are within about 100 meters. The list of
nearby places should show the places within 180 meters in
order to cover the actual place for 90% of the cases.

The questions to be answered, then, are how many places
does the list contain within error distance? and what is
the rank of the actual place in the list? If the list contains
many places and the rank of the actual place is high, man-
ual selection of a place is burdensome for some users. We
statistically analyzed the location information regarding the
Seoul region to answer these questions. The results show
that the list contained 87.8 places within 100 meters error
bound (median was 44, first percentile was 20, and third per-
centile was 121 places); the rank of 35% of places was higher
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Figure 2: (a) Error distance between estimated lo-
cations in mobile phone and places in SNS and (b)
the rank of actual place in the list of nearby places.

than 20, as shown in Figure 2(b). This means that manual
selection of a place in the list is a serious burden for the
users, due to the high density of places. A user had to enter
further keywords to find his/her current place by location-
based lookup. In addition, 17.9% of places were registered
as more than two places, with slightly different names, in the
location database. The reason for this discrepancy is that
some users failed to find a place in the list and registered a
new place instead, even though the place already existed in
the database. Our findings indicate that to provide a place
name, we need robust and efficient features beyond simple
raw coordinates of location.

3. AUTONOMOUS PLACE NAMING
We propose autonomous place naming system that inte-

grates crowdsensing data from mobile phones with location
information in social networks. We first describe the usage
scenario, and then present the technical details.
The proposed system automatically provides the name

of places visited by users in daily life according to three
types [19]: functional name (e.g., food place, nightlife, shop-
ping place), business name (e.g., Starbucks, Apple Store),
and personal name (e.g., my home, my workplace). We as-
sume that a user does not manually provide information
about the place name. When a user stays at a place for a
certain period of time, the system opportunistically collects
sensing data and phone usage to generate the place char-
acteristics. The system then extracts features from sensing
data collected by crowd users. The system finally matches
extracted features with location information in SNS to infer
the place name.
Figure 3 illustrates the overall process of the proposed

system, which consists of three parts: data collector, feature
extraction, and name provider. In data collector, we use
GPS, WiFi, and cellular sensors to collect mobility data,
along with images captured by users. On the server side,
the crawler collects location and interaction data from social
networks, including places, check-in histories, images, and
posts in places. In feature extraction, the system applies a
set of classifiers to extract the characteristics about place.
We estimate the familiarity of place, residence time, and stay
duration. We also analyze images to extract features about
environments. Based on the extracted features, the name
provider infers the place name by linking crowdsensing data
with knowledge in social networks.
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Figure 3: Overall process of the proposed system.

Functional Naming

Clustering

Business Naming

Bipartite Matching

Personal Naming

Ordering

X Y

…

…

X1 Xk…

Figure 4: Conceptual description of place naming
problem.

3.1 Problem Statement
We first formulate the problem of place naming. Specif-

ically, crowdsensed data X contains a set of n places X =
{x1, · · · , xn}. Each node x includes four elements (L, S,R, I),
in which L is a set of estimated locations, S a set of stay
behaviors, R a set of radio fingerprints, and I a set of cap-
tured images. Meanwhile, location information Y in SNS
includes a set of m places Y = {y1, · · · , ym}. Each node
y consists of six elements (name, type, l, T, P, I), in which
name is the name of the place, type the type of place, l the
location information, T the set of check-in time, P the set
of postings, and I the set of uploaded images.

Now, the problem is to infer the functional name, business
name, and personal name of node x ∈ X. Figure 4 illus-
trates the conceptual descriptions of each problem. First,
functional naming is defined as the inference of place type.
Given X and Y , the system clusters all nodes x ∈ X, y ∈ Y

into different clusters C1, · · · , Ck, where k is larger than the
desired number of place types. Here, the places in the same
cluster are assumed to contain unique characteristics derived
from the same place types. Then, the functional name of
node x in Ci is a place type derived from nodes y ∈ Ci.
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Figure 5: LifeMap visualizes collected data as (a)
map, (b) daily trajectory, and (c) list form. LifeMap
is available in the Android market.

Second, business naming is defined as a bipartite matching
problem in graph theory. The system generates a direct edge
eij from xi to yj . The capacity of each edge is 1, and the
cost ecij is the similarity between xi and yj . The goal is to
find a set of edges E ∈ X×Y for maximizing the number of
flows |E| with a minimum cost

∑

e∈E
ec. In other words, the

system matches nodes in crowdsensing with nodes in social
networks to minimize the matching cost globally.
Last, personal naming is accomplished by ordering node

x ∈ X to choose private places. The system splits X into
X ′

1, · · · , X
′
k depending on individual users. X ′

i is a set of
visited places by the i-th users. We should order x ∈ X ′

i

elements to find the most private place for each user.

