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Abstract

Intelligence about the spatio-temporal behaviour of individuals is valuable
in many settings. Generating tracking data is a necessity for this analysis
and requires an appropriate methodology. In this study, the applicability of
Bluetooth tracking in an indoor setting is investigated. A wide variety of ap-
plications can benefit from indoor Bluetooth tracking. This paper examines
the value of the method in a marketing application. A Belgian shopping mall
served as a real-life test setting for the methodology. A total of 56 Bluetooth
scanners registered 18.943 unique MAC addresses during a 19-day period.
The results indicate that Bluetooth tracking is a sound approach for captur-
ing tracking data, which can be used to map and analyse the spatio-temporal
behaviour of individuals. The methodology also provides a more efficient and
more accurate way of obtaining a variety of relevant metrics in the field of
consumer behaviour research. Bluetooth tracking can be implemented as a
new and cost effective practice for marketing research, that provides fast and
accurate results and insights. We conclude that Bluetooth tracking is a vi-
able approach, but that certain technological and practical aspects need to
be considered when applying Bluetooth tracking in new cases.
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Spatio-Temporal Analysis

1. Introduction

Collecting data to develop insights into the spatio-temporal behaviour of
individuals can be of interest for many domains. Crowd management, safety
management, operational research and consumer research in marketing pro-
vide examples of such domains (e.g. Yamin and Ades (2009)). The specific
application discussed in this paper is situated in the domain of marketing
research. However, the methodology itself is not limited to this domain
and many insights from this specific case can be extended to other applica-
tions. We present the case of a Belgian shopping mall that wants to track
customers in order to obtain insight into their behaviour. The traditional
approach is periodically (e.g. every six months) hiring market research firms
that survey random customers of the shopping mall about their shopping
trip. Information collected this way inherently suffers from various draw-
backs, such as inaccurately reported information and sample bias (Andres,
2012). Tracking methods overcome many of the disadvantages that charac-
terize the more traditional methods. Actual paths, exact time measurement
and other high quality statistics can be obtained. Still, surveys have some
advantages that cannot be ignored, such as the possibility to gather more
in-depth information about certain consumer preferences and characteristics
(e.g. age, gender). Depending on the desired kind of information and the
available budget, an adequate combination of both methods can be used.

Tracking individuals requires some form of identification. Previous re-
search mainly used Radio Frequency Identification (RFID) technology for
this purpose (Liao and Lin, 2007; Kanda et al., 2007; Hurjui et al., 2008; Takai
and Yada, 2010; Fujino et al., 2014). However, unlike Bluetooth tracking,
this methodology suffers from various specific drawbacks (see Section 2.2.3).
This research is to our knowledge one of the first applications of Bluetooth
tracking in a real-life indoor retail setting. The real-life use-case examines
and demonstrates the value and possibilities of the method. The findings
have implications that go beyond the specific setting of a shopping mall.

In the remainder we discuss the application of Bluetooth technology with
the purpose of tracking humans in an indoor environment. In Section 2 we
review literature concerning tracking in general. We also discuss the use of
Bluetooth for positioning purposes and touch upon developments in indoor



positioning in general. Section 3 discusses the design of the study, along
with some important preceding test cases that were used to optimize the
methodology. The results are reported in Section 4. Section 5 summarizes
the main findings, while we discuss some limitations and suggestions for
further research in Section 6.

2. Literature Review

2.1. Customer Tracking

Researchers have studied the movement of people in different contexts
and on various scales. Specifically for marketeers, tracking data provides
valuable information. Larson et al. (2005) state that a better understand-
ing of the shopping process could lead to important discoveries for retailing.
Knowledge about in-store customer behaviour by means of path tracking
is beneficial for improving Customer Relationship Management (CRM) and
streamlining store operations (Celikkan et al., 2011; Vukovic et al., 2012).
Already in 1966, it was clear that store layout impacts shopping behaviour
(Farley and Ring, 1966). Sorensen (2003) provides an illustrative example by
demonstrating that a store entrance on the right side generates an average
boost in sales of two dollars per customer. This placement of the entrance
favours counter-clockwise movement in the store, which apparently leads to
higher sales. Knowledge about customer trajectories is a treasured input for
the process of optimizing store configuration. Observing customers by means
of tracking their path makes it possible to position products and stores in a
way that increases sales and for example draws customer attention to pre-
viously less attracting parts of the store (Vukovic et al., 2012). Customer
tracking unveils information about what sections people like, dead spots and
favourite recurring spots. It can also be used to better estimate and im-
prove many key performance indicators in the field of marketing. The fact
that there is a market for these ideas is illustrated by the establishment of
companies that deliver exactly these insights to their customers. Examples
are Senion (Senion, 2016), Crosscan (Crosscan, 2016) and Bluenion (Blu-
enion, 2016). These companies mainly use Bluetooth and Wi-Fi signals.
More about these technologies in the context of tracking can be found in
the next section (2.2). Apple’s Bluetooth based iBeacon is another player in
this market (Apple, 2016a). iBeacon is frequently used for push marketing
applications, where customers get notifications when they are close to such



beacon. Nevertheless, this technology could also be used for tracking and po-
sitioning purposes. However, this requires the installation of an application
by users. An important advantage of the method discussed in this research
is that it does not require this.

