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Message from the Editor
Chi-Yin Chow
Department of Computer Science, City University of Hong Kong, Hong Kong
Email: chiychow@cityu.edu.hk

In the first section, we have a special issue of some topic of interest to the SIGSPATIAL community. The
topic of this issue is “Indoor Spatial Awareness (Part 1)” which is edited by our editor Dr. Chi-Yin Chow (Ted).
Dr. Chow is currently an Assistant Professor in the Department of Computer Science, City University of Hong
Kong.
The second section consists of three event reports from:
1. The 24th ACM SIGSPATIAL International Conference on Advances in Geographic Information Systems
(ACM SIGSPATIAL 2016)
2. The 8th ACM SIGSPATIAL International Workshop on Indoor Spatial Awareness (ISA 2016)
3. The 6th ACM SIGSPATIAL International Workshop on Mobile Entity Localization, Tracking and Analysis (MELT 2016)
I would like to sincerely thank all the newsletter authors and event organizers for their generous contributions of time and effort that made this issue possible. I hope that you will find the newsletters interesting and
informative and that you will enjoy this issue.
You can download all Special issues from:
http://www.sigspatial.org/sigspatial-special
.
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The SIGSPATIAL Special
Section 1: Indoor Spatial
Awareness (Part 1)

ACM SIGSPATIAL
http://www.sigspatial.org

Introduction to this Special Issue:
Indoor Spatial Awareness (Part 1)
Chi-Yin Chow
Department of Computer Science, City University of Hong Kong
Email: chiychow@cityu.edu.hk

People spend large part of their time indoors, such as school buildings, office buildings, shopping malls,
and public transportation centers. As indoor space is different from outdoor space, it is difficult to just employ
location-based technologies and services designed for outdoor space to indoor space. Thus, it is necessary
for scientists and researchers to develop new spatial and spatio-temporal data management and geographic
information systems (GIS) theories, technologies and applications for indoor space. The mission of this special
issue “Indoor Spatial Awareness (Part 1)” is to bring together scientists and researchers who work on different
topics of indoor spatial awareness and to provide a venue for inspiring new research directions in all relevant
aspects.
The first two contributions are related to indoor Radio Frequency Identification (RFID) tracking data.
Guoqiong Liao et al. is about how to use probabilistic cleaning strategies to remove cross detection events (i.e.,
false positives) and interpolate missing detection events (i.e., false negatives) from the trajectories of
mobile RFID objects. Asif Iqbal Baba et al. develop a probabilistic graph model based approach to represent
indoor topology and cleansing algorithms to reduce false positives and recover false negatives.
The next two newsletter articles are about indoor positing and navigation. The third one written by Stephan
Winter et al. present concepts of indoor localization and navigation that are independent of sensors-based
technologies in the environment. For the fourth article contributed by Henrik Blunck et al., it describes the
concepts of deviation maps for indoor positioning with future research directions.
Last but not least, Florence Sdes and Franck Jeveme Panta introduce a heterogenous trajectory-based
querying framework that integrates geometric and symbolic trajectories and indoor and outdoor coordinate
systems and supports spatial and spatio-temporal queries.
I hope the readers will enjoy reading this issue and find it useful in their research work.
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Probabilistic Cleaning over Trajectory Events of Mobile
RFID Objects
Guoqiong Liao1 , Philip S. Yu2 , Qianhui Zhong3 , Sihong Xie4 , Changxuan Wan1 , Dexi Liu1
1

School of Information Technology, Jiangxi University of Finance & Economics, Nanchang, China
2
Department of Computer Science,University of Illinois at Chicago, Chicago, IL, USA
3
Department of Information Processing Science, University of Oulu, PL, Finland
4
Department of Computer Science and Engineering, Lehigh University, Bethlehem, PA, USA

Abstract
Cleaning up the trajectory events of mobile RFID objects should take the uncertainty of location and
unreliability of event detection into account at the same time. In the paper, we first discuss the rules to
distinguish false detection events in RFID object trajectories. Then, as a unified cleaning framework, we
establish a probabilistic region connection graph to represent region detection features, region connection relationships, and region transition probabilities between neighboring physical regions. Focusing
on interpolating the missing events, we suggest two path-based probabilistic cleaning strategies, namely,
the Most Likely Path (MLP) strategy and the Highest Weighting Probability Path (HWPP) strategy.