3.2 Data Collector
We extended the mobility monitoring tool LifeMap [3, 7],

for data collection in smartphones. LifeMap continuously
collects a user’s mobility every two minutes using WiFi,
GPS, and cellular sensors. We added an image-capturing
functionality to collect images captured by users. LifeMap
visualizes the visited places along with collected data on map
and list form, as shown in Figure 5. Users can confirm and
delete collected data at each place for privacy issues.
We also developed a crawler to collect location, as well

as interaction data from social networks, such as check-in
histories, posted tips, pictures, and basic user information.
To preserve privacy issues, we only used public data without
private authorization.

3.3 Data Pre-Processing
The system first defines a place in a user’s trajectories. We

segment the stream of collected data into places with room-
level accuracy and aggregate the data at identical places.
Here, we describe the place segmentation technique and the
node generation for pre-processing.
Place Segmentation. We used a radio fingerprint-based

place learning to segment places with room-level accuracy in
a user’s trajectories. Let (lt, rt) be sensing data from data
collector at time t, in which lt is a location and rt is a radio
fingerprint. The system considers that a user stays at same
place if the similarity of the received signal strengths from
WiFi APs is larger than a certain threshold. We used the
Tanimoto coefficient [12] to estimate the similarity of radio
fingerprints, defined as:

Table 1: Summary of used features.
Features Sources Terms in nodes Usage 

Residence time 
Stay behavior 

Check-in history 

Discretized

into 48 bins 

Functional name

Business name 

Stay duration Stay behavior 
Discretized

into 9 bins 

Functional name

Personal name 

Words 
Image 

Posting 
Raw words 

Functional name

Business name 

GIST Image Clustered ID 
Functional name

Business name 

SIFT Image Clustered ID 
Functional name

Business name 

Familiarity Visit frequency - Personal name 

S(ra, rb) =

{

stationary ,if ra·rb
‖ra‖2+‖rb‖

2−ra·rb
≥ ϕ

move ,else

where ϕ is the similarity threshold and the output is a sim-
ilarity estimated between 0 to 1. When the system contin-
uously detects a stationary state from time ts to time te

(i.e., mints≤t<te S(rt, rt+1) ≥ ϕ), we generate a stay behav-
ior (L,R, ts, te), in which L is a set of estimated locations,
R a set of radio fingerprints, ts the start time of stay, and te

the end time of stay. Each node x then includes a set of stay
behaviors. In other words, we group the collected dataset
into different places based on radio fingerprints. We empri-
cially set the threshold ϕ to group the places with room-level
accuracy.

For social network data, place segmentation is straightfor-
ward since the location database provides the unique ID of
each place.

Node Generation. The system constructs places as
nodes with a bag-of-words model. One node contains all
features extracted from the sensing data in an unordered
manner. We denote the term as an attribute of extracted
features. We discretize continuous features (e.g., the dis-
tribution of residence time or stay duration) into a series
of discrete terms by certain intervals. To handle the noisy
measurements in the collected dataset, the system modifies
the frequency of terms within a node, based on the confi-
dence and uniqueness. We first filter out outputs with low
confidence scores, using an empirically determined thresh-
old (see Section 4.4). The system then applies the term
frequency-inverse document frequency (tf-idf) [23], which is
frequently used in conventional document analysis. This
technique emphasizes unique terms and reduces the weight
of non-discriminative terms. For example, tf-idf decreases
the frequency of common terms across all nodes, as those
terms are meaningless for discrimination. The tf-idf of term
w at node x in set X is defined as:

tf-idf(w, x,X) = f(w,x)
max{f(w,x):w∈x}

× log |X|
|{x∈X:w∈x}|

,

where f(w, x) is a frequency of term w in node x.

3.4 Feature Extraction
We describe the features we used to model the place char-

acteristics. Each node contains features about a user’s be-
havior and environments, obtained from both crowdsensing
and social network data. Table 1 summaries the extraced
features and their usage at the name provider.

