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Abstract. With the inevitability of urbanization, it is of critical im-

portance to understand how effective the urban spaces are planned and

designed to build comfortable and lively smart cities. Our approach is to

develop a people-centric mobile crowdsensing platform to provide insights

for urban designers, by leveraging on the proliferation of mobile phones

and recent advancements in mobile sensing and data analytics technolo-

gies. More specifically, we have designed and developed a smart-phone

based platform to collect both user-generated data and data from mul-

tiple sensors contributed by various demographic groups, especially the

aged, to understand how they perceive and utilize public spaces. The data

collection is also conducted in a privacy-aware manner. Based on the

collected data, we then develop advanced and dedicated analytics tools to

derive insights about users’ opinions towards public spaces in their neigh-

borhood, utilization of public spaces and mobility patterns of the different

demographic groups, etc. These insights will be utilized to enhance urban

design of future smart towns.
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1 Introduction

It has been forecasted that more and more of the world population will live in
urban areas and this will result in an increasing demand for space and resources.
Recent works have estimated that 70% of the world population will live in cities,
and consume about 75% of the world’s total daily energy expenditure while
releasing about 80% of total daily greenhouse gas emissions in the year 2050.
In addition, ageing societies with a growing percentage of the elderly is an issue
of increasing concern for cities. For example, in Singapore, those over-60s are
expected to form 38% of Singapore population by 2050. Such a prospect will
pose significant challenges in urban planning and monitoring, high-density living,
sharing of public spaces and sharing of elder care resources, etc. It is of critical
importance to understand how effective urban spaces are planned, and how they
contribute to the livability and liveliness of densely populated cities.

Meanwhile, smartphones have become an integral part of every citizen’s life.
Besides traditional functions such as calling and messaging, modern smartphones
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can be used for a countless number of other activities, such as social networking,
navigation, gaming, consumption of multimedia content, etc. Many high-level
needs that cover various aspects of our daily lives have been met by a wide
number of mobile applications, and this trend is still continuing. The intelligence
of these Apps is mainly derived from modeling and analyzing the rich data from
embedded sensors in the smartphone. Examples of these sensors are GPS sensor,
cell tower scanner, WiFi scanner, accelerometer, gyrometer, sound sensor, light
sensor etc.

Smartphones are ideal devices for us to conduct crowd sourcing and sensing
to collect useful data for facilitating urban design. Users can conveniently use
their mobile phones to complete surveys and provide opinions and feedback on
various public space, anywhere and anytime. Moreover, when users move around
with their mobile phones, the sensors will continue to capture data, which enables
the sensing of the ambient environment, understanding of crowd behavior and
dynamics as well as the tracking of activities by individuals. These insights can
then be incorporated as an input into urban design to make the process bottom-
up and more intelligent.

Therefore, we design and develop an innovative and easy to use mobile crowd-
sensing platform, to gather various datapoints from residents, and understand
how they perceive and utilize public spaces. This will in turn enhance the de-
sign of public spaces for future smart towns. More specifically, a smartphone
based platform is developed to collect three generic types of data from partic-
ipants: 1) demographics data; 2) user-generated data such as opinions, feelings
and activities; 3). data from multiple sensors in the smartphones that reveals
clues on activities of users, their environment and location. Based on the col-
lected data, we develop advanced and dedicated analytics tools to derive insights
about users’ opinions towards public spaces in their neighborhood, utilization
of public spaces and mobility patterns of the different demographic groups, etc.
The mobile crowdsensing platform has been deployed in a testbed site located in
Singapore, consisting of four clusters with a total of 38 HDB blocks and a com-
mercial subarea with shopping malls near an MRT station and bus interchange.

