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Abstract. Indoor positioning systems are increasingly being deployed to enable
indoor navigation and other indoor location-based services. Systems based on
Wi-Fi and video cameras rely on different technologies and techniquesand have
so far been developed independently by different research communities; we show
that integrating information provided by a video system into a Wi-Fi based system
increases its maintainability and avoid drops in accuracy over time. Specifically,
we consider a Wi-Fi system that uses fingerprints measurements collected in the
space for positioning. We improve the system’s room-level accuracy by means of
automatic, video-driven collection of fingerprints. Our method is able to relate a
Wi-Fi user to unidentified movements detected by cameras by exploiting the ex-
isting Wi-Fi system, thus generating fingerprints automatically. This use of video
for fingerprint collection reduces the need for manual collection and allows on-
line updating of fingerprints. Hence, increasing system accuracy. We report on an
empirical study that shows that automatic fingerprinting induces only few false
positives and yields a substantial accuracy improvement.

Keywords: Indoor Positioning·Wi-Fi Fingerprinting· Video Tracking

1 Introduction

Over the past decade, location-based services (LBS) have gained in prominence. LBS
accounted for a revenue of USD 2.8 billion in 2010 and the expected revenue in 2015
is USD 10.3 billion [20]. However, today’s location-based services target mostly out-
door users. In contrast, studies find that people spend some 87% of their time in-
doors [5, 10, 13], and 70% of cellular calls and 80% of data connections in the USA
originated from indoors in 2013 [14]. Additionally, indoorLBS market is forecasted
to grow by 40% over the period 2012–2016 [21]. Thus, time is ripe for enabling also
indoor location-based services, where indoor positioningis a key enabler. Specifically,
indoor positioning systems enable a range of indoor location-based services, includ-
ing simple navigation services as well as more complex shopping assistants and friend
finders, to name but a few.
⋆ The final publication is available at Springer via http://dx.doi.org/10.1007/978-3-642-55334-
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Key characteristics of indoor positioning systems includetheir maintainability and
accuracy. Themaintainabilityof a system captures the cost of maintaining the system,
in particular ensuring that its accuracy remains acceptable. Next,accuracyoften refers
to the average positioning error in 2D or 3D with respect to the ground truth. Instead,
we adopt the notion of room-level accuracy, where a positionis considered correct if
it belongs to the same room as the ground truth position. Thus, the exact position of
a user inside a room is not relevant, but it is crucial to position the user in the correct
room. Room-level accuracy enables many indoor services (e.g., silence-your-phone-
in-a-meeting-room, in-store ads, and locate-a-friend) and data analyses (e.g., finding
hang-outs in airports, popular shops in malls, and frequentsequences of shops visited).
We consider the task of building a system with room-level accuracy that is capable of
maintaining its accuracy over time.

While GPS is ineffective in indoor settings, video cameras and Wi-Fi are promising
technologies for indoor positioning. Cameras can track indistinctly all people in a mon-
itored space with high room-level accuracy, but cannot easily match a specific person
with a location (if not relying on complex identification techniques). Hence, cameras
alone are insufficient for positioning. On the other hand, Wi-Fi based systems can po-
sition only collaborative people that have a Wi-Fi device turned on, and can provide
location of the specific user through the device, but they achieve highly different levels
of room-level accuracy in different settings (reported accuracy varies from sub-meter
up to 40 meters for pure Wi-Fi based systems).

There are different approaches to Wi-Fi positioning: model-based, fingerprinting,
and trilateration. We focus on Wi-Fi systems that use fingerprinting. A fingerprint con-
sists of a pair of an indoor location and a set of signal strengths of the Wi-Fi access
points seen at that location. Given a set of fingerprints and the signal strengths observed
by a mobile device, the system can position the device. In such a system one of the
main challenges is the collection of fingerprints. When done manually by surveyors,
this is time-consuming and expensive, and it needs to be repeated over time to maintain
system accuracy. The need for a surveyor can be avoided, in fact a user’s Wi-Fi device
can constantly emit Wi-Fi signal strengths measurements, that can generate fingerprints
if associated with the user’s position. A classic solution is to ask the users to mark their
locations on a map or select it from a list (e.g., [1,19]). Such solutions reduce the cost,
but also increase the effort by users. We propose a method that automates the collection
of fingerprints, thus saving efforts by the users and increasing the fingerprint update rate
to avoid decreased accuracy over time. At the core of our approach is the use of a cam-
era to determine the room the user is in, resulting in automatic room-level fingerprinting
that is transparent to the user.