1

Introduction

With the rapid development of Radio Frequency Identification (RFID), sensor and wireless technologies, a large
amount of trajectory data of moving objects is emerging [1∼3]. A trajectory is made up of a sequence of detection events about the location and time of a mobile object. Trajectory data mining, such as mining movement
patterns and periodic patterns of the mobile objects, has many important and real-world applications including
object behavior analysis, traffic control, location based services, etc [4∼6]. However, the data collected by
sensors and RFID readers are usually noisy and incomplete. For instance, because of the instability, shielding,
collision and other reasons, there are mainly two kinds of false detection in RFID applications: 1) missing detection, that is, the readers didn’t detect the tagged objects inside their detection ranges; 2) cross detection, namely,
the readers have detected the objects outside their detection ranges. It is necessary and meaningful to clean up
the false detection events from the trajectory data for RFID-based applications.
Fig. 1 is an example of RFID-based object monitoring in a supermarket, where multiple RFID readers are
deployed in various physical regions, including 2 entries (EN1 and EN2 ), 9 shopping areas (S1 ∼ S9 ) and 2
exits (EX1 and EX2 ), to monitor the movement trajectories of customers. Assume that the reader in each area
can also detect the objects passing by the aisle near the area, and the detection ranges of the readers deployed in
different areas don’t overlap.
Suppose that we have collected a trajectory of customer c, which consists of 6 ordered events e1 ∼ e6 :
{e1 =< c, EN1 , 10 : 00 : 00, 10 : 00 : 00 >, e2 =< c, S1 , 10 : 01 : 00, 10 : 15 : 00 >, e3 =< c, S8 , 10 :
36 : 00, 10 : 45 : 00 >, e4 =< c, S9 , 10 : 46 : 00, 10 : 49 : 00 >, e5 =< c, S6 , 10 : 49 : 05, 10 : 49 :
10 >, e6 =< c, EX2 , 10 : 50 : 00, 10 : 50 : 00 >}. The first and the second elements of each event are the
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Figure 1: Example of RFID-based object monitoring in supermarkets
customer identification and the region identification, the third is the time that the customer enters the region, and
the forth is the time to leave the region. The format of the time is HH/MM/SS. Also, we assume that the moving
time from a region to its neighboring region without passing any other region. i.e., the direct moving time, is 60
seconds.
It can be found that the above trajectory is an unreasonable trajectory with two detection faults. The first
fault occurred between e2 and e3 , since there is no direct path from S1 to S8 , which violates the continuous
motion constraint, that is, an object can only move from a region to its neighboring region when its location
changes. In this case, it can be considered that some events are missing between e2 and e3 as their time gap
is quite large. The second fault came up between e4 and e5 , since it is highly unlikely for a customer to move
from S9 to S6 in such a short period of time (i.e., 5 seconds), violating the direct moving time constraint (i.e.,
60 seconds). At this time, it is sure that one of e4 and e5 is a cross detection event.
Considering both constraints of continuous motion and direct moving time, we should remove the cross
events and interpolate the missing events to get a more realistic trajectory. For example, a trajectory can be
obtained by removing e5 and interpolating two events occurring in S2 and S5 in turn between e2 and e3 , i.e.,
EN1 → S1 → S2 → S5 → S8 → S9 → EX2 . However, since location movement of the mobile objects is
uncertain, we may also get another potential reasonable trajectory by removing e4 and interpolating two events
occurring in S4 and S7 , i.e., EN1 → S1 → S4 → S7 → S8 → S6 → EX2 . In fact, there are multiple potential
reasonable paths between S1 and S8 , so the problem to be solved is to determine a more reasonable trajectory
among multiple candidate trajectories.
There are some data cleaning strategies for mobile RFID objects proposed. H. Fan et al. [7] proposed a
behavior-based cleaning method for unreliable RFID data, which takes advantage of the kinematic characteristics to assist in RFID data cleaning under a movement behavior detection model. A recent work in [8] proposed
a Bayesian inference based approach for cleansing the missing RFID data. It proposed an Adaptive Cleansing
(AC) probabilistic model for object tracking in mobile environment. T. Tran et al. [9] proposed a probabilistic
model to capture the mobility of the reader, object dynamics and noisy readings, and employ a sampling-based
technique called particle filtering to infer locations of RFID objects. Considering the movement characteristic
of RFID objects, R. Cocci et al. [10] and Y. Nie et al. [11] presented a data inference and compression method
over RFID streams. H. Chen et al. [12] proposed a Bayesian inference framework to maximize the accuracy of
RFID data collection. It suggested a Metropolis-Hasting sampler based on the posterior read rates to infer the
hidden variables in the model. The work in [13] is the most related study to this research, which proposed a data
imputation model by maintaining and analyzing the spatio-temporal correlations and constraints of the monitored objects, where optimized data structures and imputation strategies are developed. However, the method
cannot be adapted to the environment where the objects have little correlation.
This chapter intends to study trajectory event cleaning strategies to remove the cross detection events and
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interpolate the missing detection events from the trajectories of mobile RFID objects. The rest of the paper is
organized as follows. We describe the basic concepts and problem statement in Section 2. Section 3 presents
a unified cleaning framework using probabilistic region connection graph. We suggest two path-based missing
event interpolation strategies in Section 4, and conclude our work in the end.