Overall, our approach leverages on the proliferation of mobile phones and
recent advancements in mobile sensing and data analytics technologies, to gain
insights from a variety of data. The user-generated data explicitly tell us opinions
of users towards facilities in public spaces and what they were doing there, and at
what time of the day. It enables us to analyze how comfortable and lively targeted
places of interests (POIs) are, in the viewpoint of the residents. On the other
hand, the strength of getting data from multiple sensors lies in its wide coverage
and truthfulness (sensor data are objective and patterns are to be discovered
instead of being told subjectively). We mine the sensor readings and location
updates, to complement the limited number of submissions from our App users.
Both types of information coupled with the demographics data provided jointly
provide a great opportunity to understand how individuals or groups of people
perceive public spaces, their mobility patterns and the utilization patterns of
public spaces.
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The rest of this paper is organized as follows. We present related works in
Section 2, and give an overview of the platform in Section 3. In Section 4, we
describe the implementation of our platform, including the developed App with
its design rationale, functionalities and features, and backend data management.
Data preprocessing methodologies are described in Section 5. Section 6 includes
the description of various types of analysis with the collected data, together
with some preliminary analysis results. In Section 7, we briefly introduce the
integration with system components. We finally conclude our work in Section 8.

2 Related Work

In this section, we present a literature review of methodologies used in the study
of urban planning and human mobility pattern analysis.

2.1 Urban Planning

Calabrese et al. [1] provide a survey on ideas and techniques that apply mobile
phone data for urban sensing, by focusing on using mobile phone data to un-
derstand human mobility. Recently, most existing works (e.g., [2], [3], [4]) utilize
CDR data to derive human mobility in cities. In general, there are three differ-
ent CDR data analysis methods: (1) trip-based analysis (e.g., [2]) which is to
convert CDR data into node-to-node transient origin-destination (OD) matri-
ces in the city road network, (2) activity-based analysis (e.g., [3]) which is to
conduct activities from human daily travels by considering travel demand, and
(3) system-based analysis (e.g., [4], [5], [6]) which is to synthesize methods of
estimating travel demand, deriving estimated trafic on road networks and un-
derstanding road usage patterns from CDR data. Due to the low quality (sparse
in space and time, low location precision) of CDR spatiotemporal data, existing
works mostly target on the urban transportation planning, but the single source
of CDR data is not enough to derive the utilization analysis of urban public
space. Furthermore, due to a lack of social demographic information, the anony-
mous spatiotemporal CDR data can not be directly used to analyze the human
behavior of different user groups (e.g., by age, by gender) and the mobility pat-
terns of users with close relationship (e.g., family members, good friends). Even
though the analysis [6] uses a separate source of travel survey data, it is still
limited due to the unclear linkage between CDR data and the survey data.

2.2 Human Mobility Pattern Analysis

Recently, some existing works (e.g., [7], [8]) focus on understanding human mobil-
ity patterns, and some others (e.g., [9], [10], [11]) study frequent pattern mining
of human movement, based on frequent patterns (e.g., [9] ), association rules
(e.g., [10]) or predictive models (e.g., [11]).

Based on human mobility patterns, some existing works (e.g., [12]) study
the detection of home and work places. Rather than considering home and work
places, our research focuses on other public spaces within the residential area.
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Papandrea et al. [13] analyze human mobility patterns to derive utilization
of commonly visited places, by taking into consideration the semantics of these
visited places. Compared with the proposed method [13], our analysis takes into
account not only the semantics of visited places but also the semantics of users.

3 Platform Description

In this section, let us briefly describe the people centric mobile crowdsensing
platform. Figure 1 shows the platform diagram. As can be seen in Figure 1, our
platform mainly contains of five parts: (1) mobile App development, (2) backend
data management, (3) data cleaning and pre-processing, (4) data analysis and
(5) data integration with other system components.

