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Abstract. Understanding of people’s spatial behavior is fundamental to
architectural and urban design. However, traditional investigation methods applied in environmental behavior studies is highly limited regarding the amount of samples and regions it covers, which is not sufficient
for the exploration of complex dynamic human behaviors and social activities in architectural space. Only recently the developments in indoor
positioning system (IPS) and big data analysis technique have made it
possible to conduct a full-time, full-coverage study on human environmental behavior. Among the variety IPS systems, the Wi-Fi IPS system
is increasingly widely used because it is easy to be applied with acceptable cost. In this paper, we analyzed a 60-days anonymized data set,
collected by a Wi-Fi IPS system with 110 Wi-Fi access points. The analysis revealed interesting patterns on people’s behavior besides temporal
spatial distribution, ranging from the cyclical fluctuation in human flow
to behavioral patterns of sub-regions, some of which are not easy to be
identified and interpreted by the traditional field observation. Through
this case study, behavioral data from IPS system has exhibited great potential in bringing about profound changes in the study of environmental
behavior.
Keywords. Environmental behavior study; Wi-Fi; indoor positioning system; big data; spatial temporal behavior; ski resort.

1. Introduction
Understanding the complex interaction between environmental factors and human
behaviors - or the study of environmental behavior - is fundamental to architectural
and urban design.
However, the traditional research methods to collect information on human
behaviors and spatial cognition have not advanced much over the past few decades.
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In spite of many drawbacks, for many years researchers have relied on on-site
observations, questionnaires, interviews, cognitive maps and few other standard
methods. On-site observations are often challenging in avoiding the subjective
bias and observer effect, apart from requiring enormous work of the investigators;
questionnaires or interviews, though cheaper, are not ideal in covering detailed
information of human activities quantitatively. Nowadays, the developments of
indoor positioning system (IPS) and big data analysis technique, including the
storage, analysis, clustering and visualization of enormous data, have provided
brand new possibilities for spatial environmental behavior research, especially for
a large crowd of people in complex built environments.
Based on the huge amount of spatial and temporal behavioral data collected by
IPS technology, the main focus of this paper is to explore the hidden information
that could be valuable in understanding how large crowd of people are occupying
space, interacting in space, and redefining space. Big data analysis technique is
employed to reproduce “reality” and to reveal the implicit rules.
2. Previous Research
There are many technologies that can be used in IPS, but most methods have their
own deficiencies. GPS tracking technology (Nirjon et al. 2014) or antenna signal
tracking (Gonzalez et al. 2008) cannot be used inside buildings because of the
limitation in positioning accuracy. Radio frequency identification (Ni et al. 2003)
or ultra wideband (Gezici et al. 2005) require the subjects to wear specific devices
which leads to the limitation on the number of subjects and the observer effects,
whereas video-based image recognition technology (Krumm et al. 2000) is costly
if accurate locating is demanded. Bluetooth IPS (Feldmann et al. 2003; Rida et
al. 2015) works well, but most people are not accustomed to keep the Bluetooth
of their mobile phone open, resulting in possible sampling bias. Therefore, the
Wi-Fi positioning technology (Cypriani et al. 2009; Rekimoto et al. 2007; He and
Chan 2016) is chosen due to its balance between applicability and accuracy. Wi-Fi
is the most widely-used wireless network technology in network access of mobile
phone. According to the IEEE 802.11 protocol, the Wi-Fi monitor is able to record
activities of the mobile device unobtrusively as long as its Wi-Fi is turned on (Liu
et al. 2007). In this way, we could collect an amount of long-term, full-coverage
information without observer effect, which is essential for further data analysis.
On the other hand, environmental behavior research based on IPS has made
a lot of progress recently. In terms of Bluetooth IPS, Yuji Yoshimura (2014) in
the Louvre Museum successfully revealed behavior patterns of visitors by using
the Bluetooth positioning system. Furthermore, Vedran Sekara and his partners
(2016) revealed a dynamic structure of social networks in a campus, through a
mobile Bluetooth application which can search for people around. In the use of
Wi-Fi information, Zhang Jin’s group used the Channel State Information (CSI)
time series of Wi-Fi (2016) to realize human identification. On the city scale,
Piotr Sapiezynski and his partners (2015) succeeded in tracking human mobility
using Wi-Fi signals. All of these precedent researches provide the reference for
the research of this paper.
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3. Wi-Fi Indoor Position System
The Wi-Fi IPS is widely used to track people in public space (Yeh et al. 2009),
commercial space (Zeng et al. 2015) and urban space (Sapiezynski et al. 2015).
The system works as follows: A Wi-Fi enabled device broadcasts signal to the surrounding access point (AP) at a timed interval, which depends on the setting and
working condition of the device. When the device moves into the detectable area,
the monitoring AP will record the signal information consist of time, media access
control (MAC) address of device and received signal strength. There are multiple
APs recording signals of the same device at the same time. Based on the relationship between the received signal strength and the distance to the signal source, we
may locate the device through the algorithm of trilateral positioning (Zhu & Feng
2013), which is a geometric positioning algorithm based on the distance between
points. In addition, a pre-measured fingerprint field (Mok & Retscher 2007) may
contribute in improving the positioning accuracy.