Tracking humans is technologically challenging. Research therefore com-
monly makes use of proxies. These are devices or objects that can be tracked
more easily and are therefore used as an approximation of the location of
the user. Shopping carts are a commonly used proxy for the movement of
customers (Sorensen, 2003; Larson et al., 2005; Celikkan et al., 2011). In
this case, the shopping cart is equipped with an RFID-tag in order to enable
localisation. The dependence on a shopping cart however limits the gener-
alisability of the method. We therefore suggest mobile phones as a more
suitable proxy, since almost every individual carries it along at all times.
Also, a mobile phone is typically linked to one individual only and people
typically have it in their pocket, meaning that the location of the phone very
closely follows the location of the individual.

2.2. Methods for Tracking

Traditionally, researchers and practitioners had to rely on methods such
as shadowing (Quinlan, 2008; Millonig and Gartner, 2008), collecting travel
diaries (Axhausen et al., 2002) and surveys. These methods can provide
rich information, but are very labour intensive. Liebig and Wagoum (2012)
state that surveys are the most common method for gathering customer
information, but that the high cost and the low representativeness due to
the non-random sampling process strongly deteriorates its practical value.
Another method that is used to track customers is the use of light curtains.
A light curtain consists of two poles and is usually found at the entrance of a
store. When a customer passes through the light curtain, the invisible light
beam is interrupted and the visit of a customer is registered. This method
is very limited, since it cannot uniquely identify customers and is therefore
basically limited to visitor counts. It is impossible to construct paths, nor is it
possible to calculate duration of stay or to obtain information about return
behaviour. Video tracking is another approach for gathering information
about customer behaviour. Saxena et al. (2008) argue that the use of video
data to track individual movements forms a challenging task. The need
for manually filtering out the information renders this method too labour
intensive (Versichele, 2014), whereas computer vision-based alternatives need
to make use of advanced image processing algorithms that may not always be
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a straightforward option (Celikkan et al., 2011). The most valuable methods
for tracking are based on wireless signals. In the remainder of this section
we discuss GPS, RFID, Bluetooth and Wi-Fi

2.2.1. GPS

Being explicitly designed for positioning purposes, GPS possesses inter-
esting characteristics such as high accuracy. Unfortunately, there is no GPS
coverage in an indoor environment. To overcome this issue, GPS repeaters
have been developed. An outdoor GPS antenna, generally installed on the
roof of a building, is connected to an indoor antenna which re-transmits the
signal. Nonetheless, this solution is not sufficient in the case of tracking cus-
tomers. The re-transmitted signal is limited to the location of the outdoor
antenna and this would imply installing multiple, expensive repeaters per
location of interest. Furthermore, this method is not applicable in a multi-
level building, such as a shopping mall. Locata is another proposed solution
to the indoor limitations of GPS. This local positioning system emits sig-
nals that are equivalent to GPS signals for the receiving device (Rizos et al.,
2010). The system is however quite expensive. It is also more aimed at
indoor positioning, not so much at tracking (see also 2.3 Indoor Positioning).

2.2.2. RFID

Several researchers used Radio Frequency Identification (RFID) as a tech-
nology for tracking humans (Liao and Lin, 2007; Kanda et al., 2007; Hurjui
et al., 2008; Takai and Yada, 2010; Fujino et al., 2014). Due to its high
positional accuracy and its applicability in indoor settings, RFID promises
to be a valuable option for tracking customers in a marketing context. The
methodology is however limited due to the fact that people do not simply
carry an RFID-tag along. Therefore, researchers have equipped shopping
carts with RFID-tags (Sorensen, 2003; Larson et al., 2005; Nakahara et al.,
2010; Jung and Kwon, 2011; Vukovic et al., 2012). The advantage is that a
high percentage of shoppers will be tracked. This approach however strongly
limits the generalisability of the method to settings where shopping carts
(or similar proxies, cf. 2.1) are available. In addition, the sample of tracked
customers might be biased, since the methodology excludes shoppers with-
out shopping cart. Customers may also leave their shopping carts behind at
times, for example to quickly grasp something from a previous aisle without
having to move the cart. Hence, the location of the shopping cart does not
resemble the location of the customer at all times. Celikkan et al. (2011)



also mention the high cost of using RFID, since both scanning and scanned
devices (tags) need to be installed.

2.2.3. Bluetooth

Bluetooth has been used for tracking spatio-temporal behaviour in var-
ious domains and settings: to measure throughput time in airport security
(Bullock et al., 2010), on a large scale open air festival (Versichele et al.,
2012a), on a trade fair (Delafontaine et al., 2012), in an office setting (Abedi
et al., 2014) and to study the movements of tourists in a city (Versichele
et al., 2014a) amongst others. However, this study is to our knowledge the
first application of Bluetooth tracking in an indoor retail setting.

The methodology of Bluetooth tracking uses the wireless Bluetooth sig-
nal that is a feature of most mobile phones. Bluetooth scanners are being
installed at locations of interest. These scanners continuously scan for Blue-
tooth signals emitted by the mobile phones and register every detection. The
method is based on the proximity principle. This means that the location of
the device is approximated by the location of the scanner. Practically this
means that if a device is detected by a certain scanner, this is registered in
the log of that scanner. The path can then be reconstructed by combining
the logs of all scanners, where the location of each scanner is added as the
location of the device.