2

Basic Concepts and Problem Statement

In the paper, a given physical range monitored by of a reader (or a group of readers) is called a physical region.
For example, in supermarkets, a physical region can be an entry, a shopping area, or an exit,.
Definition 1 (Neighboring physical regions). Let ri and rj be two independent physical regions. If we can
go to rj from ri directly, and vice versa, ri and rj are called a pair of neighboring physical regions.
Definition 2 (Direct moving time). Let ri and rj be a pair of neighboring physical regions, the direct moving
time from ri to rj is the movement time from ri to rj without passing any other region, denoted as Γij . Due to
symmetry, Γij = Γji .
2 ), where µ and σ are the mean
It is reasonable that Γij obeys the normal distribution, i.e., Γij ∼ N (µij , σij
ij
ij
and standard deviation of Γij , respectively. Comparing with the normal detection events, the cross detection
events and missing detection events can be regarded as small probability events. Thus, we can divide the overall
time domain of Γij into three time subdomains.
• [µij − 3σij , µij + 3σij ]: the time subdomain of normal detection;
• [0, µij − 3σij ): the time subdomain of cross detection, since it is not likely for the mobile objects to move
between the neighboring physical regions in such a short period of time;
• (µij + 3σij , +∞): the time subdomain of missing detection, since it doesn’t need such a long time from
ri to its neighboring region rj .
Definition 3 (Basic observation events). A basic observation event is the action that a reader observes
a tagged object at a specific time, which can be represented as a triple < o, r, t >, where o is the unique
identification of the object, r is the identification of the physical region that the reader monitors, and t is the
observation timestamp.
Definition 4 (Detection events). A detection event is a tetrad < o, r, tin , tout >, where tin is the time that o
enters r, and tout is the time to leave r.
Definition 5 (Arbitrary trajectories).
 k An arbitrary trajectory ofkobject oi is made up of n ordered detection
events about oi , denoted as T Ri = ei , k = 1, 2, . . . , n, where ei is the k-th detection event in the trajectory,
and eki and ek+1
are called as a pair of adjacent detection events.
i
For convenience, we also use an ordered physical region sequence to represent a trajectory, denoted as
T Ri = {rk } , k = 1, 2, . . . , n, where rk is the physical region of eki .
Definition 6 (Location detection errors). In T Ri , if eki .r and ek+1
.r are not neighboring physical regions, it
i
is said that a location detection error occurs.
Definition 7 (Time detection errors). In T Ri , if eki .r and ek+1
.r are neighboring regions, but ek+1
.tin −
i
i
k
ei .tout ∈
/ [µk,k+1 − 3σk,k+1 , µk,k+1 + 3σk,k+1 ], it is said that a time detection error occurs.
Definition 8 (Reasonable and unreasonable trajectories). If there is neither location detection error nor
time detection error between any adjacent detection event pairs < eki , ek+1
> in T Ri , it is said that T Ri is a
i
reasonable trajectory. Otherwise, it is an unreasonable trajectory.
Since the probability of cross detection will be reduced with the increase of the distances between the
readers and the objects, we assume the cross detection events only involve the time detection error between the
neighboring physical regions.
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Definition 9 (Cross event pairs). In T Ri , if eki .r and ek+1
.r are neighboring physical regions, and 0 ≤
i
k+1
k
k
− ei .tout < µk,k+1 − 3σk,k+1 , < ei , ei
> is called a cross event pair, and one of them is a cross
event.
Definition 10 (Missing event pairs). In T Ri , if eki .r and ek+1
.r are not neighboring physical regions, or eki .r
i
and ek+1
.r are neighboring physical regions and ek+1
.tin − eki .tout > µk,k+1 + 3σk,k+1 , < eki , ek+1
> is called
i
i
i
a missing event pair, and we infer that some events are missed between
the
pair.