Figure 1. The basic model of Wi-Fi Indoor Position System.

In general, it is possible for a well-planned network of APs to record the spatialtemporal locations of people (mobile devices to be exactly) in certain architectural
space. Once identified by the MAC address, the data can distinguish the type of
devices, depict the behavioral trajectory of people, and provide abundant and valuable information in environmental behavioral studies. After eliminating device
noise by filtering mac addresses, active time and active range, the Wi-Fi positioning data is ready for use in the further behavior analysis of the next phase, which
will be introduced in the case study in Vanke Songhua Lake Resort.
4. Case Study in Vanke Songhua Lake Resort
Vanke Songhua Lake Resort is a newly opened ski resort located in Jilin City,
northeast of China. There is a 250-meters-long commercial pedestrian street in
the central town of the resort, providing ski rental, catering, family hotels, etc. We
were commissioned to analyze the human behaviors in the pedestrian street, using
a data set of 200 million anonymous Wi-Fi IPS records from January to March,
2015.
A family hotel, including a restaurant providing breakfast is located in the north
part of the pedestrian street, while many restaurants in the middle part, and ski
rental area in the south part with the ticket office. The mountain and ski slopes
located further south. Ski slopes open from 8:00 to 17:00 during the day, and
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night skiing is between 18:00 and 21:00. Most shops are open until 21:00.
The dataset covers 60 days and captures 1607171 unique locations from
466065 different MAC addresses after compression. Table 1 shows some examples of raw data.
Table 1. Examples of collected data.

In addition to the Wi-Fi IPS data, we also obtained a set of anonymous data
as the baseline reference, including the number of ticket sales, the number of ski
rentals, ropeway card records, and mobile phone attribution information. As a
study of environment behavior, our research is mainly carried out on the Wi-Fi
IPS data.
4.1. DATA DISTRIBUTION

Through the accumulation of 60 day’s data, we manage to form a general view of
the spatial distribution of people in the pedestrian street, as well as the temporal
distribution of skiers’ amount, in a weekly cycle.
Figure 2 shows the accumulative distribution of data in 60 days, which allows
us to have a preliminary understanding on the Wi-Fi system coverage and the spatial distribution of people. It can be observed that people are mainly distributed
along the pedestrian street. The darker color of areas are important functional
spaces such as hotels, restaurants and ski rental shops. Because of the limitation
of the trilateration algorithm, the device is positioned at nearest AP when the WiFi signal is unstable, making the locations of AP the darkest points. The right part
of the figure is a hotel whose Wi-Fi system is a separated system, so it is beyond
the coverage of our data.