The Bluetooth methodology facilitates non-participatory tracking of cus-
tomers (Versichele et al., 2012a). The non-participatory aspect means that
‘participants’ are unaware of being tracked. As such, they do not need to
invest any kind of effort, which would be the case with a survey or with meth-
ods that require the installation of a smartphone application (e.g. iBeacon).
It also means that the method will have no influence on their behaviour.
Bluetooth tracking thus enables unbiased experiments and uninfluenced ob-
servations (Delafontaine et al., 2012). Celikkan et al. (2011) argue that in
certain contexts it is acceptable that people carry a tag. A method that
can avoid this dependency is however more valuable for marketing purposes.
The non-participatory aspect does not mean that people cannot be individ-
ually tracked. Individual identification is made possible by registration of
the unique Media Access Control (MAC) address of the device (Delafontaine
et al., 2012).

Bluetooth tracking is especially useful for studying movements in ‘un-
controllable’ settings. We define uncontrollable settings as settings in which
individuals of interest can freely move in space, without any obvious means



of identification. In a regular supermarket for example, a shopping cart can
be used as a proxy. In the setting of a festival, tags can be included in wrist-
bands. In a shopping mall however, there is no suited proxy and the setting
can be defined as uncontrollable. Many public places, such as train stations,
libraries and museums can be defined as uncontrollable. Tracking individuals
becomes hard in these settings and Bluetooth tracking provides an excellent
methodology to keep track of the spatio-temporal behaviour of these actors.
Versichele et al. (2012a) state that the methodology enables studying visitor
flows at mass events. Bluetooth tracking is thus able to handle large amounts
of observations. When compared to other tracking methodologies, Bluetooth
can be characterized as cost effective (Abedi et al., 2014). The implemen-
tation is low cost and easy (Delafontaine et al., 2012), we nonetheless argue
that the implementation should be executed with great care.

An aspect to keep in mind is that interference can affect the detection
range of the Bluetooth scanners. Physical objects, radio-frequency, electronic
devices and environmental factors cause different levels of interference (Har-
wood, 2009). Metal constructions have the strongest impact on the signal,
as Agostaro et al. (2004) demonstrate. Also, Bluetooth technology was not
developed with tracking or localisation purposes in mind; it is therefore not
surprising that it does not have the same positional accuracy as other tech-
nologies such as outdoor GPS (Delafontaine et al., 2012). There are however
ample situations in which room-level accuracy is satisfactory. Combined with
the low cost, this technology will often be an interesting alternative to the
genuine location-aware technologies.

Bluetooth has three operational states; off, on-invisible, on-visible (Abedi
et al., 2015). It is the user of the mobile phone who chooses one of these
states. The default setting varies amongst brands and devices. Only the
latter of the three states is detectable for the Bluetooth scanners. This
makes that only a certain ratio of the population will actually be tracked.
Researchers found different detection ratios, 7% (ONeill et al., 2006; Hage-
mann and Weinzerl, 2008), 11% (Versichele et al., 2012a), 13% (Versichele
et al., 2012b) and 8% (Versichele et al., 2014b). The fact that users are
able to switch to an invisible state is negative for the sample size in a non-
participatory approach. However, this also means that in settings where par-
ticipation is allowed or even required, people can easily be asked to switch
to the on-visible state.



2.2.4. Wi-Fi

Mazuelas et al. (2009), Bonne et al. (2013), Danalet et al. (2014) and
Abedi et al. (2015) demonstrated the use of Wi-Fi for tracking purposes in
various settings. Tracking by means of Wi-Fi signals is very similar to the
Bluetooth approach. Both methods use the unique MAC address to identify
individuals and most (dis)advantages are also applicable in the case of Wi-Fi.
In terms of data, the same information can be captured. When compared to
Bluetooth, Wi-Fi tracking might have a lower accuracy, since Bluetooth is
more specifically designed for short range wireless connections. Furthermore,
people might be less likely to use Wi-Fi when they are away from home, since
they can use mobile broadband more conveniently, whereas there are no
immediate alternatives for Bluetooth, definitely not in the same device. This
could lead to the conclusion that Bluetooth is the more mobile technology
of both and therefore lends itself better for tracking purposes. However,
Abedi et al. (2015) report a higher detection ratio for Wi-Fi, compared to
Bluetooth. The conclusion is that both technologies are very analogous with
regard to the application of tracking. Our assessment of the methodology
with Bluetooth scanners therefore also provides insights for the use of Wi-Fi.

2.3. Indoor Positioning

Researchers have suggested Bluetooth not only as a tracking, but also
as a positioning technology (Anastasi et al., 2003; Feldmann et al., 2003;
Hallberg et al., 2003; Madhavapeddy and Tse, 2005; Rodriguez et al., 2005).
For both purposes, the same Bluetooth signal and similar devices can be
used. Tracking and positioning however differ to the extent that the initiator
is different. Whereas for tracking the initiator is an external party (e.g.
shopping mall management) that wants to gather information about the
location of devices (e.g. as a proxy for a customer), for positioning, the
initiator is the smartphone owner. The smartphone owner wants to know
his or her own position, usually in order to reach a certain destination. In
positioning cases people need to install an application, which then calculates
their position with respect to static base stations.