Figure 1 illustrates how different information from the twosources can be integrated
for reaching our goal. Two rooms are connected only to a corridor that is monitored by
a camera whose field of view (FOV) is shaded gray. A user walks from the corridor
to room2 holding a Wi-Fi device; we can see the user’s actual positionand reported
position (gray phones) at four times (t1–t4). First, the example shows that the room-
level positioning of a Wi-Fi system can be inaccurate: at time t4, the user is inroom2,
but the reported position is inroom1. Second, the video system can tell that the user
enteredroom2 at timet3 and did not leave; therefore, we can generate a fingerprint that



  

 

 
 

 

 

 

 

 

 

Fig. 1.Running example

associatesroom2 with the Wi-Fi signal strengths measurements of the user received
betweent3 andt4.

To the best of our knowledge, only few works propose integration of fixed cam-
eras with other positioning technologies, and they all investigate intra-room position-
ing, while we consider room-level. None of these works explore the use of cameras in
fingerprinting. We provide a key building block for an automatic fingerprinting system
by proposing a solution for corridor-like spaces. The proposed method can be applied
to a more complex floor plan using a large set of cameras that cover the space. The ba-
sic solution proposed here is sufficient when the space is decomposed into corridor-like
subspaces and the method is applied to each subspace.

The remainder of the paper is structured as follows: in Sec. 2, we formulate the
problem and state our assumptions; Sec. 3 gives an overview of the assumed Wi-Fi
and video systems, and presents the proposed integration method; Sec. 4 reports on
experimental studies. We cover related work in Sec. 5 and conclude and provide future
research directions in Sec. 6.

2 Problem Formulation

Setting: We aim to automate fingerprint collection by generating fingerprints without
any active intervention by users. We consider an indoor space composed of rooms that
are all accessible only via a central corridor.

A Wi-Fi positioning system is deployed in the space continuously collecting infor-
mation on the signal strength measurements and location of each Wi-Fi user. In addition,
a video system monitors the corridor, capturing the movements of people. It continu-
ously detects events of a person entering or leaving a room and the associated time.
We assume that a person remains in a room from the time of entering until the time of
leaving the room.
Automatic Fingerprinting: A valid fingerprint for a given location can be obtained
from the collected Wi-Fi signal strength measurements of a device, as long as the device
remains in the same location for at leastthfp time units. This threshold, varies from
system to system, but it is fixed at deployment time. For automatic fingerprinting, the
location as well as the time interval for which the user remains in this location should be
determined. In our case only the time interval a person spends within a room,in-room-



interval, plays a role. The interval is determined by the time of entering and leaving a
room.
Assumptions: Synchronization is required when a pair of sensors monitor and report
the position of the same object and do not share a physical clock. We assume that given
a synchronization checkpoint when the clocks of the two sensors are aligned, the drift
does not affect the synchronization within a short time frame. Fast drifting could occur
when several frames are dropped in the video, but we considervery low resolution and
low frame rate, hence this phenomenon is unlikely. We assumethat for short videos
with a synchronization checkpoint at the start (as in our experimental study), sources
remain sufficiently synchronized.

A diagram of the floor is used to relate rooms with doors, and a door in the image
seen by the camera is related to the appropriate room. The process of detecting doors
in the image of the camera can be done either manually or automatically (by observing
where do people disappear from the field of view). Furthermore a mapping between
manual fingerprints in the Wi-Fi system and rooms is requiredto compute the room-
level accuracy of a system.

As indicated above, we also assume that the space has a star topology: a central
room (“corridor”) has connections ton rooms that do not have connections to other
rooms.

It is unrealistic to assume that all people in an indoor spaceare equipped with a
Wi-Fi device; rather, we assume that some people may be walking in the space with no
Wi-Fi positioning. We refer to people with Wi-Fi positioning asusers. For simplicity
we assume that there are no people in the space at timet0 (i.e., at the beginning of
each video monitoring session), and in our experiments we consider two people (not
necessarily two users) walking in the monitored space at thesame time.

3 Methods

We describe a method for integrating two different sources of information on the move-
ments of people, namely Wi-Fi positioning and video tracking, in order to automate
Wi-Fi location fingerprinting.