Figure 2. The spatial distribution of data.
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On the other hand, the daily flow of skier’s devices is counted and plotted in
figure 3. It could be calculated that the flow is about 34% larger in weekends and
15% larger during the Spring Festival holidays on average, which is consistent
with the common understanding of the features of a sport resort. The first day of
holiday is the Spring Festival’s Eve, the day of family reunion, which resulted in
the smallest flow of skier’s devices. Then the flow first increased then decreased
during the Spring Festival holidays. Due to the holiday, the two flow of neighboring weekends have been suppressed, and are lower than other week ends.
The polyline on the graph represent the number of people using the ropeway.
It can be calculated that the correlation between the number of ropeway record
and the number of devices is 0.9137. Though the devices do not exactly have one
to one correspondence with people, the number of devices is still never the less a
reliable reflection of the resort’s traffic.

Figure 3. The number of devices recorded, during 16-01-15 to 16-03-15.

4.2. SUB - GROUP ANALYSIS

In addition to the simple description of population distribution, Several typical big
data analysis methods like the k-mean clustering algorithm are used to carry out
the more in-depth analysis.
Data sets cover two broad categories of people, customers and staffs, and the
behavior of them must be differentiated. The traditional classification method is
the “one size fits all” approach, using a single indicator as a threshold. With the
help of big data tools, a series of indicators could be extracted to describe each
person, including the number of days of arrival, the length of stay, the spatial
deviation amplitude and so on. By the k-mean clustering algorithm, we are able
to classify the crowd without losing information.
We define the “arrival time” of a person in a given day as the first time that
his/her MAC address is recorded, and the “departure time” is the last recorded time.
All people can be plotted in the two-dimensional space formed by the arrival time
and the departure time that resulted in a density map (figure 4). Since people
always arrive before depart, there is no data in the lower triangle of the map. Data
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points located in the upper left-hand corner (0:00 to 24:00) indicate people who
stay in the resort all day.
As can be seen from figure 4, the behavior pattern of customers and staff are
very different, indicating that the classification is credible. Customers arrive at
around 9:00 am and leave the resort around 16:00 pm, the same as the operating
hours of ski slopes. On the other hand, the arrival and departure time of staff is
very concentrated, showing their working hour is quite fixed.
Further analysis of the arrival and departure time reveals additional information. The distance that a data point is away from the diagonal line from the lowerleft to upper-right represents the length of period the device stays. There is a significant group of customers whose data lies between the 3-hour line and the 5-hour
line. In fact, the resort offers a half-day (3 hours) skiing ticket. Hence, these customers can be inferred as those who pay for half-day ticket considering the time
of renting equipment and lunch. On the other hand, it can be found that some customers are arriving around 19:00 and leaving around 21:00, who may be the night
skiers.

Figure 4. The arrive - departure time of different group, classified by the k-means algorithm.

The hourly spatial distribution of customers and staff are visualized in figure
5. The figure reveals that customers tend to be active during the day. As early
as 7:00 - 9:00, there is a flow’s peak of customers at breakfast area. Afterwards,
the main crowd moved to the ticket hall and ski rental area. Lunch peak occurs
mainly in 12:00 - 14:00, with heavy traffic among the entire area of the pedestrian
street. Then the main customers flow back to the ski rental area. After 17:00, the
closing time of the slopes, customers flow gradually decreased, but there are still
some people in the area of restaurant and family hotels. And a small number of
night skiing customers appear in the ski rental area.
As for the group of staff, the spatial distribution can be divided into three periods: 21:00 - 8:00, 8:00 - 17:00 and 17:00 - 21:00. Indicating that staffs generally
have a fixed position and working hours. The spatial distribution can be explained
by the resort management.
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Figure 5. (Left) Spatial distribution of customers by hour; (Right) Spatial distribution of staff
by hour; Solid lines represent the building.