Mobile APP 

Development

Participates

DOWNLOAD  & 

INSTALL

FEEDBACK DATA 

UPLOADIN
G

Backend Data 

Management

Data 

Analysis

Data Cleaning and 

Pre-processing

Activity 

Recognition

Mobility Pattern 

Analysis

Place Utilization 

Analysis

Data Integration With 

Other System Components

Fig. 1. The People-Centric Mobile Crowdsensing Platform

More specifically, an Android mobile App was developed to collect the opin-
ions and feelings of participants about public places in the testbed area, together
with phone sensor data. An incentive scheme was designed to encourage users
to actively contribute their mobility data. All collected data in the phone will
be uploaded periodically into our cloud server when the phone is connected to
WiFi. Data management infrastructure has been established to coordinate and
store streaming data to enable real-time processing, answer queries from the
mobile App, and facilitate progress monitoring and future data analysis work.
Privacy preserving features and lightweight stream mining are included to make
the system safe and ensure the entire data collection process is manageable. Af-
ter pre-processing and intelligently cleaning the collected people-centric data,
we develop advanced and dedicated analytics tools to derive insights from the
crowdsourced and crowd-sensed people-centric data. Examples of these analyses
are public opinion analysis, place utilization analysis, activity recognition and
mobility pattern analysis. The pre-processed data and analytics results are also
uploaded to the Informed Design Platform [14], [15], [16] for integrated visu-
alization and analysis with data from other sources (e.g. sensing data, survey
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data, CDR spatiotemporal data and so on), to provide a holistic view and turn
the collected data into insights and actions.

4 Platform Implementation

Let us now introduce the implementation of our platform. In Section 4.1, we
present the development of our Android mobile App, followed by the description
of our backend data management in Section 4.2.

4.1 Mobile App Development

Figure 2 shows the UI of our App, which includes the menu, registration page,
rewards page, notifications panel, visited places and ratings submission page.

Menu Registration Rewards Notification

Visited Places Ratings Submission

Fig. 2. UI of our Mobile App

Around 280 residents in the testbed area were gradually recruited to partic-
ipate in the study through an incentive scheme. With the App installed, users
can provide their opinions and feedback about public spaces in the testbed area
at any time by submitting their ratings through the “Rating” page, as well as
what they were doing at that place through the “Activity” page. To encourage
residents to actively contribute their data, reward points are credited after filling
in and submitting the “Rating” and “Activity” pages. These reward points can
be used to redeem for shopping vouchers.

Ratings given are used to determine how closely users associate a place with
certain attributes, identified by social science experts. A short explanation for the
terminology used is given by clicking on the superscript ‘i’ button. Examples are
lively (full of animated ambience and excitement), relaxing (the place facilitates
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your physical or mental rest making you feel relaxed), cosy (the place makes you
feel intimate, comfortable and relaxed), etc.

For targeted data collection, we have designated a specific list of places within
the testbed area to collect feedback on. To automatically detect whether the user
passes any of these places of interest (POIs), the App runs in the background and
alerts the user via a notification when the user passes a POI. The user can then
choose to respond immediately by clicking on the notification, which will take
him/her into the App to rate the place. Alternatively, the user can also complete
the submission at a later time from the “Visited Places” page in the App, which
holds a history of the places visited at today. For added flexibility, the App also
has the functionality to submit ratings for the user’s current location within the
testbed area even if it is not included in the list of POIs.

All this while, data from multiple sensors in the phone will be captured
continuously in the background mode without affecting the user’s regular inter-
actions with his/her phone. From these phone sensor data, we could derive users’
activities and locations, and infer public space utilization and mobility patterns
of users without relying on submissions they actively make.

In general, there are two main types of data collected: 1. user generated data,
such as demographics data and ratings of places and activities; 2. background
data captured from smartphone, such as data from 3-axial accelerometer, gyro-
scope, geo-location, gyroscope, barometer, magnetometer and so on.

4.2 Backend Data Management

In the backend, a web server is maintained to support data collection, incentive
management and data management. A DBMS (MySQL is used in the current
version) is used for the user-generated data, while a FTP server is used to manage
the background sensor data to keep the DBMS light-weight.

Once the resident living in the testbed area installs our App and completes
registration, a user profile will be recorded in our database. Each user’s profile
includes demographic information necessary for our analysis (such as a unique
userID assigned by our App, gender, age-group etc), and essential personal infor-
mation required to check their eligibility and engage them for reward redemption
(such as the user’s name, residential block, mobile number). Similarly, whenever
a user successfully submits ratings or reports activities in a location, it would
be recorded in the database and our server will check whether it is inside the
testbed area. If yes, the correct number of reward points to be credited will be
calculated. Reward points are deducted and exchanged for vouchers monthly.
The DBMS can also process received queries. For example, a participant can
check his/her reward points in his/her phone through our App by sending a
SQL query which has been embedded in our App. Our analysts can also issue
specific SQL queries to extract data for analysis.