3.1 Wi-Fi Fingerprinting

For a Wi-Fi positioning system, a fingerprint is a pair of an indoor location and a combi-
nation of signal strengths of Wi-Fi access points visible from the location. A fingerprint
is traditionally collected by a surveyor standing in a specific location with a Wi-Fi de-
vice and recording the signal strengths measured by the device for some time. The
resulting fingerprints are stored in a database and are subsequently used by the system
for positioning.

When a user submits the signal strength measurements “seen” by the user’s device,
the system returns the position in the database that corresponds to the fingerprint whose
signal strength measurements are the most similar to those submitted by the user. A
user’s position can be computed either on the server or on thedevice, with each ap-
proach having different pros and cons (e.g., cost of computation, privacy). A mapping



between the coordinate system of the location and an image ofthe floor plan is usu-
ally available so that the user’s position can be shown on thefloor plan for navigation
purposes.

A room-level fingerprint can be generated from signal strength measurements of a
user if the in-room-interval of the user is known. In the nextsections, we describe how
to achieve this by using cameras.

3.2 Video Tracking

The tracking of people by using surveillance cameras is an active research topic in
computer vision. We propose to use video data to assist a Wi-Fi system in collecting
automatic fingerprints. Specifically, the video system can provide the crucial informa-
tion about the in-room-interval of users by identifying theentrance and leaving times
of a user to a given room.

Many sophisticated video tracking algorithms exist that can provide the informa-
tion we need (see review in [23]), and the general method we propose can use any of
these. In our implementation we use a relatively simple tracking algorithm that relies on
background subtraction. Our algorithm assumes a fixed background, which is sufficient
when the scene is static and not crowded as in our setting. We take an image of the
empty monitored space as a fixed background and compute the pixel-wise difference
with a frame to detect changes in the space. We ignore differences that are smaller than
a noise threshold (more sophisticated methods are given in [4]).

After applying the basic background subtraction algorithm, we examine each frame
object-wise looking for connected components, i.e. groupsof pixels that form a blob
and that could represent objects moving in the scene. For each frame we extract the
number of objects in the scene (one in Fig. 2), the line of feetof each object (l1 in
Fig. 2), and the center of the shape of each object (c1 in Fig. 2).

c
1

l
1

Fig. 2.Example of features extracted from video

From these features, we can compute in-room-intervals of users and people enter-
ing/leaving the monitored space. The disappearing and appearing events of persons in
the scene can be identified by comparing the detected objectsin successive frames. In
particular, when a tracked object disappears from the field of view, it indicates that a



person either entered a room or left the corridor. When a new object enters the field of
view, it may be either a person leaving a room or a person entering the corridor.

We assume that a room is associated to each door in the image seen by the camera.
We determine which room is involved in the event according tothe line of feet and the
shape center with respect to the marked doors. If the person location does not corre-
spond to any of the doors, we label the event as corridor leaving (or entering) event. For
robustness, we consider detection inw successive frames.

Our video tracking algorithm returns a set of events, each with the timestamp of the
event, its type (enter/leave), and the room involved. Fig. 3shows the result of applying
the algorithm to a video that records a person walking in the corridor and entering room
337 at timetx+1, and then another person leaving the same room at timety+1; the al-
gorithm detects a room-enter evententer337,tx+1

and a room-leave eventleave337,ty+1
.

 

     

Fig. 3.Room-enter and room-leave events

We want to couple a person entering/leaving a room with a Wi-Fi device. We di-
rectly use the Wi-Fi positioning for identifying the user involved in the event. Another
approach would be to use sophisticated image recognition techniques to identify the
user entering/leaving a room. This is left for future research.

3.3 Integration Technique

The video system provides information on people entering and leaving rooms, and the
Wi-Fi system provides signal strength measurements for allusers. To generate a finger-
print, we need to match the interval a person spends in a specific room with a specific
Wi-Fi user.

The proposed heuristic method aims to find proper assignments of Wi-Fi users to the
in-room-intervals reported by the video system. Fingerprints are then generated using
these assignments. The method is structured as follows:

1. For each room, find in-room-intervals using the video system.



2. To each in-room-interval, assign a Wi-Fi user if one exists.
3. For each user, compute when the user entered/left the corridor.

We describe each step in the following.
Find in-room-intervals: We first process the sequence of room events detected by
the video system. Four different situations might occur, asshown in Fig. 4.
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Fig. 4. In-room-intervals in a sequence of events

We can exclude unopened in-room-intervals: as we assume that at the starting time
t0 there are no people in the space, the video system must observe anenter event
before eachleave event. To contend with unclosed in-room-intervals, we set the end
of the interval to the time of computationtc (which coincides with the end of a video
session in our experimental study). We consider an interleaved in-room-interval as a
single in-room-interval that extends form the firstenter event until the lastleave event.