Problem definition. Given an arbitrary trajectory T Ri = eki , k = 1, 2, . . . , n, for each pair of adjacent
detection events eki , ek+1
∈ T Ri , if < eki , ek+1
> is a cross event pair, one of them is selected to be removed
i
i
k+1
k
from the trajectory, or if < ei , ei
> is a missing event pair, a potential reasonable path between eki .r and
0
0
k+1
ei .r is determined to interpolate into the trajectory, to generate a candidate trajectory T Ri , i.e., T Ri has
neither location detection errors nor time detection errors.
ek+1
.tin
i

3

Probabilistic Region Connection Graph

Generally, different physical regions have different detection features, depending on different device conditions
and environment factors.
Definition 11 (Cross detection ratio). The cross detection ratio of region rj is the probability that an object
can be observed by the reader in rj although the object doesn’t locate in rj , denoted as pcj .
Definition 12 (Missing detection ratio). The missing detection ratio of rj is the probability that an object
cannot be observed by the reader in rj although the object locates in rj , denoted as pmj .
Definition 13 (Normal detection ratio). The normal detection ratio of region rj is the probability that an
object can be observed by the reader in rj if the object locates in rj , denoted as pnj , and pnj = 1 − pmj .
A physical region usually has multiple neighboring physical regions. We can compute the probabilities that
an object moves from a physical region to its neighboring regions by analyzing historical trajectory data.
Definition 14 (Region transition probability). The region transition probability p(rj |ri ) is a conditional
probability that an object moves from ri to a neighboring region rj .
Let N E(i) be the set of neighboring regions of ri . We have,
X

p(rj |ri ) = 1.

(1)

j∈N E(i)

Definition 15 (Region connection graph). All physical regions can be represented as a connection graph
G = (V, E, W, X), where
1) V is the set of |V | = N vertices, i.e., the physical regions;
2) E ∈ V × V is the set of |E| = M edges, i.e., the pairs of neighboring physical regions;
3) W is a 2-dimension attribute matrix associated with V , which describes the cross detection ratio and the
missing detection ratio of each region;
4) X is an N × N adjacency matrix, where x[i][j] records p(rj |ri ), µij and σij . In the matrix, µij = µji ,
σij = σji , but p(rj |ri ) 6= p(ri |rj ).
Fig. 2 is the connection graph representation of the physical regions in Fig. 1. As an example, the node
features and edge features related with S1 are given. The pair (0.1, 0.25) (above the node S1 ) represents that the
cross detection ratio and the missing detection ratio of S1 are 0.1 and 0.25, respectively. The triple (0.4, 60, 3)
(above the edge between S1 and S2 ) means that the region transition probability from S1 to S2 is 0.4, the mean
and standard deviation of the direct moving time from S1 to S2 are 60 and 3 seconds, respectively.
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Figure 2: Probabilistic region connection graph
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Probabilistic Cleaning Strategies

Since the cross detection events only occur between the neighboring physical regions, we can simply remove
one of them randomly or select the one which region has higher cross detection rate to remove. However,
interpolating the missing events is much more complicated, since there are a lot of potential reasonable paths in
the region connection graph between the regions of the missing event pair. Thus, this section will focus on the
issue of missing event interpolation.