The location of the Bluetooth scanner can be used as an approximation
of the location. This approach is known as the proximity principle (Ben-
sky, 2007) and also often referred to as the node-based approach (Nolte and
Lynch, 2007). A more complex approach uses Received Signal Strength In-
dication (RSSI) values. These values are negatively correlated with distance



(see also Figure 6). Therefore, it is theoretically possible to calculate a rea-
sonably accurate location in the presence of multiple base stations. Multiple
stations are required in order to enable some form of multilateration, tri-
angulation or fingerprinting (Agostaro et al., 2004). The basic principle of
these techniques is that if one knows the distance (approximated by the RSSI
value in our case) to multiple points, it is possible to calculate a more refined
estimate for the actual position. Several authors argue that RSSI is not a
straightforward means to obtain accurate positioning (Soh et al., 2007; Ver-
sichele et al., 2010). The main problem is that the 2.4 GHz frequency that
Bluetooth uses, behaves unstable (Helen et al., 2001). Helen et al. (2001)
therefore argue that the use of RSSI values as such is insufficient. Applying
an Extended Kalman Filter (EKF) is suggested to improve accuracy. EKF
is the nonlinear interpretation of an ordinary Kalman Filter (KF). Kalman
Filtering uses Bayesian inference to estimate a result from multiple measure-
ments, in order to be more precise than a single measurement. It is a widely
used concept in navigation software (Chen et al., 2014). The search for more
than room-level accuracy might however be irrelevant in many applications
(Cheung et al., 2006; Hay and Harle, 2009; Fernandes, 2011). In this research
for example, room-level accuracy was sufficient and therefore the proximity
principle could be used. The low cost characteristic of Bluetooth and the
simplicity of the proximity principle make it a compelling option in situa-
tions where the trade-off between cost and accuracy balances in favour of
cost.

Gu et al. (2009) argue that few commercial solutions for indoor position-
ing are available and that they are costly and complex to install. The same
companies that are involved in indoor positioning often also provide tracking
applications. As mentioned before, the technological part of both applica-
tions is usually quite similar. A distinction can be made between initiatives
that focus mainly on the software side versus the ones that focus mainly on
the hardware side. The first category comprises initiatives that participate
in indoor mapping. Examples are Google Maps Indoor (Google, 2016), Ap-
ple Indoor Maps (Apple, 2016b) and Open Street Maps (OSM, 2016). The
more hardware focussed initiatives either use existing technologies, develop
new ones or make a combination. Whereas GPS is the standard technology
for outdoor positioning, there is no such standard at this point in time for
indoor positioning. The question remains if and when there will be such
technology. The answer might lie in a combination of different technolo-
gies, where Bluetooth can be one of these. Given such a standard, another
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Class  Radius (m) Max. permitted power (mW) Use

Class-1 100 100 Mainly industrial use
Class-2 10 2.5 Mobile phones, carkits,...
Class-3 1 1 Very short range devices

(e.g. keyboard, mouse,...)

Table 1: Bluetooth Classes

question is whether the approach will be infrastructure-free or infrastructure-
based. Leveraging existing Wi-Fi networks or using geo-magnetic and sound
signals by means of fingerprinting is infrastructure-free. Google Maps Floor
Plan Marker is a good example here. Fingerprinting maps the space in
terms of signal strength. Based on these registered values, it is possible to
make a reasonable estimation of the location of a certain device. Installing
beacons that use RFID, Bluetooth or other technologies are infrastructure-
based approaches. The Microsoft Indoor Localization Competition provides
a yearly test field for both infrastructure-free and infrastructure-based solu-
tions to indoor positioning (Lymberopoulos et al., 2015). In the 2014 edition,
a Bluetooth based solution ranked 10th out of 22 in a ranking that is mainly
determined by accuracy and to a smaller extent by cost and simplicity.

3. Experimental Design

3.1. Equipment

The scanners in this research make use of Bluetooth signals. Bluetooth is
situated in the ISM-band (Industrial, Scientific and Medical) at a frequency
of 2.4 - 2.485 GHz (Bhaskar et al., 2013). The ISM-band is shared by other
technologies, such as Wi-Fi and NFC. Frequency hopping is used in order to
bypass interference in this ISM-band (Bensky, 2007). Bluetooth devices are
categorised into three classes, depending on their energy level (see Table 1).
Most portable devices are Class-2, with a detection range of approximately
10 metres and an energy level of 2.5 mW.

The Bluetooth scanners consist of three parts: a calculating unit, a stor-
age unit and a Bluetooth sensor. The first part is detailed as follows: an
Alix 2D2 embedded board equipped with a 500 MHz AMD Geode LXS800
processor and 256 MB DDR RAM. The storage unit comprises a 1 GB In-
dustrial CompactFlash (CF). Three different Bluetooth sensors are used in
this research: D-Link DBT-122 (Class-2), Sena UD100 (Class-1) and Trust
15542 (Class-2). A USB cable connects the sensor to the motherboard. The
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Figure 1: Bluetooth Scanner

entire device is enclosed within a protective plastic cover. A 18V power cord
adapter provides the scanner with electricity. (See Figure 1).