We process the events sequentially. When encountering anenter event, we look
for the next event. Three cases can occur. First, when the current event is the last in
the sequence, it is an unclosed in-room-interval (UcI), andwe set the end time of the
interval to current computation timetc. Second, when the next event is aleave event,
we save the interval as a simple in-room-interval (SI). Third, when the next event is
an enter event, we have encountered an interleaved in-room-interval (II), and we do
not close the interval until it contains the same number ofenter andleave events. In
this case, ambiguity occurs. The system can choose to ignoresuch intervals, but we
propose a heuristic to select a possible solution. The output of this step is a sequence of
in-room-intervals.
Assign Wi-Fi Users: Having found in-room-intervals for each room, we now assign
each interval to a Wi-Fi user. Some of the challenges in doingso are given by the
overlapping intervals and the presence of people who are notWi-Fi users.

We exploit the existing Wi-Fi positioning system to select the users that may be
assigned to an in-room-interval. Candidates are all the users with a Wi-Fi positionδ-
close to the door of the room at both enter and leave time of a simple in-room-interval. If
no user fulfills the requirements for being a candidate, we conclude that the person that
entered the room is not a Wi-Fi user. If there is more than one candidate for the same
interval, we simply select the first detected user, but more complex strategies could be
adopted, e.g., considering the distance of candidates to the door.

The algorithm used to assign in-room-intervals to users is detailed in Algorithm 1.
The algorithm goes through all in-room-intervals ordered by enter time and deals with
simple and unclosed in-room-intervals (lines 8–12) and interleaved in-room-intervals in



Algorithm 1 assignIntervals()

1: Input: Intervals,Users, τ, δ

2: PrevIntervals ← ∅;
3: UsedEvents ← ∅;
4: for i ∈ Intervals do
5: if i .type ∈ {SI,UcI} then
6: U ← getUsers(i , τ, δ) \ overlap(i ,PrevIntervals);
7: if |U | > 0 then
8: user ← pickUser(U );
9: Assignments ← Assignments ∪ {(user , i)};

10: if i .type ∈ {II} then
11: iteration ← 1 ;
12: while (|PrevCombo| ∗ 2 < |i .events|) do
13: Combinations ← computeComb(i);
14: for l ∈ 〈1 , . . . , |Users|〉 do
15: for c ∈ Combinations(l) do
16: skipCombos(iteration − 1 );
17: if c.enter 6∈ UsedEvents ∧ c.leave 6∈ UsedEvents then
18: U ← c.users \ overlap(c.interval ,PrevIntervals);
19: U ← U \ overlap(c.interval ,PrevCombos);
20: if |U | > 0 then
21: c.user ← pickUser(U );
22: PrevCombos ← PrevCombos ∪ {c};
23: UsedEvents ← UsedEvents ∪ {c.enter , c.leave};
24: iteration ← iteration + 1 ;
25: Assignments ← Assignments ∪ getSimpleIntervals(PrevCombos);
26: PrevIntervals ← PrevIntervals ∪ {i};
27: return Assignments ;

a different manner (lines 13–21). First, we select the candidate usersU (lines 6, 18.19).
U is composed by users that areδ-close to the door of the room during a period of time
of 2τ around the enter and leave times of the in-room-interval (functiongetUsers(·)).
U excludes users already assigned to other rooms for in-room-intervals overlapping
in time the current one (functionoverlap(·)). Second, ifU contains more than one
candidate, we use the functionpickUser(·) to select which candidate to assign to the
in-room-interval. In our case, the function selects the first user inU . For interleaved
in-room-intervals, we have to pair enter and leave events:Combinations contains all
the possible pairs in the interval, each coupled with the users retrieved bygetUsers(·).
We iterate through all the combinations (lines 14–23), starting with the ones that have
only one assigned user (l = 1). If no suitable combination is found during the first
iteration, the next iteration skips the first combination (using functionskipCombos(·))
to avoid examining the combinations in the same order as in the previous iteration.
More sophisticated heuristics can be designed to address increasing number of events
and ambiguities.

Assign Corridor Events: Having determined in-room-intervals for each user, we
still need to decide when each one of them entered and left thecorridor.