To avoid consuming too much memory and bandwidth on user devices, back-
ground data are kept in an efficient manner and uploaded in batches. Our App
automatically zips all background data when the total size is larger than a pre-
defined threshold, and uploads the zipped files when the phone is connected to an
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available WiFi network. In addition, the App only stores the time and the sensor
readings, while the userID and date information are conveyed separately to the
server through the folder structure and the naming format for the uploaded files.

5 Data Cleaning and Pre-processing

To facilitate data analysis, we apply several strategies to clean and pre-process
the collected data. In our platform, we focus on three different parts: trajectory
noise filtering, user generated data cleaning, and stay point detection.

5.1 Trajectory Noise Filtering and Reduction

Spatiotemporal data are collected from users through our App, but it is known
that spatiotemporal data are never perfectly accurate, due to noise from the
sensor and other factors, such as satellite errors and atmospheric effects. Unfor-
tunately, noise tolerance is limited in residential areas. For example, consider a
collected GPS location for a user when he/she visited one of two nearby POIs in
the testbed area with the pair-wise distance being 50 meters. Assuming that the
GPS error is bounded within 100 meters, it would be dramatically challenging
to determine the exact POI which the current user visited.

To filter trajectory noise, we apply outlier detection algorithms [17] to remove
all detected outlier/noisy points in a trajectory. In a trajectory, the travel speed
of each point is calculated based on the time interval and distance between the
current point and its successor, and the point is considered an outlier if its speed
is larger than a given threshold.

Besides filtering out GPS noises, we also apply two strategies of limiting the
GPS error boundary, and avoiding effects between nearby POIs. We simply en-
courage users to turn on the WiFi in their phones even if there is no available
WiFi network that they can connect to . With a large number of sensors installed
in the testbed area, the GPS error would be bounded within the comparatively
more limited boundary of around 30 meters if WiFi had been turned on. Fur-
thermore, instead of analyzing individual POIs, we cluster them into different
regions of interests (ROIs) by grouping nearby POIs into the same ROI.

5.2 User Generated Data Cleaning

In general, the user-generated data contains two main problems. Firstly, some
redundant data are recorded in the database due to system or network errors.
Regarding this issue, we can simply remove the duplicates based on a spatiotem-
poral constraint.

Secondly, it is observed that not all the user generated data are reliable. For
example, consider a user who after visiting a coffee shop in the testbed area,
reports his/her activities to be the following: “Alone”, “Cycling”, “Studying”
and “Talking”. From the submitted activities, being “Cycling” rules out any
“Studying”, while “Cycling” is also obviously impossible within the coffee shop
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POI. To remove such conflicting data, we build two conflict tables shown in
Table 1: (a) activity-activity conflict table and (b) POI-activity conflict table.
Based on the two conflict tables, we can filter out unreliable user-generated
records if the submitted activities are inconsistent with each other or with the
relevant POI. Reconsider the previous example, the record can simply be filtered
out, since “Cycling” is contradicted by “Studying” based on the activity-activity
conflict table shown in Table 1(a), and “Cycling” is also not plausible within the
coffee shop POI based on the POI-activity conflict table shown in Table 1(b).

ACTIVITY
CONFLICTED
ACTIVITIES

Alone Group, Talking

Group Alone

Playing Studying, Working

Cycling
Running, Sitting, Walking,

Studying, Working
Online Socializing

· · · · · ·

POI
CONFLICTED
ACTIVITIES

POI1 Cycling, Running,
(coffee shop) Walking

POI2 Cycling, Running,
(community club) Walking

POI3 Studying, Working
(play ground)

· · · · · ·

(a) Activity-Activity (b) POI-Activity
Table 1. Activity Conflict Tables

5.3 Stay Point Detection

In the mobility patterns of a user, not all spatial points are equally important.
Some points denote locations where residents have stayed for a long time, while
some other points denote locations where residents have merely passed. We are
much more interested in the “Stay Points” POIs where participants have stayed
for a while, since it is very useful in understanding public space utilization by
further analyzing the duration and period of stay. In our platform, we apply a
density clustering based stay point detection algorithm [18].