Residence Time. Residence time indicates stay behav-
ior of users at a place tied with time-of-day (e.g., 10am or
4pm). The underlying assumption is that both the stay du-
ration and the time-of-day imply meaningful patterns when
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Figure 6: Distribution of stay duration according to
the functional name.

people visit a certain place. Intuitive examples include peo-
ple spending meal times at food places or students staying
at schools from 9am to 5pm. From the stay behaviors Sx at
node x, the system generates the distribution of residence
time at place Rx, based on the discrete histogram of resi-
dence time set (ts1, t

e
1), · · · , (t

s
k, t

e
k). The probability of Rx at

time t is defined as:

Rx(t) = p(tsi ≤ t and t ≤ tei |(t
a
i , t

e
i ) ∈ Sx),

where t is a specific hour and minute of a day (e.g., 8am
or 4pm). We normalize Rx as

∫

t
Rx(t)dt = 1 and discretize

Rx into 48 bins (i.e., 30 minutes for each bin). We use the
overall distribution of residence time instead of probability
at a specific time.
For social network data, we generate Rx based on check-in

history T . Compared to stay behavior sensed by a smart-
phone, T contains a set of instant check-in time tc, not
the duration. Therefore, Rx(t) is a fraction of observed
check-ins at time t to overall check-in histories, defined as
p(tci = t|tci ∈ T ).
Stay Duration. The system produces the distribution

of stay duration Dx at node x in each place. This fea-
ture takes the pattern of stay behavior without time-of-day.
For example, many college students visit specific classrooms
with uniformly distributed patterns from 9am to 6pm, and
their stay duration may show consistent patterns—i.e., the
length of a class hour. Dx is a form of discrete histogram
based on the set of stay duration at node x, expressed as
Dx = {si = tei − tsi |(t

s
i , t

e
i ) ∈ Sx}. We discretized the stay

duration into 9 bins (i.e., 15, 30, 60, 90, 120, 150, 210, 400,
400+ minutes) based on the distribution of the stay duration
according to the functional name, as shown in Figure 6.
Social networks do not provide stay duration at places be-

cause the check-in operation indicates only an instant time
instead of the duration. Previous work estimated stay du-
ration approximately by using the time difference between
consecutive check-ins of each user [8], but such approach re-
quires private information (i.e., user’s identification of each
check-in) which is not acquired in our system. The stay du-
ration is therefore a missing value in social network data.

Written Words. The written words found in menus,
store signage, posters, or postings imply the characteristics
about the place. For example, we see the brand name (e.g.,
Starbucks or Apple) on signs or words related to coffee (e.g.,
Americano or roast) in a cafe. Similarly, people post texts

about places for sharing purposes, such as recommendations
of menus at restaurants or reviews of services at stores in
location-based social networks.

The system mines words from the captured images in
smartphones, and also from the uploaded images and texts
in social networks. To mine such words in a set of captured
image I, the system incorporates optical character recogni-
tion (OCR) technique [10]. From each image, the engine
provides recognized words and confidence score in each re-
sult. We utilized confidence score to modify the weight of
recognized words. We set the high threshold of confidence
score to filter out the noisy results.

Similar to written words mined from images, the texts in
social network contains meaningful words related to place
characteristics. The system selects postings associated with
places and parses texts into an unordered set of unigram
words. To reduce the noises in extracted words, we used the
dictionary to filter out non-grammatical words.

Local Features in Images. The local features describe
the unique characteristics of specific objects in images. Prac-
tical examples include a brand logo on a wall or a mark on
the signage. We incorporate scale-invariant feature trans-
form (SIFT) [20] to mine local features in images. SIFT is
commonly used in computer vision for object recognition or
image stitching. This technique produces a set of key points
in each image that describes position, scale, and orienta-
tion of each interesting pattern in images. We cluster the
extracted SIFT features from all images in a dataset and
generate the distribution of cluster ID at each node.

Scene Features of Images. Scene feature describes the
overall scene characteristics of an image, such as major shape
or visual patterns. For example, we see strong horizontal
lines in supermarket shelves or round shapes of bowls in
images capturing dishes in restaurants. To leverage scene
features, we chose GIST feature [22], which is widely used
in the literature to capture scene characteristics. We pro-
duce GIST-based feature vectors for each image. Similar to
local features, we cluster GIST vectors to group images into
similar sets. The system then takes the frequency of images
in each cluster into the features of a place.