As discussed in Sec. 3.2, we assume that from the video source, we can detect events
such as “entering the corridor” and “leaving the corridor.”In some cases, different op-
tions are available for pairing corridor and room events, some are shown in Fig. 5.
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Fig. 5. Some of the possible pairings between room and corridor events

We do not have enough information to identify which pairing option is correct.
Therefore, we apply the same pairing policy for all events: we assign a corridor event
to the closest room event of the same type. This means that we pair a room-enter event
with the closest available corridor-enter event that occurred before it, and we pair a
room-leave event with the closest corridor-leave event that occurred after it. In terms of
the options in Fig. 5, we choose the black straight arrows anddiscard the dotted ones.

4 Experimental Study

We evaluate the proposed method in a controlled environment, namely a corridor of
offices in the Department of Computer Science at Aarhus University. We examine the
quality of the automatic fingerprints (Sec. 4.2), study the integration method (Sec. 4.3),
and consider the positioning accuracy achieved by automatic fingerprinting (Sec. 4.4).

4.1 Settings

The floor plan, in Fig. 6, encompasses a corridor with 14 offices. A Dell Integrated We-
bcam mounted on a laptop positioned as shown in the figure is used for the monitoring.
We employ a Wi-Fi positioning system [12] with two differentsets of fingerprints in
two different studies, and we use Samsung Galaxy S3 and Nexus3 phones connected
through a dedicated Android application.

4.2 Study 1: Fingerprint Comparison

We first compare manual and automatic fingerprints. We perform 10 surveys, during
each of which we collect one manual fingerprint in the middle of room 337 (using a
dedicated mobile application) and then collect an automatic fingerprint for the same
room. The fingerprint location is marked as a cross in Fig. 6(a), where dots are pre-
existing fingerprints. We compare manual and automatic fingerprints in two different
ways. First, we compute the similarity between the manual and automatic fingerprint
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Fig. 6.Floor plan of our hallway

and between the automatic and all the other pre-existing fingerprints. Second, we com-
pare the manual and automatic fingerprints based on two of themain features of a
fingerprint.

We compute the similarity between two fingerprints by using the same algorithm
used for positioning a user. The result is the same for all 10 surveys: the similarity be-
tween manual and automatic fingerprint is 1, while the similarity between the automatic
fingerprint and all the other pre-existing fingerprints is near-zero.

Next, we compare the manual and automatic fingerprints basedon two features: the
mean featureµ, a vector consisting of mean values of signal strengths for each visible
access point; and thestandard-deviation featureσ, defined as a vector of corresponding
standard deviations (i.e., theith entry is the standard deviation from the mean value for
the ith visible access point). We computeµ∗ = 1

10

∑10

j=1
µj (µj is the mean vector

from thejth survey) as the average over the 10 surveys; similarly, we computeσ∗ =
1

10

∑10

j=1
σj as average of the standard-deviation features.

Fig. 7(a) showsµ∗ for manual (solid line) and automatic (dashed line) fingerprints.
For each bar, the point in the middle represents the average value for the access point,
and the height describes the standard deviation. For all access points, the average values
of manual and automatic fingerprints are very close. For access points 2 and 19, the
standard deviation of the automatic fingerprints is larger than for the manual ones, but
in all the remaining cases, also the standard deviations arecomparable.
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Fig. 7.Manual and automatic fingerprint comparison

Fig. 7(b) showsσ∗. The value of the average standard-deviation feature for auto-
matic fingerprints is approximately double that of manual fingerprints. The impact of
this difference depends on how relevant the standard deviation is in the similarity mea-
sure used for positioning a user and on the ratio of manual/automatic fingerprints in
the system. In fact, if most of the fingerprints are actually automatic then this does not
affect the system at all. A reason for the difference in standard deviation might be the
fact that during manual collection, the phone is stationary, while during automatic col-
lection, the phone might be moving in the room. This may actually be an advantage,
since users being positioned are more likely to be moving around than to be stationary.

We also perform 10 surveys of the same type, but with two different phones, so
that different phones are used for manual and automatic fingerprinting. The similarity
results are as before, i.e., the similarity between manual and automatic fingerprints is
1, and the similarity of automatic fingerprint with the otherpoints in the radio map is
near-zero.