Our scanning software is installed onto the CF card. The scanners are
programmed in a way that they constantly scan for ‘visible’ devices within
their range. The scanner subsequently writes the retrieved MAC address
to a log file on the CF card. Along with the MAC address, a time stamp,
state and device class are registered. The MAC address is a 48-bit long
number that uniquely defines the device. The first six hexadecimal digits
identify the manufacturer of the tracked device (also called the Organiza-
tionally Unique Identifier). The last six hexadecimal digits represent the
series number (Bhaskar et al., 2013). In order to avoid privacy issues, the
‘friendly name’ of the device is discarded (cf. 5. Discussion). In our experi-
ment, the registered state can take on three distinct values: in, out or pass.
‘In” represents a first detection of a certain MAC address by scanner, ‘out’
represents the last detection. The ‘pass’ state is used for solitary detections.
This way of encoding the data strongly reduces the amount of data, with
zero loss of valuable information. The RSSI values are stored in a separate
log file.

The log files can easily be transferred through connecting a USB stick to
the scanner. The data is manually transferred every two days in order to
quickly identify problems. In a more continuous setting, data could also be
transferred by integrating the scanners in a network. This approach is used
in Versichele et al. (2014a).
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3.2. Description of Study Area

The actual study took place in a Belgian city centre shopping mall, during
a three-week period. The shopping mall houses 39 commercial premises,
divided over a below surface, ground level and first floor storey. Higher floors
within the building are devoted to offices and apartments. Level -3 and -2
accommodate parking facility, connected to the shopping mall by elevators
and staircases. There are three main entrances and one side entrance to the
shopping mall.

The 56 scanners were set up in strategic places. Scanners were placed
in the commercial premises, at the entrances of the mall, in the parking
facility and around the offices. The latter for example, makes it possible
to distinguish non-customers, who only pass through the shopping mall to
reach their offices. To investigate whether enough devices could be detected
to make meaningful conclusions, a preliminary test was performed. During
two full days, a scanner placed at the main entrance scanned 3,491 unique
MAC addresses. An extensive part of this number represents passers-by.
Nevertheless, this result indicates that a sufficient sample size can be obtained
with this approach.

3.3. Test Cases

Previous research used similar equipment (Versichele et al., 2012a, 2014b).
These experiments were executed in an outdoor environment and with a
far less dense spreading of the scanners. It is therefore crucial to pre-test
certain aspects of the methodology, before initiating the actual shopping
mall experiment. Three test cases were developed. The main goals were to
identify issues and investigate the applicability of the proximity principle. In
other words, we investigate whether using a detection by scanner z (located
in store z) as an indication of an actual visit to store z is a valid approach.
The first two test cases took place in stores of the shopping mall, whereas
the third case took place at the research facility.

The first test case was executed in one store of the shopping mall (Store
I1I, see Figure 2). The D-link DBT-122 Class-2 sensor should theoretically
detect devices within a range of 10 metres, as displayed in the figure by
the sphere. The used test device (Nokia E71) was nonetheless detected far
beyond this theoretical range. The most distant captured point (bottom right
in Figure 2), is almost 30 metres separated from the scanner. The Nokia E71
was not detected in neighbouring Store II, due to the fact that a load bearing
wall separates both stores. The scanner did however register the test device
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Figure 2: Test Case 1: Detection of Bluetooth Signal. The test device was detected
outside the theoretical range. Squares indicate detections, whereas the circles indicate
places where the device could not be detected.

in neighbouring Store IV. In this case the wall is not load bearing. These
preliminary findings stress the importance of tuning the methodology when
applied in an indoor environment.

Since Test Case 1 also revealed the possibility of tracking devices outside
in the adjoining street, the same ground level store was selected for the second
test case, along with its two neighbouring stores (see Figure 3). The choice
for ground level also enables the assessment of possible detections above and
below the selected stores. The Bluetooth scanners are positioned deep in the
store, in order to limit the number of detections of people who just pass by
the entrance. Few devices were tracked in Store II due to the fact that the
scanner was placed above metal shelves. The test case revealed that the RSSI
values of the registered MAC addresses fluctuate to an extent that it is not
straightforward to determine whether a captured device is actually situated
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Figure 3: Test Case 2. Positioning of scanners in three neighbouring stores.

inside the store. This issue is input for Test Case 3, in which a solution
is proposed. Nevertheless, one has to be aware of the fact that even after
applying that solution, noise in the data is inevitable. Type I and Type II
errors can occur. Type I, the more likely case, comprises devices that are
registered as having visited a certain store, while in reality the person visited
the neighbouring store or was only window shopping. A Type II error occurs
when devices that did enter the store are not registered. This error type is
however unlikely to occur.