Familiarity. Familiarity indicates how frequently a user
visits a place. We define the familiarity of node x that con-
tains k stay behaviors, motivated by the entropy in [9], as
follows:

Familiarity(x, S) := −
∑k−1

i=1 p(i;S) log p(i;S),

where p(i;S) is
ts
i+1−ts

i

ts
k
−ts

1

. A place will have high familiarity

if a user visits it with certain regularity (e.g., every day).
Conversely, a place will have low familiarity if the distribu-
tion of stay at a place is biased or randomly observed. We
use familiarity to determine the privateness of a place for
each user. For example, employees at a restaurant exhibit
high familiarity, as they regularly come to the restaurant
for work. Conversely, customers at a restaurant show rela-
tively lower familiarity, due to the randomness of their stay
behavior.

3.5 Name Provider
We now describe the principles we applied to integrate

all extracted features for inferring place names according to
three types (i.e., functional, business, and personal name).

Functional Name. Functional name indicates the se-
mantic type of place, such as food place, nightlife, or shop-



ping place. We applied a clustering technique to infer the
functional names of places. The intuition is that the func-
tional name is a category of multiple places that exhibit the
similar characteristics of sensing data. The system clusters
all nodes into different groups with consistent patterns of
terms. To handle no prior knowledge about the number of
groups, we adopted Dirichlet process mixture (DPM) sug-
gested by [2, 25]. DPM describes infinite Dirichlet distribu-
tion as a prior of groups, and provides a flexible scheme to
estimate the number of clusters and parameters. Our sys-
tem used residence time, stay duration, words from images
or postings, GIST and SIFT features to compute the dis-
tance between nodes. Given a node a and b, the distance
between a and b is defined as

u(a, b) = KL(Ra ∩Da, Rb ∩Db) + α 1
|Wa∩W b|

,

in which KL(·) is the symmetrized Kullbeck-Leibler (KL)
measurement [15] of the residence time and the stay duration
distributions, α the scaling factor, and |W a ∩W b| the over-
lapped number of mined words, GIST, and SIFT features.
The KL divergence measures the expected amount of infor-
mation required to transform samples from a distribution
into another one. The system calculates the KL divergence
without stay duration if node a or b does not contain the
information. We set the minimum value of |W a ∩W b| as 1
if two nodes do not have overlapped terms. The metric indi-
cates that the distance between two places is close if the stay
behaviors at two places are similar and two places sufficiently
include the same written words or features from images. For
example, the residence places would be grouped in the same
cluster because of shared terms in nighttime (e.g., 0am to
7am) or long stay durations (e.g., 400+ minutes). Or, the
coffee places can be differentiated from the shopping places
due to different observations in mined words. Given a clus-
ter Ci, the functional name of node x ∈ Ci is the type of

node y ∈ Ci with highest probability maxtype∈y
|type|
|Ci|

.

Business Name. Business name is the actual name of a
place such as Starbucks, Apple Store, or Marche. To infer
the business name, the system should generate one-on-one
links between a place generated by crowdsensing and a place
in SNS. We applied the bipartite matching which finds a flow
between two sets with a minimum cost. The problem is to
match node x ∈ X to node y ∈ Y with a minimum match-
ing cost. The system generates a graph with four layers,
U,X, Y, V , as illustrated in Figure 7. The system generates
direct edges from U to V : U → X → Y → V . Initially, the
capacity and the flow of all edges are 1 and 0, respectively.
The edges in U → X and Y → V have no cost, and the cost
of edges X → Y is the similarity between two nodes, x and
y, defined as:

H(x, y) = d(x, y)× u(x, y),

where u(·) is the similarity between two nodes and d(·) is
the cdf form of relation between error distance and loca-
tion mapping we determined empirically (see Section 2.1).
In other words, we consider the difference between the dis-
tributions of terms at two nodes along with the distance
between locations. H outputs low value if the distance be-
tween two nodes is close and the nodes shared many terms.
We then employed the minimum-cost maximum-flow algo-
rithm [1] to find an optimal flow F that derives maximum
flow from U to V with minimum cost. In F , the business

x1

x2

xn

y1

y2

y3

ym

X Y

…

…

U V

U V

Cost=0

Capacity=1

Cost=0

Capacity=1

Cost=Similarity

Capacity=1

Edge with flow Edge without flow

Figure 7: Conceptual description of business nam-
ing.

name of node xi is the name of node yj if the flow of edge
eij is 1. This approach finds the match between places with
a globally-minimum cost. In the list of business name, the
name of node yj is ranked at first, and the rest nodes are
ordered by the similarity value.