6 Data Analysis

Before introducing the analytics models, we briefly describe the demographic
information (shown in Figure 3) of the participants in our study. As can be seen
in Figure 3, the number of female participants (at 63%) is much larger than the
number of male participants. Also, elderly residents above 60 years old form the
largest group of recruited participants.

In order to analyze the utilization of public spaces in the testbed area, we
build several different models using the collected heterogeneous data, including
the user-generated data, phone sensor data, and spatiotemporal data. Based
on these collected data, the models provide a data-driven way to guide urban
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in Testbed: Gender

37%

63%

in Testbed: Age Group

15-19

30-39

Above 60 

20-29

40-59

5%

40%

22%

25%

2%
6%

(a) Gender (b) Age Group

Fig. 3. Participants’ Demographic Profile

designers in (re)designing public spaces in future. Let us now briefly introduce
the models used to analyze the different types of data in the following sections.

6.1 User Generated Data Analysis

To analyze user opinions towards the public spaces as well as utilization, we first
build a statistical model on the user generated data.

93.7% 

6.3% 

Happy

Unhappy

in Testbed: Age Group

Figure 3 Activities of Users

Others

Running

14.5%

8.1%

12.5%

8.4%

15.2%

12.8%

9.4%10.0%

8.5%

0.5%

(a) Feeling (b) Activity

Fig. 4. Summary of Feeling and Activities

Figure 4 shows a summary of feelings App users have towards public spaces
in the testbed area, the distribution of activities they engaged in. As shown,
residents are generally happy with existing public spaces in the testbed area.

Furthermore, we can also drill down into different dimensions by age group,
gender, time and location to detect patterns and understand segments where
the unhappiness arises from. This statistical based analysis of user-generated
data can be used to derive insights about public space utilization by different
demographic groups (age group, gender), by time of the day, by day of the week,
and by location.

6.2 Activity Recognition from Phone Sensor Data

Human activity recognition is important in allowing us to understand the uti-
lization of public places and the activity levels of App users in the testbed area,
without having to rely purely on the limited number of submissions from users.
A machine learning model has been built to classify between several activities
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still (stand or sit), walking and running, using phone sensor data such as from
the 3-axial accelerometer. More technical details can be found in our previous
work [19]. Although it is a very challenging problem due to the size and het-
erogeneity of the data, we manage to derive a set of novel features and achieve
good classification accuracy.

Having derived the activities, a wide range of analysis could be conducted,
(for example, activities by gender, by age-group, by time of the day, by day
of the week, by location), to answer the questions of when and where users do
which type of activities.

Figure 5 shows the aggregated activity of residents grouped by their gender.
As can be seen in Figure 5, the activity “still” dominates both participant groups,
and men are generally more active than their female counterparts, with more
engaging in the “walking” activity.

3% 

65% 

32% 

1% 

79% 

20% 

running

still

walking

(a) Male (b) Female

Fig. 5. Aggregation of Predicted Activities

6.3 Mobility Pattern Analysis from Spatiotemporal Data

Mobility Pattern Analysis is very important towards understanding the mobility
behaviour of residents and the usage of public facilities in the testbed area. Using
the background data captured about location and time, and after data cleaning
and pre-processing to filter out noise in the trajectory and detect stay points,
a set of trajectory analysis algorithms can be applied to derive insights on the
mobility patterns. Example questions that can be answered with the data are
categorized into:

– Duration Patterns. How long and how often do users stay within the public
space? How many participants stayed within the public space during a given
period of time? This is regarding the popularity and utilization patterns of
various public spaces.