A comparison of the average mean feature is shown in Fig. 7(c). Fingerprints col-
lected with the two phones are similar, but the automatic ones generally have a lower
mean feature and a lower standard deviation. Results for thestandard-deviation feature,
in Fig. 7(d), show higher average values for one phone, but similar standard deviations.



We conclude that manual and automatic fingerprints are comparable, implying that
a system that contains both types of fingerprints, or possibly only automatic ones, is
feasible. When using different phones for collection, the results are less clear. Finger-
prints collected with different phones at the same locationare more similar than the
fingerprints collected at different locations with different phones. We also find that fin-
gerprints taken with different phones show slightly different feature values, which might
reduce accuracy depending on the specifics of the Wi-Fi positioning system.

4.3 Study 2: Automatic Fingerprinting Evaluation

Evaluation metrics To evaluate the integration method, we look at true positives,
false positives, and false negatives. The meanings of thesewhen matching in-room-
intervals to users are:

– true positives: correct assignments, suggesting how much manual fingerprinting
work is avoided;

– false positives: assignments of an in-room-interval to an incorrect user; these assign
a fingerprint to a wrong location and are very undesirable;

– false negatives: number of in-room-intervals not assignedto any user, while a user
was actually in the room; these indicate how much room there is for improvement.

Experiments We record different videos of people moving in the monitoredspace,
and we compare the results of the algorithm with the ground truth.

We perform 9 experiments. Each consists of one or two people walking in the mon-
itored space according to a script, while the camera is recording a video and the Wi-Fi
system is recording positioning data of the Wi-Fi devices they are carrying. The Wi-
Fi system is initialized using fingerprints shown as dots in Fig. 6(b), where automatic
fingerprint locations are shown as crosses. The experimentsare sequenced according to
the room involved and the complexity of the scene and script.We start with a single per-
son walking and entering/leaving a room; we continue with two people under different
conditions: walking separately or together and with or without a Wi-Fi device.
Event Detection For each experiment, we check whether the video tracking recog-
nizes when a person enters/leaves a room and recognizes the room. All but one experi-
ment are processed with the same parameters for background subtraction; in experiment
#7 we use different values due to unusual lighting and background interference (a plant
at the end of the corridor happened to be of the same color as the user’s clothing).

Fig. 8(a) shows the number of events detected by the algorithm with respect to the
real events.

We have no false negatives, i.e., we do not miss any events. Wehave only few false
positives, meaning that we detect as an event something thatis not an event. Most of
these are due to the configuration of the scene: people leaving the FOV are classified as
people entering the last room in the corridor. Or they are dueto the simple background
subtraction algorithm we use: people wearing clothing thatis the same color as a part
of the background. We can conclude that we achieve good results for our setting and
our experiments. However, in a more general setting, a more sophisticated background
subtraction algorithm must be considered. Only experiment#9 was affected by false
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positives. Here, the person leaving the corridor is classified as entering room 340, cre-
ating an incorrect fingerprint. All other errors are “dismissed,” either because there is
no corresponding enter/leave event or because no Wi-Fi traces correspond to the event.
User Assignment To generate an automatic fingerprint, we need to assign a Wi-Fi user
to an in-room-interval; assignment results from our algorithm are shown in Fig. 8(b).

We observe two false positives. The false positive in experiment #3 corresponds
to an empty in-room-interval (duration 0) derived from a faulty event detection, and
the false positive in experiment #9, as already mentioned, gives a real error, since a
fingerprint is generated for a wrong assignment of an in-room-interval to a user. We
have only one false negative: in experiment #7, an in-room-interval is not assigned
to user1 , but to an individual without a Wi-Fi device. This does not lead to a wrong
fingerprint.

We can conclude that the assignment of in-room-intervals tousers in our method
performs well; all types of in-room-intervals (simple, unclosed, and interleaved) are
detected correctly, and users are correctly assigned in allcases but two (one with no
consequences, and one yielding a wrong fingerprint).
Corridor Event Assignment We want to check whether the algorithm can correctly
recognize when a user enters/leaves the corridor. Corridorevents are not used in our
experiments to generate fingerprints due to the configuration of the corridor; in fact,
it is very long, and we cannot assign all the measurements collected along the whole
corridor to a single point in the middle of it. In different setting, these could be used to
generate automatic fingerprints.

The results in Fig. 8(c) show that we have only one error in thecorridor assignments
(experiment #9), which is due to a faulty event detection that leads to a faulty user
assignment. We conclude that assignment of corridor eventsin our method works well
in the experiments.