Personal Name. Personal name is the personalized name
of a place given by an individual user, such as my home or
my workplace. Given setX ′ of a particular user, the problem
is to order nodes in X ′ to ultimately find the most private
nodes x. The system considers the places generated by mo-
bile phones since the personal name should be provided in
a personalized manner. We ordered nodes x ∈ X ′ by fa-
miliarity and stay duration to infer the personal names of
places. Among the places inferred as residence type, the
system considers a place with the highest familiarity as my
home. Then, excluding the residence type places, the sys-
tem considers the next place with the highest familiarity as
my workplace. We cannot directly link to professional of-
fices to my workplace. For example, Starbucks should be
inferred as my workplace for an employee at Starbucks, but
the functional name of the place is food place, not profes-
sional offices.

4. EVALUATION

4.1 Data Collection
We deployed the data collector tool from November 2011

to September 2012 to collect data traces from 70 participants
on their primary smartphones. The participants labeled the
place names and categories using a user interface for ground
truth. The participants also provided the place information
offline at the last day of data collection. The average col-
lection period was 94 days, and the median was 60 days.
Table 2 presents the description of collected dataset. The
collected traces included 3,300 images and 3,800 places over
a sampling period of about 174,000 hours. Note that we are
currently sharing the collected dataset in the CRAWDAD
research communities [14].

We performed the crawling in Foursquare [11] for four
months (from May 2012 to September 2012) and restricted
spatial regions within Seoul, Korea. The dataset contains
9,200 pictures, 101,200 tips (description about places), and
1,078,100 check-ins at 130,000 locations by 31,000 unique



Table 2: Description of collected data.

Place Type 

CrowdSensing Social Networks 

# of 

Place

# of 

Image 

# of 

Place

# of 

Image

# of 

Posting

Arts & Entertainment 298 152 6,892 786 9,145

College & Universities 815 1,392 5,296 157 3,870

Food Place 1,337 952 46,449 4,750 58,193

Nightlife 129 84 6,212 421 4,188

Outdoors & Sports 136 86 11,909 911 7,758

Residences 183 209 1,768 38 543

Shops & Services 376 260 18,962 699 11,827

Travel & Transport 283 68 5,983 413 1,254

Professional Offices 208 117 21,117 767 10,629

Others 71 21 5,445 233 1,827

users. We only collected the public data that are accessed
without private authorization.

4.2 Implementation
We implemented the data collector client in Android SDK

2.2. The WiFi scanning intervals and window size are 2
minutes and 30 seconds, respectively. The tool monitors
captured images as event-driven methods. The crawler and
backend server were implemented on a Windows 7 server.
The crawler collected location and interaction data using
Foursquare APIs [11] every 5 minutes. For feature extrac-
tion, we set the similarity threshold of WiFi vector to 0.7
for segmenting places with room-level accuracy, as suggested
in [13, 7]. We built two sets of residence-time histograms,
one for the weekend and one for weekdays, as suggested
in [6]. Each histogram bin represents a 30-minute period
during a single day (i.e., 48 bins). The dataset derived ap-
proximately 12,000 GIST vectors and 60 million SIFT vec-
tors from images. To discretize the large number of features
from images, we applied the fast-approximate k-means clus-
tering, provided by [21]. We followed the definition of the
functional name provided by Foursquare [11]. We used 10
types of the functional name as presented in Table 2.

4.3 Macro Benchmarks
We validate the overall performance of the proposed sys-

tem, compared to the related approaches below. Note that
we denote the proposed system as crowdsensing-aided.
Location-based Lookup. This method estimates simi-

larity between places based on physical distance. We chose
the type of closest places for functional naming, and for busi-
ness naming, we generated a list ordered by distance.
Popularity-aided. This method uses the quantity of

interaction data in social networks [18, 24]. The basic as-
sumption is that a user may frequently visit popular places.
We used the number of check-ins and posted tips, as sug-
gested by [18], and further utilized the number of uploaded
images to determine popularity. The method chooses the
most popular place among the nearby places. We consid-
ered places within 180 meters error to cover 90% of cases
(see Section 2.2).
We used precision and recall metrics to evaluate the per-

formance of functional naming. The classified type is consid-
ered correct if the ground truth is equal to the type with the
highest probability. Figure 8 shows the precision and recall
of the proposed systems compared with the related methods.
Our system outperforms the related methods by 27% preci-
sion and 13% recall. The results indicate that user behavior
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Figure 8: (a) Precision and (b) recall of related sys-
tems in functional naming.