The third test case investigated the relation between distance and RSSI.
An indoor office space served as the first indoor test setting. The space was
measured by means of a Pentax R-325. Forty-five markers on the ground
were measured (see Figure 4). A scanner with a D-link DBT-122 sensor was
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Figure 4: Test Case 3a: Interpolation of RSSI values. The figure shows a decay that is
not perfectly circular, but a clear directionality is present. The figure maps an office space
and a corridor, separated by a wall. The forty-five numbered points indicate the discrete
points where signal strength was measured.

used to track the Nokia E71 test device. Figure 4 displays the measured
values in terms of dBm. dBm is an alternative to RSSI that also expresses
signal strength. The only difference between both units of measurement
is that RSSI is a relative value, whereas dBm represents absolute power
levels, expressed in milliwatts. The closer dBm is to zero, the stronger the
signal. Figure 4 is generated through interpolation of the forty-five measured
values. An important finding is that the decay is not perfectly circular, but
a clear directionality is present. The mirrored L represents a metal closet
and shows the influence of obstacles on the signal. This aspect is crucial to
keep in mind when deploying the methodology in an indoor setting, which is
usually characterised by all kinds of obstacles (Feldmann et al., 2003; Zhou
and Pollard, 2006). This aspect can also be used to the advantage of the
researcher, by creating or making use of obstacles to define the area. A
second measurement in the same room resulted in a very similar map.

A simple, but effective practice can significantly enhance the workability
of the proximity principle. Wrapping the Bluetooth sensor with aluminium
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Figure 5: Test Case 3b: Interpolation of RSSI values, scanners wrapped with aluminium
foil.

foil creates the effect of a Faraday cage (Cheung et al., 2006), which results
in a much faster decay of the signal. This strongly reduces the chance of
tracking devices outside the room of interest. With this simple trick, it is
much more straightforward to define a threshold for the RSSI. The resulting
values can be found in Figure 5.

In order to test the relation between RSSI and distance without the inter-
ference of objects and materials that are typically found indoor, an outdoor
evaluation was executed as a final part of the third test case. Three Bluetooth
sensors were tested. The results are displayed in Figure 6. Two conclusions
can be drawn from this figure. The first is that there indeed is a negative re-
lation between distance and RSSI. The strength of this relation is emphasized
by the high R? values. The second conclusion is that there is a difference
between the different brands of Bluetooth sensors. It is not surprising that
the Sena UD100 is on top, since this is a Class-1 device. However, the dif-
ference between D-link and Trust is more surprising, because those are two
Class-2 devices. It is therefore important to maintain consistency in the use
of a certain type of sensor throughout an experiment.

The test cases show that one needs to consider many aspects when de-
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Figure 6: Test Case 3c: The Relation between RSSI and Distance. An inverse relation is
clear. The test also revealed differences between brands.
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ploying Bluetooth tracking in an indoor environment. In the actual shopping
mall experiment, three different types of scanners were used, optimised in
function of the particular space. Aluminium foil covered multiple scanners
in order to limit their reach.

4. Results and Analysis

4.1. Data

A well thought-out data filtering method can significantly improve data
quality. Therefore, after installing the 56 Bluetooth scanners on site, the
RSSI values at the entrance of every store were determined. These provide
cut-off values for the observations such that if the measured signal strength
falls below the threshold, the observation is removed. Test Case 3 provided
evidence for the use of this methodology. Observations that were only tracked
for a very short period can be categorised as passers-by, rather than as an
actual visitor of the store. Based on that information, these observations are
eliminated. Dependent on the type of store, the optimal threshold for this
time interval may be different. It is therefore advisable to consider every
store individually. This process reduces the number of Type I errors, but
inevitably also leads to a higher number of Type II errors. However, the
reduction in Type I error is much more outspoken than the increase in Type
IT error. In the few cases where a MAC-address was detected at the same
time by two scanners, the one with the highest signal strength was selected.

As could be expected, the data comprises multiple recurring visitors.
Since we are mainly interested in the paths per visit, the observations were di-
vided into trajectories of maximal 12 hours, aligned with the opening hours
of the mall. Depending on the setting and the desired analysis, the opti-
mal threshold might be different and it requires no more effort than simply
changing one parameter to enable other analyses.

We used two methods to determine the detection ratio. Method 1 con-
cerns a manual count, based on video footage of a security camera. The
one and a half hour footage resulted in a head count of 1,121 visitors. 106
distinct MAC addresses were scanned at the same location. This results in a
ratio of 9.46%. The second method used the counts of light curtains in three
stores, during 17 full days. These counting results in a ratio of 1,721/17,486,
or 9.84%. Calculating a weighted average, the final reported ratio is 9.81%.
This value lies within the expected range of values found in literature (cf.
2.2.3).
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Nineteen days of scanning customers resulted in 18.943 unique MAC ad-
dresses. When excluding the MAC addresses that were only registered in
the parking or at an entrance, we get 10.719 unique devices that actually
visited a store in the shopping mall. Different device types were registered.
Mobile phones and smartphones accounted for 89% of the registered devices.
These devices therefore possess all necessary characteristics of a good proxy.
They are linked to the individual and one can therefore be confident about
a one-to-one relationship between the location of a scanned MAC address
and the loctaion of an individual. They are also by far the most popular
category of tracked devices. The remaining 11% goes to audio/video devices
(mainly headsets and carkits, accounting for 9%), wireless phones (1%) and
computers (1%).