4.4 Study 2: Room-Level Accuracy Evaluation

Evaluation metrics Our method targets room-level positioning. Knowing the floor
plan of the building, we can map each Wi-Fi location to a room.Hence, we can define
theWi-Fi room locationru,t as the room where useru is at timet according to the Wi-Fi
system. We useR to denote a set of Wi-Fi room locations.



An error occurs when a position differs from the ground truth. For a useru at timet,
rtrueu,t denote the ground truth room location. We consider a function roomMatch(·) that
counts the number of matches with the ground truth of a set of Wi-Fi room locationsR:

roomMatch(R) = |Rmatch|, whereRmatch= {ru,t ∈ R|ru,t = rtrueu,t } . (1)

We also count matches in an alternative way based on the overall state and not
on a single user. Then a match occurs at a specific time only if all users are correctly
positioned at that time:

timeMatch(R) = |Tmatch|, whereTmatch= {t|∀u (ru,t = rtrueu,t )} . (2)

WhenR contains locations of a single user only,roomMatch(R) = timeMatch(R).
Experiments We want to check whether uploading a new automatic fingerprint im-
proves the room-level accuracy. Therefore, before each experiment described in the
previous section, we upload the automatic fingerprints generated in the previous exper-
iment, so that we can compare the accuracy before and after experiments.

For each experiment, we measure the room-level accuracy of the Wi-Fi system for
the period of time during which at least one user is inside themonitored space. Results
are shown in Fig. 9, where the number of room matches for each user is computed using
the roomMatch(·) function (Equation 1) and the number of matches for both users is
computed using thetimeMatch(·) function (Equation 2). We expect the accuracy of
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Fig. 9. Room-level accuracy evaluation

the system to increase from one experiment to the next one dueto new and more up-
to-date fingerprint uploaded. From the results we see that this is true to some extent.
Notice that for each pair of experiments involving the same room (e.g., experiments
#1 and #2), the accuracy is about three times higher in the experiment performed after
uploading an automatic fingerprint. Therefore, uploading anew fingerprint with current
measurements improves the positioning accuracy for that location.

On the other hand, we observe a drop every two experiments (every time a new
room is visited); one possible reason for this behavior is that measurements are more
similar to new fingerprints collected in other location thanto old fingerprints collected



at the ground truth location. This calls for a method to “retire” fingerprints when they
are too old, or at least include the “age” of a fingerprint in the computation of a user’s
position.

In experiments #8 and #9, users are asked to walk in the corridor without entering
any room. The resulting low accuracy can be due to the fact that no new fingerprints are
uploaded for the corridor during any of the experiments.

We perform a last experiment (experiment #10), where the path taken by the user
is the same as in experiment #1; the user walks in the corridor, enters room 337, stays
there for 1 minute, and then leaves the room and the corridor.A comparison of the
room-level positioning accuracy in the two experiments is shown in Fig. 10(a).

 0

 20

 40

 60

 80

 100

Exp. 1 Exp. 10

%
 o

f 
M

at
ch

es

Experiments

Matched
Not matched

(a) Room-level accuracy comparison

337 339 335 333 341 343 345 

338 340 336 334 342 344 346 

(b) Trace comparison

Fig. 10.Experiments #1 and #10

The accuracy in the last experiment is three times higher than the accuracy in the
first one, and three automatic fingerprints have been uploaded for room 337 between
the two experiments.

Fig. 10(b) shows the traces in the two experiments compared with the ground truth.
The solid line represents the ground truth, the dashed line experiment #1, and the dotted
line experiment #10. We see that not uploading new fingerprints for the corridor reduces
the accuracy of positioning in it, since the position of the user is assigned only to rooms



in experiment #10. Moreover, the wrong fingerprint generated in experiment #9, which
assigns a user to room 340 when the user is actually in the corridor, affects the position-
ing in experiment #10 (when the user is in the corridor, the position is reported as room
340). We also find that the positioning accuracy in rooms for which new fingerprints are
uploaded increases, and the user is correctly positioned inroom 337 most of the time.

5 Related Work

Different technologies can provide positioning in indoor spaces [16]. We utilize two
different technologies: Wi-Fi and video cameras.