and environmental features are more effective than distance
or popularity for inferring the functional name. Our system
shows relatively worse precision in colleges and food places,
as shown in Figure 8(a). The reason is that (1) the out-
puts of location-based lookup and popularity-aided method
tend to be biased as food places; and (2) the distance metric
works well for college and university places since those places
are located densely in certain regions. This phenomenon is
presented as a confusion matrix in Figure 9. Location-based
lookup and popularity-aided methods infer about 34% of
places as food places, due to the large number of samples
of food places in social networks. Compared to the related
approaches that showed 33±20% accuracy, the proposed sys-
tem correctly infers the type of 56±18% places.

Regarding the performance of the proposed system in busi-
ness naming, we define the accuracy of business naming as
the order of places in the generated list. For example, 20%
accuracy for top-5 indicates that the order of the actual place
is less than five in the list for 20% of cases. The proposed
system generates 29±8% higher accuracy than the related
methods, as illustrated in Figure 10(a). Our system cor-
rectly inferred the business name in 38% of the cases, and
84% of places are within 10 places in the generated list.
The result indicates that the semantic features from sensing
data enable the precise recognition that is missed by using
explicit features, such as distance or popularity. The pro-
posed system provides less than 6.7 ranks for 80% of cases,
but location-based lookup and popularity-aided output less
than 22.8 and 69 ranks for 70% of cases, respectively, as
shown in Figure 10(b). Considering that higher rank means
greater burden on the user, the results reveal that our system
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Figure 9: Confusion matrix of functional naming in (a) location-based lookup, (b) popularity-aided, and (c)
the proposed system.
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Figure 10: (a) Accuracy of related systems in busi-
ness naming and (b) the CDF form of order of all
places. Left-most curve indicates better results for
business naming.

greatly reduces user intervention by integrating the sensing
system for place naming.
Figure 11 shows the accuracy of business naming, using

different features and sources of data in isolation. Based on
the use of physical location, we additionally used the fea-
tures such as mobility data, words from OCR classifier and
posting, and GIST/SIFT features from images. The per-
formance gains obtained with using mobility and words are
relatively larger than using GIST/SIFT features. The result
indicates that the written words in the place are meaningful
to differentiate the places, and people exhibit similar stay
behaviors at the same place. The indoor scene classifica-
tion (i.e., GIST/SIFT features) operates poorly in business
naming, although the features are effective to recognize the
place types [5].
For personal naming, we ignored the comparison with the

related methods, as we needed private authorization to col-
lect personal information from social networks. The pro-
posed system correctly infers 89±8% of personal places, as
shown in Figure 12(a). My home shows relatively higher
precision and recall than my workplace/school because of
unique stay patterns at home. The errors in recognizing
my workplace/school occurred in participants with multi-
ple places considered as workplace or school. Familiarity

Accuracy (ratio)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Location-based

Mobility-aided

Words-aided

GIST/SIFT-aided

Figure 11: Accuracy of business naming in top-10
list used by different features.
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Figure 12: (a) Precision and recall for personal nam-
ing and (b) distribution of familiarity in public and
private places.
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Figure 14: Distribution of terms mined from images.

effectively measured the privateness of places, as presented
in Figure 12(b). The private places show relatively higher
familiarity than the public places, because of regular visit
patterns on private places.

4.4 Micro Benchmarks
In exploring the discriminative power of each feature on

the performance of the proposed system, we find that fea-
tures regarding a user’s behavior are robust for functional
naming, and the environmental features mined from images
or postings are effective for business naming.
Figure 13(a) presents the residence-time distribution of

several place types on weekdays. We found that the stay
behaviors have strong features that can differentiate some
types (e.g., residences and food places), but several types
(e.g., colleges and professional offices) are confused, due to
similar stay patterns. We further investigated the difference
of distributions between places, as shown in Figure 13(b).
The figure illustrates the Kullback-Leibler divergence [15]
between the residence-time distributions. The results indi-
cate that places of the same type have higher similarities
compared to places of different types.
We highlight the characteristics of the environmental fea-

tures mined from images (i.e., GIST, SIFT, and OCR words).
Figure 14 presents the distribution of attributes mined from
images. We presented a few selected attributes since the se-
mantic features from images were sparsely distributed over a
large number of attributes. The result shows that clustered
terms were observed differently on some types of places that
can differentiate places. The example images in the same
cluster inferred as food place are presented in Figure 15(a).