The analysis above indicates that, data set collected by Wi-Fi IPS can not only
reveal the general environment behavioral patterns of people, but also be used in
classifying people and revealing the behavioral pattern of each sub - group.
4.3. SUB - REGIONS ANALYSIS

The APs in the resort cover the major shops and public spaces in the pedestrian
street, thus we can analyze the traffic in different areas and find different customer
behavior patterns for types of public spaces or shops. Figure 6 is the hourly traffic
map, showing different characteristics of different shops.
Ski rental shops have a relatively uniform flow during daytime, with a small
peak in early 9-10 am. For the restaurants, fast - food restaurants have large traffic
concentrated in the lunch time, while Chinese restaurants present 2 peak in lunch
& dinner time. Family hotel restaurant has a significant peak in breakfast time.
Peak flow of ticket office emerges at 9-10, and then maintain a certain amount of
traffic.
Meanwhile, Apple user and non-Apple users can be distinguished by the MAC
address of the devices, so it is possible to make comparison of these two group of
people. For example, compared to ordinary restaurants, the ratio of Apple users in
the coffee shop is 15.87% higher than the average. This may imply to the different
consumption habits of different groups of people.
Examining the arrival and departure time distribution in different spatial regions (figure 7) may reveal the impact of different spatial functions on people’s
behavior. For ski rental shops, customers may go to the shop many times for
renting and returning equipment. All-day skiers and half-day skiers can also be
distinguished in the ski rental shop. For restaurants, customers will stay longer
in Chinese restaurant during lunch and dinner, while fast - food restaurants may
experience a greater peak in lunch, with shorter staying time. As for the ticket office, the full-day skiers and half-day skiers can be distinguished on the distribution
graph. Since the customer need to return to the ticket office to get their deposit
back.
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Figure 6. Hourly traffic for different shops, blue for Apple users.

Figure 7. The arrival and departure time in different shops.

5. Discussion
The architectural space and individuals inside the space together compose a complex system, especially for large public facilities with big flow of people. Revealing people’s behavior pattern in such complex system has great value for design,
management and daily life. Contemporary IPS technologies and big data analysis
methods have greatly extended our ability in understanding people’s spatial behavior. Comparing to traditional environmental behavior investigation methods, IPS
system is capable of fully covering the entire investigating area, working continuously for many days, and collecting data of large amount of people. Its advantage
lies in that, firstly, since the data has full spatial and temporal extension, so from
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the angel of individuals, it can depicture the whole spatial-temporal trace of individuals, and from architectural angle, it can reveal the spatial function network
and its evolution; secondly, since the data contains trajectory information for huge
amount of people, it has potential of revealing different patterns and variations of
behavior in the space; thirdly, if we consider the multitude information in different
dimensions such as time, space and different group of people, there could be more
in depth analysis regarding people’s behavior pattern.
In this paper, based on the 60 days Wi-Fi IPS data of a ski resort, we firstly
try to depict the general spatial and temporal pattern of people’s flow, and then
explore more in detail the behaviors for different groups of people and in different
areas. Clustering algorithm is used in dividing customer and staff, and its result is
validated by temporal analysis of arrival-departure time. Furthermore, daily flow
of customer in different area and shops are compared, revealing that function has
great influence in people’s activities. These analyses demonstrated that Wi-Fi IPS
data contains abundant information of behavior, and could become a good source
for environmental behavior research.
It should be pointed out that although IPS big data contains abundant information of a large number of people, it could still be biased. The data set may be
contaminated by noise from other devices in the environment, and there may be
the systematic deviation in the process of using mobile devices to represent people,
including unopened Wi-Fi, non-smart phone, carrying multiple devices and other
possible situations. Furthermore, IPS data does not contain information of behavior type, and we can only infer it by the location. It is even harder to know what
people feel and think, which may have to be inferred by other data source such as
social media data. In many situations, on-site observation and interview are still
very important. Though the samples are limited, they still give us an alternative
in-depth insight.
Further researches could be carried out using machine learning algorithm,
which may help us descending dimension and extract underlying patterns. Multiple data sources could also be taken into account in analysis to construct a more
complete description of environmental behavior. Although the process of converting from research results to concrete architectural design still relies on the architect’s experience, wisdom and creativity, the algorithm based on these abundant
data will promote the further development of generative design in the future.
References
Cypriani, M., Lassabe, F., Canalda, P. and Spies, F.: 2009, Open Wireless Positioning System:
A Wi-Fi-Based Indoor Positioning System, vehicular technology conference, 1-5.
Feldmann, S., Kyamakya, K., Zapater, A. and Lue, Z.: 2003, An Indoor Bluetooth-Based Positioning System: Concept, Implementation and Experimental Evaluation., International
Conference on Wireless Networks, 109-113.
Gezici, S., Tian, Z., Giannakis, G.B., Kobayashi, H., Molisch, A.F., Poor, H.V. and Sahinoglu,
Z.: 2005, Localization via ultra-wideband radios: a look at positioning aspects for future
sensor networks, IEEE signal processing magazine, 22(4), 70-84.
Gonzalez, M.C., Hidalgo, C.A. and Barabasi, A.L.: 2008, Understanding individual human
mobility patterns, Nature, 453(7196), 779-782.
He, S. and Chan, S.H.G.: 2016, Wi-Fi fingerprint-based indoor positioning: Recent advances