4.1

Candidate paths and candidate trajectories

A reasonable candidate path between eki .r and ek+1
.r is the path which direct moving time, i.e., ek+1
.tin −
i
i
k
ei .tout , should be between the lower bound and the upper bound of the sum of the time subdomains of normal
detection of all neighboring region pairs in the path.
Definition 16 (Candidate path). Let P A =< r1 , r2 , . . . , rm > be a path from eki .r(= r1 ) to ek+1
.r(= rm ).
i
If the following condition holds,
m−1
X

(µj,j+1 − 3σj,j+1 ) ≤ ek+1
.tin − eki .tout ≤
i

j=1

m−1
X

(µj,j+1 + 3σj,j+1 ),

(2)

j=1

ek+1
.r
i

it is said that P A is a candidate path between eki .r and
.
Definition 17 (Candidate trajectory). Let T Ri be an unreasonable trajectory without cross detection events.
0
One of its candidate trajectory T Ri is a trajectory after interpolating a candidate path into each missing event
pair of T Ri .
Theoretically, if there are z missing event pairs in T Ri , we can get:
N=

z
Y

nj ,

(3)

j=1

candidate trajectories, where nj is the number of the candidate paths of j-th missing event pair.

4.2

The most likely path interpolating strategy

The idea of the Most Likely Path (MLP) interpolation strategy is to compare the joint probability of all candidate
paths between a missing event pair, and use the one with the maximum probability for interpolating. A factor
graph is an undirected bipartite graph consisting of a set of random variable nodes and a set of factor function
nodes [14]. Each function node represents a function that depends only on the subset of the variable nodes.
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It provides a natural way of representing global functions or probability distributions that can be factored into
simpler local functions.
A candidate path P A =< r1 , r2 , . . . , rm > is a directed graph (Fig. 3(a)), where the vertices represent the
physical regions in the path, and the directed edge represents the location movement from the former region to
the next one. Its joint probability is related with two factors:
1) The normal detection ratio of each region, and
2) The region transition probability of each directed edge.
Therefore, we convert the directed graph into a factor graph with node potentials
{Ψ(ri ) : ri ∈ G, i = 1, . . . , m} and edge potentials {ϕ(ri , ri+1 ) : (ri , ri+1 ) ∈ G} as Fig.3 (b):

Figure 3: Candidate path and factor graph representation
• Ψ(ri ) is the normal detection rate of region ri , i.e.,
Ψ(ri ) = 1 − pmi .

(4)

• ϕ(ri+1 , ri ) is the region transition probability from ri to rj , i.e.,
ϕi,i+1 (ri , ri+1 ) = p(ri+1 |ri ).

(5)

Therefore, the joint probability of P A can be computed by a product of all node potentials and all edge
potentials as below:
m
m−1
Y
1 Y
(1 − pmi ) •
p(ri+1 |ri ),
(6)
p(r1 , r2 , . . . , rm ) =
Z
i=1

i=1

where Z is a normalization constant, i.e.,
Z=

m
XY

(1 − pmi ) •

∀ri i=1

m−1
Y

p(ri+1 |ri ).

(7)

i=1

The MLP strategy uses Eq. (6) to compute the joint probability of all candidate paths, and select the path
with maximum probability for missing event interpolation.
Theorem 1. Let SPs =< r1 , r2 , . . . , rs > , SPt =< r1 , r2 , . . . , rt > be two candidate subpaths from
regions X to Y , and SPs ⊂ SPt (s < t), if p(rs+1 |rs ) < p(Y |rs ), then p(X, SPs , Y ) > p(X, SPt , Y ).
Theorem 1 is used to prune the candidate paths. Its proof is discussed in detail in [15].
Theorem 2. (The most likely candidate trajectory). A reasonable trajectory obtained by interpolating the
missing events using the MLP strategy is the most likely candidate trajectory.
Theorem 2 is obvious, since the probability of a trajectory is the product of all node potentials and all edge
potentials. That is, interpolating the missing paths with maximal local probabilities can guarantee the trajectory
with maximal global probability.
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4.3

The highest weighting probability path interpolating strategy

The MLP strategy takes the normal detection ratios and region transition probabilities into consideration. But
in the real world such as supermarkets, people usually tend to select short paths for shopping. The highest
weighting probability path (HWPP) interpolating strategy combines the factors both of path probabilities and
path lengths, and selects the candidate paths with the highest weighting probabilities to interpolate.
We use