 !"

 #"

Figure 15: Example images (a) in the same cluster
and (b) at the two places.

The images contains cups or bowls with round shapes that
derived similar terms. Similarly, the terms mined from im-
ages at the same place show consistent patterns since those
images contains similar scene or local objects, as illustrated
in Figure 15(b).

In OCR words cases, the system observed a high frequency
of OCR words in food places and most images captured at
shopping and travel and transport contained written words,
as illustrated in Figure 16. The words were mostly mined
from images capturing store signs, menus, or a direction
boards in a place. To filter out noisy results, we utilized the
confidence score provided by the OCR engine. Figure 17(a)
shows that false positives decrease as the threshold of con-
fidence score increases. The result shows that even though
the classifier produces noisy results, reliable results can be
obtained using high threshold of confidence. The side-effect
of this approach is a significant drop in true positives, but
the system still extracts sufficient amount of results due to
the large amounts of data collected by crowdsensing and
crowdsourcing. We set the threshold of confidence as 300 to
obtain high precision with small loss in recall, as illustrated
in Figure 17(b). The low recall indicates that the classifier
would require further investigation to obtain more classified
features from noisy images. Table 3 indicates that major
words on different types of places reflected the characteris-
tics of places.

Finally, we explored the relationship between the number
of samples and the performance of the proposed system. In-
tuitively, as shown in Figure 18, the more data leads a more
accurate result. We found that a larger number of visits in-
duced better accuracy in functional naming, and a greater
number of images is effective for business naming. Places
with more than 100 visits showed 80% of accuracy, while
more than 20 images derived 4.3±4.9 ranks in the list. The
reason is that the number of matched features of the same
places increases with the number of images. The visitations
would increase as time goes by in daily life, but the collection
of images requires the active user participation. Considering
that 9.7% of places in SNS and 34% of places in crowdsens-
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Figure 17: (a) Distribution of confidence score in
OCR and (b) precision and recall according to con-
fidence score.

ing contain image data, the reward for data collection is
required to induce user participation.

5. RELATED WORK
Extensive studies have been conducted recently to extract

advanced information on places, beyond simple raw coordi-
nates. We discuss related work in three different domains:
place naming, local search and recommendation, and place
segmentation.
Place Naming. Lin et al. [19] analyzed people’s prefer-

ences in place naming and defined the hierarchical relation
of place naming taxonomy. They designed a model to pre-
dict the desired types of place names that people would use
when naming in a given situation. The system, however, did
not solve the problem of actual place naming. We followed
their taxonomy and solved the problem of place naming in
practice.
The work by Lian et al. [18] is the most relevant to our

work. They designed a model to infer the current place in
a given GPS point. They used check-in histories at social
network websites and the quantity of interaction at location
review websites, including popularity, visit frequency, and
temporal information of stay. Our work improves the past
works in many ways. We exploit more attributes captured
by mobile phones that have not been previously covered.
Our system also provides place names without user inter-
vention.

Table 3: Top OCR words on several types of places.

Place Type Top OCR Words 

Arts & Entertainment
size, movement, sequence, lotte, mayor, world, 

march, admission, cctv, cinema, fantasy, films 

Food Place 
coffee, set, menu, café, open, lunch, free, rice, 

special, tea, all, close, noodles, take, chicken 

Nightlife 
wine, band, bar, cinnamon, glass, non, open, 

sparkling, available, blending, cocktail, dinner 

Outdoors & Sports 
forest, park, playground, cafeteria, center, 

children, fee, holidays, information, operation 

Shops & Services 
keep, new, shop, sale, thinking, fax, free, lucky,  

open, point, smart, women, accessory, best 

Travel & Transport 
airport, express, seoul, airways, america, center, 

departure, Incheon, seat, transfer 

Professional Offices 
room, public, rest, consulting, information, 

korea, library, service, smart, team, www 
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Figure 18: (a) Relation between number of stays
and accruacy of functional naming and (b) box plot
of relation between number of images and the order.
Box indicates lower quartile, median, upper quartile
and whisker indicates 10% and 90% of observation.