754

W. HUANG, Y. LIN AND M. WU

and comparisons, IEEE Communications Surveys \& Tutorials, 18(1), 466-490.
Krumm, J., Harris, S., Meyers, B., Brumitt, B., Hale, M. and Shafer, S.: 2000, Multi-camera
multi-person tracking for easyliving, Visual Surveillance, 2000. Proceedings. Third IEEE
International Workshop on, 3-10.
Liu, H., Darabi, H., Banerjee, P. and Liu, J.: 2007, Survey of wireless indoor positioning techniques and systems, IEEE Transactions on Systems, Man, and Cybernetics, Part C (Applications and Reviews), 37(6), 1067-1080.
Mok, E. and Retscher, G.: 2007, Location determination using WiFi fingerprinting versus WiFi
trilateration, Journal of Location Based Services, 1(2), 145-159.
Ni, L.M., Liu, Y., Lau, Y.C. and Patil, A.: 2003, LANDMARC: indoor location sensing using
active RFID, international conference on pervasive computing, 10(6), 407-415.
Nirjon, S., Liu, J., Dejean, G., Priyantha, B., Jin, Y. and Hart, T.: 2014, COIN-GPS: indoor
localization from direct GPS receiving, international conference on mobile systems, applications, and services, 301-314.
Rekimoto, J., Miyaki, T. and Ishizawa, T.: 2007, LifeTag: WiFi-based continuous location
logging for life pattern analysis, LoCA, 35-49.
Rida, M.E., Liu, F., Jadi, Y., Algawhari, A.A.A. and Askourih, A.: 2015, Indoor location position based on bluetooth signal strength, Information Science and Control Engineering
(ICISCE), 2015 2nd International Conference on, 769-773.
Sapiezynski, P., Stopczynski, A., Gatej, R. and Lehmann, S.: 2015, Tracking human mobility
using wifi signals, PloS one, 10(7), e0130824.
Sekara, V., Stopczynski, A. and Lehmann, S.: 2016, Fundamental structures of dynamic social
networks, Proceedings of the National Academy of Sciences of the United States of America,
113(36), 9977-9982.
Yeh, S.C., Hsu, W.H., Su, M.Y., Chen, C.H. and Liu, K.H.: 2009, A study on outdoor positioning technology using GPS and WiFi networks, Networking, Sensing and Control, 2009.
ICNSC’09. International Conference on, 597-601.
Yoshimura, Y., Sobolevsky, S., Ratti, C., Girardin, F., Carrascal, J.P., Blat, J. and Sinatra, R.:
2014, An analysis of visitors’ behavior in the Louvre Museum: A study using Bluetooth
data, Environment and Planning B: Planning and Design, 41(6), 1113-1131.
Zeng, Y., Pathak, P.H. and Mohapatra, P.: 2015, Analyzing Shopper’s Behavior through WiFi
Signals, Proceedings of the 2nd workshop on Workshop on Physical Analytics, 13-18.
Zhang, J., Wei, B., Hu, W. and Kanhere, S.S.: 2016, WiFi-ID: Human Identification Using
WiFi Signal, distributed computing in sensor systems, 75-82.
Zhu, X. and Feng, Y.: 2013, RSSI-based algorithm for indoor localization, Communications
and Network, 5(02), 37.