4.2. Applications

Below, we present some applications and results. First of all, to determine
which stores attract the most visitors, one could simply calculate the ratio of
unique MAC addresses that were scanned in the store to the total number of
unique detected MAC addresses. In our case, the analysis reveals that 75% of
detected visitors visits the most popular store. This result confirms our prior
expectations, since it is an anchor store. Anchor stores are used to generate
traffic in a shopping mall (Pashigian and Gould, 1998). They attract large
numbers of visitors, which subsequently are likely to visit the other, smaller
stores as well. The second most popular store follows at 27.5%, while the
least popular store only attracts 0.5% of the visitors.

The uniqueness of a MAC address allows us to analyse multiple customer
metrics. Customer loyalty can be approximated by how often customers
return. This analysis can be run both on the individual store-level as on
the level of the entire shopping mall. The analysis revealed that 50.3% of
the public visited the shopping mall more than once in the observed period.
Analysis of the data also reveals insights into the number of stores a customer
visits. Figure 7 plots these findings. The distribution is quite similar for
weekdays versus weekends, but people are slightly more likely to visit a higher
number of stores during the weekends. These analyses can also be used to
identify types of customers. How many people are drawn to the shopping
centre because of one specific store, how many want to enjoy the full shopping
mall experience and visit multiple stores, what is the role of the anchor store,
etc. An analysis of the duration of store visits resulted in a median visit
duration of 3.5 minutes, whereas the median duration of the total shopping
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Figure 7: Number of Stores Visited (Relative Frequencies)

mall visit was 24 minutes (see Figure 8). The result of 24 minutes is in line
with our expectations, since we are dealing with a rather small shopping
mall of 39 stores. Very long visits can usually be attributed to employees.
This provides an additional filtering method to exclude employees from the
analysis, besides a more manual filtering process of explicitly scanning their
MAC addresses.

Before installing the Bluetooth scanners, one has to reflect on the desired
kind of information. If one of the objectives is to acquire insight in the
means of transport of customers, it is crucial to place scanners in the parking
facility or nearby public transport hubs. In our case, the shopping mall was
mainly interested in the use of the parking facility. We calculated that during
weekdays 18.6% of the customers comes by car, while this percentage grows
to 31.2% during weekends. An explanation can be that during the weekend
most of the customers intentionally visit the shopping centre as a planned
event. These people might come from outside the city and therefore come
by car. During the week visitors are probably mostly people who live or
work close-by the shopping mall and therefore do not need a car to reach the
shopping mall, which is located in the city centre. To confirm this hypothesis,
Bluetooth scanners could be placed at multiple locations in the city and on
access roads to the city.
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For sequential analysis of the data an important condition arises. Since
the data comes from scanners on multiple close-by locations, the timestamps
have to be very precise. Therefore all internal clocks were synchronised at
the beginning of the experiment.

Combining the tracking data with the map of the shopping mall makes it
possible to calculate path lengths. The path length does not include the dis-
tance travelled within stores, since the spatio-temporal behaviour is recorded
at store-level. The average path length amounted to 279 metres. There are
several options to visualise the path data. We present two suggestions to vi-
sualise the number of customers that visit store x after having visited store y.
The first visualization is a plot of the flows on the map of the shopping mall
(see Figure 9). To maintain readability of this map, the map is restricted
to the most frequent flows. We also restricted this figure to one floor of
the shopping mall, since mapping the flows between all shops over the three
floors would result in a cluttered 3D-plot. An alternative visualization that
overcomes this latter problem is a migration plot (see Figure 10). This plot
displays the major flows in the entire shopping mall. It is clear that store B,
the anchor store (consisting out of three departments) accounts for a large
part of the flows. The first plot shows more clearly that people are likely to
visit a neighbouring store as the next store. This kind of observations are
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Figure 9: Major Flows on First Floor of Shopping Mall. The linewidth is relative to the
size of the flow. From this figure we can observe that many people that visit the record
store (RS) subsequently visit the neighbouring bookstore (BS). The same holds for the
two similar neighbouring clothing stores (CS1 and CS2).
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not immediately clear from a migration plot. Hence, different visualisations
can provide rich and complimentary insights.

A last application is cluster analysis on the path data. The goal of cluster
analysis is to segment the vast amount of paths and visitors in order to
identify groups. We clustered customers on the stores they visited, regardless
of the specific order in which they visited the stores. This enables us to
categorise paths such as A-B-C in the same cluster as path C-B-A. For our
purpose, this latter path is more similar to A-B-C than A-B-D is for example.
Depending on the desired output and insights, one needs to decide on whether
or not taking the actual sequence into account. When ignoring the actual
sequence, more traditional clustering methods can be used. A matrix was
created in which a value of 1 was assigned to the store variable if the store
was visited and a 0 in the opposite case. Based on that new dataset, we
applied hierarchical clustering (Murtagh, 1985) on the entire sample of 10.719
visitors. Figure 11 shows a dendrogram for a random sample of 50 customers.
The figure was restricted to this low sample number in order to maintain
readability. The full analysis does nevertheless include the entire sample of
10.719 visitors. The clustering method allows the user to define the optimal
number of clusters, depending on the desired level of detail. Graphically,
that means drawing a horizontal line on the desired height in Figure 11. The
higher the line, the less clusters will be defined. In the figure, moving the
line upwards would for example imply that the two most left clusters become
one larger cluster. When opting for a manageable number of five clusters,
the omni-presence of the anchor store became clear again. Cluster 2, 3 and
4 each represent customers that visit almost exclusively this store. Cluster
1 contains customers that come to the shopping mall mainly for eating and
multi-media stores, but not for the clothing stores. Customers who visit a
variety of stores are to be found in cluster 5.