Recently, several works have focused on the inference of
functional name of a place. Works in [4, 28, 5] used var-
ious features, such as number of radio beacons [4], phone
usage [28], stay duration [4, 5], or captured images [5]. Ye
et al. [27] employed check-in histories on social networks.
They focused on three types of functional name (nightlife,
food place, shopping place). Our previous work [5] used
the topic modeling approach to infer the functional name of
places. The system used image and audio data captured by
mobile phone to characterize places into 7 categories. The
system is, however, required to label the place name manu-
ally by smartphone users. In this paper, we utilized the fea-
ture extraction method in [5] and integrated the knowledge
found in SNS to provide autonomous place naming with-
out user intervention. Additionally, we designed the place
naming method from a person’s perspective (i.e., functional,
business, personal name). Our system now provides au-
tonomous naming even for business and personal name of
places. This was not covered in [5].

Local Search and Recommendation. Research on lo-
cal search and place recommendation produced the ranked
list of relevant places based on user queries or contexts. Di-
verse approaches are used to estimate relevance between
places. Shankar et al. [24] used public interaction data
in social networks, CLR [17] employed similarity between



users, and Hapori [16] used time, weather, and activity of
users as given contexts. We utilized these works to esti-
mate relevances, and we further provided the actual name
of a place automatically, by combining smartphone data and
SNS data.
Place Segmentation. Research on place segmentation

recognized point-of-interest in user trajectories. Most stud-
ies have used the fingerprint method of surrounding radio
beacons, such as Bluetooth [26] or WiFi access points [26, 7].
The basic idea is that the signal strengths of radio beacons
are similar when a user stays in a certain place. We utilized
radio-based place learning to segment places at room-level
accuracy and generated stay duration in places.

6. DISCUSSION
We discuss the limitations of the proposed system, along

with future research directions. We also highlight a number
of areas that require further investigation.
Privacy. Although our data collector enables the dele-

tion of collected data, uploading raw images into the server
has privacy concerns in practice. Here, one possible solution
is to process the classifiers locally in smartphones. For ex-
ample, instead of uploading raw data, smartphone extracts
OCR words, GIST, or SIFT features and uploads these fea-
tures to server in an unordered manner. To realize this local
processing technique, we need an efficient classifier with low
complexity and also a job scheduler that would execute clas-
sifying/uploading operations when the device is relatively
under usage (e.g., night time with battery charging). Mean-
while, one thing we counter-intuitively found in our study is
that, many participants are willing to share pictures publi-
cally with others. In fact, social network users are already
sharing many images, when interacting with others. There-
fore, we believe that local data processing may accelerate the
active and voluntary participation of end users in crowdsens-
ing framework.
Incremental Learning. The proposed system required

an non-trivial amount time of data processing in our server
(several hours of processing in Intel i7 CPU 860 server with
8GB RAM). The major workload in the server is to pro-
cess the learning components (i.e., feature extraction and
clustering). Considering that we, in our work, used data
collected in only one city and the amount of data is rapidly
increasing with a widespread use of smartphones and SNS,
the data processing issue is practically a big challenge in
crowdsensing framework. We believe that an incremental
learning scheme would be necessary to handle a large vol-
ume of data efficiently in real life.
User Participation. The proposed system requires knowl-

edge from crowdsourcing to infer the place name. Our work
expands the coverage problem on place naming by applying
the SNS knowledge to information collected with the crowd-
sensing approach. However, the system is not able to learn
additional names that are not in SNS. To solve this limi-
tation, the system should somehow support generating new
names, or at least provide a method to encourage users to
put their knowledge back into SNS. Generating new names
is beyond the scope of our research. We, instead, plan to in-
vestigate a reward system to induce active user participation
in crowdsensing approach. Considering that SNS is missing
about 22% of the places visited in daily life (see Section 2.1),
an appropriate rewarding mechanism would greatly improve
the coverage of place naming.

7. CONCLUSION
In this paper, we proposed an autonomous place naming

system for providing place names according to three types.
Our system leverages the place characteristics mined from
opportunistically crowdsensed data using smartphones and
crowdsourced information in social networks. By integrat-
ing sensing system and exploiting crowdsourcing to gather
large volumes of data, our system is able to provide place
name from a person’s perspective, beyond raw location co-
ordinates.

Our study presents the possibility of linking sensing sys-
tems to social networks, toward the advanced understanding
of human life. The proposed system provides rich awareness
of the places that have been annotated manually by users
in previous works. Such advanced information is a build-
ing block for many context-aware applications, such as city-
scale activity recognition, mobile advertising, or enhanced
place recommendations. Our future work includes study on
a crowdsensing framework that will explore effective incen-
tives to encourage active participation of end users.
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