Wi-Fi based positioning has been studied widely, and a wide range of systems have
been proposed. Liu et al. [15] present a survey of approachesto wireless positioning.
There are three main different approaches: model-based, fingerprinting, and trilater-
ation. In a model-based and trilateration positioning the location of access points is
known and positioning is done using propagation models or lateration methods [2]. Our
work is focused on the systems that use Wi-Fi fingerprinting.Kjærgaard [12] presents a
taxonomy of fingerprinting techniques. A known problem of fingerprinting-based sys-
tems is that they call for the collection of fingerprints, which is costly in terms of time
and resources. Thus, a number of recent studies investigatethe use of robots [11], tech-
niques that enable users to do fingerprinting [19], and techniques that enable user feed-
back [7] for reducing the cost of fingerprint collection. We tackle the problem of finger-
print collection by exploiting cameras to allow automatic fingerprinting, thus eliminat-
ing or reducing the need for active user involvement.

In the realm of video-based systems, different techniques have been investigated
for the tracking of objects in a space monitored by cameras. Some techniques use a
single camera, and some use multiple cameras with or withoutoverlapping fields of
view; other techniques aim to recognize the shapes of objects; and yet some techniques
focus on positioning. Yilmaz et al. [23] contribute a comprehensive survey. We employ
a simple background subtraction technique that is sufficient in our experimental setting.
More advanced techniques are likely to be needed in more general settings, especially
when execution time is an issue [3,6].

We propose a method of improving a Wi-Fi based positioning system by using cam-
eras. Only few works consider the integration of cameras with Wi-Fi based systems,
most of which consider phone cameras and not fixed cameras such as surveillance cam-
eras [8, 17]. These other approaches rely on a phone camera for the main positioning
and use Wi-Fi positioning to prune the space and improve the efficiency of video match-
ing algorithms. Our approach is the opposite, as we use Wi-Fias the main positioning
technology.

Van den Berghe et al. [22] consider fixed cameras in a proposalfor fusing cam-
era and Wi-Fi sensor data in order to provide intra-room positioning. They consider a
fingerprinting-based Wi-Fi positioning system and a camerainstalled on the ceiling of
a room. Their proposal detects moving objects in video, and it projects a found object
onto the floor plan using a Gaussian model. A particle filter “combines” the results of
camera detection with the Wi-Fi positioning in real-time. Accuracy findings in terms of
2D error inside the room of the resulting system are reported. When only one person is



in the room, the accuracy of the underlying Wi-Fi system alone is improved by 0.5–2
meters, but in case of many people walking in the room, the improvement is insignifi-
cant (less than 0.5 meters). Results are not given with respect to room-level accuracy.

The use of external cameras has also been explored in connection with RFID lo-
calization systems. Works in this direction vary with respect to RFID localization al-
gorithms and video processing algorithms [9, 18]. Most of the proposed systems are
evaluated in controlled environments; we use the same general approach to evaluate
our system.

6 Conclusions and Future Work

We propose a method that enables automatic collection of fingerprints for a Wi-Fi based
indoor positioning system in corridor-like spaces, thus providing an important building
block towards a full-fledged organic positioning system. The method integrates two dif-
ferent technologies, namely Wi-Fi positioning and video cameras. We target room-level
accuracy and study this level of accuracy in a real positioning system when introducing
automatic fingerprinting.

Our experimental study indicates that automatic fingerprints are comparable with
fingerprints that are collected manually. In an evaluation of the effect of uploading new
automatic fingerprints to the positioning system, we find that the accuracy increases for
the rooms that have been newly fingerprinted, but also decreases for rooms with old
fingerprints. Hence, we conclude that a system that allows new fingerprints to be up-
loaded also needs a method for discarding obsolete fingerprints. In experiments where
we upload new fingerprints for rooms, but not for the corridor, the overall trace might
not show that a user actually passed through the corridor before entering a room.

A natural next step is to utilize the proposed method in a solution that covers an
entire floor or building. Our method can be applied independently to different monitored
subspaces, and by exploiting topological connections between the subspaces, it may be
possible to further improve the in-room-interval detection capability. A key challenge
is to extend the automatic fingerprinting to non-corridor-like spaces (e.g., rooms with
multiple doors), where one might need to recognize a person entering and leaving a
room through different doors. A possible solution is to relyon vision re-identification
techniques.

An interesting direction for future work is to study an online version of the method
that would make it possible to turn off the phone or to reduce scanning interval time
to save battery. In fact, in addition to positioning accuracy, battery consumption is an
important problem. Under the assumption that the user needsroom-level positioning,
we may use cameras that detect when a user enters and leaves a room to turn the Wi-Fi
device off and on.
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