– Movement Patterns. How do participants move in and out of the testbed
area? How do they move from one public space to another within the testbed
area? Do they travel-together? This is regarding the mobility patterns of
different demographic groups and which type of urban design would suit
them best.
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In the following, we show two figures comparing trend lines of males and
females inside and outside of the testbed area throughout a day.
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Fig. 6. User Occurence In/Out Testbed By Gender and Hour of Day

Figure 6 shows the trend comparison grouped by their gender. As can be
seen, the two trend lines for female residents are quite similar, but the trend
line representing occurences outside the testbed area is significantly higher than
the other trend line representing occurrences inside the testbed area. The reason
could be that most of the male residents are working outside during the day.
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Fig. 7. User Occurence In/Out Testbed By Age Group and Hour of Day

Figure 7 shows the same analysis but grouped by age instead. As shown,
both trends are quite comparable for most groups. However, the trend of stay-
ing within the testbed area for age-group (40-59) is much higher than the others.
After we further break down into gender, we found that this age-group is domi-
nated by female residents. Furthermore, it can also be seen that residents above
60 years old are more likely to leave the testbed area during the afternoon period.
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7 Data Integration with Other System Components

Our people-centric mobile crowdsensing platform is one part of the multidisci-
plinary project “Liveable Places: A Building Environment Modeling Approach

for Dynamic Place Making”, where we investigate the liveability and liveliness
of public spaces, pedestrian linkages and community facilities. Besides our mo-
bile sensing data, the project also integrates heterogenous data from other data
sources to provide a holistic view through multi-modal data analysis:

– feedback collected through the traditional methodology of surveys and par-
ticipatory workshops;

– sensing data from a wireless sensor network in the testbed area, consisting
of an environmental monitoring sensor node, people counting sensor node,
and passive Wi-Fi sniffers [20], [21];

– CDR data from a telecommunications company;
– geo-tagged social network messages extracted from Twitter and Instagram

to understand public sentiment as well as utilisation of the places.

For more details of the project, please refer to [15], [14], [20], [16], [21].

8 Conclusion and Future Works

In this paper, we have introduced our platform of people-centric mobile crowd-
sensing for urban design applications. Through the Android mobile App we
developed, we have collected various types of data from the participants, and
have studied crowd feedback, behaviors, activities and mobility patterns. These
findings will be helpful in understanding how different demographic groups per-
ceive and utilize public spaces, to guide urban designers to better (re)design
public spaces. As the data collection was only completed one month ago, we
will continue with further analysis in order to fully realize the potential of the
datasets in enhancing urban design of future smart towns, as future work.
Acknowledgement This work was supported by MND (Ministry of National
Development) Singapore, Sustainable Urban Living Program, under the grant
no. SUL2013-5.
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11. Gökhan Yavaş, Dimitrios Katsaros, Özgür Ulusoy, and Yannis Manolopoulos. A
data mining approach for location prediction in mobile environments. DKE,
54(2):121–146, 2005.

12. Sibren Isaacman, Richard Becker, Ramón Cáceres, Stephen Kobourov, Margaret
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16. Linlin You and Bige Tunçer. Sapam: a scalable activities in places analysis mech-
anism for informed place design. In BDCAT, pages 158–167. ACM, 2016.

17. Yu Zheng, Yukun Chen, Xing Xie, and Wei-Ying Ma. Geolife2. 0: a location-based
social networking service. In MDM, pages 357–358, 2009.

18. Jing Yuan, Yu Zheng, Liuhang Zhang, XIng Xie, and Guangzhong Sun. Where to
find my next passenger. UbiComp, pages 109–118, 2011.

19. Lei Liao, Fei Xue, Miao Lin, Xiaoli Li, and Shonali Priyadarsini Krishnaswamy.
Human activity classification in people centric sensing exploiting sparseness mea-
surement. In ICICS, 2015.

20. Billy Pik Lik Lau, Tanmay Chaturvedi, Benny Kai Kiat Ng, Kai Li, Marakkalage S.
Hasala, and Chau Yuen. Spatial and temporal analysis of urban space utilization
with renewable wireless sensor network. BDCAT, pages 133–142. ACM, 2016.

21. Kai Li, Chau Yuen, and Salil Kanhere. Senseflow: An experimental study of people
tracking. RealWSN, pages 31–34. ACM, 2015.