5. Discussion and Conclusion

The main goal in this research was to investigate the applicability of
Bluetooth tracking in an indoor environment. Many factors make it far from
evident to obtain sequential path data in indoor settings. This research
provides a real-life example of the application of Bluetooth tracking in an
indoor shopping mall. We have shown that the method is able to analyse the
spatio-temporal behaviour of individuals. The method is effective and comes
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the flows. The colours/greyscale indicate the direction of the flows, links have the same

colour as the origin. There is also a gap between the start of the link and the segment to
indicate the origin.
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at a rather low cost when compared to the competing technologies such as
RFID.

Three test cases were executed prior to the actual experiment. These
cases revealed that it is crucial to invest a fair amount of time and effort
in the tuning of the scanning devices and their position. Different types
of scanners and a wrapping of aluminium foil were used to optimize the
accuracy. Additional filtering of the data forms a further step to improve
data quality.

We demonstrated the relevance of knowledge and advances in the field of
geography for other domains such as marketing. A shopping mall was used as
research setting for this marketing application. In a broader sense, Bluetooth
tracking is relevant in many settings that we defined as ‘uncontrollable’ (see
Section 2.2.3). Also, Bluetooth is used in indoor positioning and navigation.

This research is to our knowledge not only the first to deploy Bluetooth
tracking in a real-life indoor retail setting, but also the first that uses Blue-
tooth tracking as an alternative for gathering marketing insights. The col-
lected data not only reveals paths as such, but can also be used to discover
many other relevant statistics. Furthermore, this information is of higher
quality than most of the traditional surveys. A simple example is the dura-
tion of a visit. Bluetooth tracking data provides the actual values, whereas
this is not feasible for people. In addition, the non-participatory approach (cf.
2.2.3) results in natural behaviour of the tracked individuals. Of course, cer-
tain more in-depth information cannot be obtained with this method and if
this is desired, a traditional survey can provide this. Furthermore, Bluetooth
tracking definitely lowers the cost of information acquisition. The detection
ratio of 9.81% is high enough to quickly generate a sufficiently large sample.
In contrast to traditional survey methods, where the cost is proportional to
the sample size, the cost stays constant in case of Bluetooth tracking. The
method therefore is a sound long-term investment.

Considering the legal importance of privacy in marketing research, the
non-participatory aspect should be approached with great care, since track-
ing human beings without their consent likely generates legal problems. A
considerable advantage of Bluetooth tracking therefore lies in the use of MAC
addresses. These cannot be linked to the true identity of the person (Gian-
notti and Pedreschi, 2008; Abedi et al., 2014). A problem with GPS tracking
for example is the fact that it can easily link the person’s identity through the
used smartphone application (Giannotti and Pedreschi, 2008; Abedi et al.,
2014).
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We can conclude that Bluetooth tracking is a sound methodology to
gather information about the unbiased spatio-temporal behaviour of individ-
uals. Furthermore, shopping mall management did consider the experiment
interesting and successful. The current line of thinking is to use Bluetooth
tracking next to the already existing bi-yearly customer survey.

6. Limitations and Future Research

The detection ratio is a significant limitation of the methodology. Devices
must be in on-visible mode in order to be scanned. In our experiment, the de-
tection ratio amounted to 9.81%, which is similar to ratios found in previous
research (ONeill et al., 2006; Hagemann and Weinzerl, 2008; Versichele et al.,
2012a,b, 2014b). For many purposes this will lead to a sufficient sample size.
Furthermore, Bluetooth tracking might introduce a sample bias. Further re-
search is needed to investigate whether certain segments of the population
are more likely to carry discoverable Bluetooth devices. The evolution of
the detection ratio over time is another aspect that deserves attention. At
the moment, it is not clear whether the technology usage will increase or
decrease.

Another drawback of the methodology is its currently rather unautomated
set-up. Covering scanners with aluminium wrapping is an inconvenient ap-
proach to limit the reach of the scanners, in order to increase accuracy.
Further research should investigate whether other, more automated, proce-
dures could attain the same effect. It might become possible to automatically
program the scanners so that they only scan a specific region. Until now, a
solution lies in putting a strict threshold on the RSSI values that the scanner
should allow. This software approach does however not necessarily lead to
better results than the hardware approach. The non-centralised data col-
lection is another aspect that could be improved upon. As suggested by
Versichele et al. (2014a), connecting the scanners via a (wireless) network
might significantly improve the practical usability.

Clearly, there are downsides characterizing the Bluetooth tracking method.
However, no currently existing tracking method is flawless, nor are the more
traditional methods used in marketing and other research. This research
shows that, depending on the context, the desired information and level of
detail, Bluetooth tracking proves to be a viable approach.
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