β m |P athsm
X,Y |
P
L |P athsL
β
L
X,Y |

as the weights of the probability for the candidate paths with length m, which has

two features:
1) The shorter the length of a candidate path is, the higher the weight of its probability is;
2) The paths with the same length have the same weight.
Definition 18 (Path weighting probability). Let P A =< r1 , r2 , . . . , rm > be a candidate path between
k
ei .r(= r1 ) and ek+1
.r(rm ), the weighting probability of PA, denoted as pw (P A), is computed as:
i
β m |P athsm
r1 ,rm |
pw (P A) = P L
× p(r1 , r2 , . . . , rm )
L
L β |P athsr1 ,rm |
m
m−1
Y
Y
β m |P athsm
|
P L r1 ,rmL
×
(1 − pmi ) •
P (ri+1 |ri ),
=
Z ∗ L β |P athsr1 ,rm |
i=1

(8)

i=1

k+1
k
where |P athsL
.r .
r1 ,rm | is the set of all paths with length L from ei .r to ei
Theorem 3. Let SPs =< r1 , r2 , . . . , rs >, SPt =< r1 , r2 , . . . , rt > be two subpaths from regions X to
Y , and SPs ⊂ SPt (s < t). If p(rs+1 |rs ) < p(Y |rs ) and P athstX,Y < P athssX,Y , then pw (X, SPs , Y ) >
pw (X, SPt , Y ).
Theorem 3 is used for HWPP strategy to prune the candidate paths. its proof is also discussed in [15].
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Conclusions

To address the challenges of the uncertainty of location movement and the unreliability of event detection of
mobile RFID objects, this paper first analyzes the constraints both of location motion and direct moving time
between the neighboring physical regions. Then, a probabilistic region connection graph model is established as
a unified cleaning framework. Using the factor graph model, two path-based missing event interpolating strategies and their pruning rules are discussed. The experimental results in [15] show that the proposed strategies are
effective and efficient.
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Abstract
The Radio-Frequency Identification (RFID) technology has been increasingly deployed in indoor environments for object tracking and monitoring. However, the uncertain characteristics of RFID data,
including noise and incompleteness hinder RFID data querying and analysis at higher levels. Hence, it
is of paramount importance to cleanse the RFID data for such applications. This paper introduces our
comprehensive research on cleansing RFID data in indoor settings. We focus on two inherent errors in
such RFID data: false positives (unexpected cross readings) and false negatives (missing readings). In
our proposed graph model based approach, we design a probabilistic distance-aware graph to represent
the indoor topology, the deployment of RFID readers and their sensing parameters. We also augment
the graph with transition probabilities that capture how likely objects move from one RFID reader to
another. Based on the proposed graph, we design cleansing algorithms to reduce false positives and recover false negatives. In the learning-based approach, we propose an Indoor RFID Multi-variate Hidden
Markov Model (IR-MHMM) to capture the uncertainties of indoor RFID data as well as the correlation
of moving object locations and object’s RFID readings. We solely use raw RFID data for the learning of the IR-MHMM parameters. Using the resulting IR-MHMM, the learning-based approach is able
to deliver cleansing performance comparable to and even better than that of the graph model based
approach, although the former requires much less prior knowledge than the latter.

1

Introduction

A typical RFID based application consists of RFID tags attached to the objects (e.g., a check-in bag at an
airport or an item in a store), and the RFID readers that detect the objects within their proximity ranges. Each
RFID reader continuously detects objects in its range and generates reports with the frequency determined by
its sampling rate. Each such report is a raw RFID reading htagID, readerID, ti, implying that the object with
the tag tagID is detected by the RFID reader identified by readerID at time point t. In a wide variety of
indoor scenarios, RFID based systems generate 100 to 1,000 times the data generated by conventional bar code
systems. One of the leading retailers, Walmart, is estimated to generate more than 7 terabytes raw RFID data
per day [4]. Such huge amounts of data form a rich mine for data querying and analytics that are intended to
uncover unique insights about the indoor environments.
However, the errors present in raw RFID data hinder the process of performing high level querying and
analytics on such data. Due to the inconsistent nature of RF signals, the detection range of an RFID reader may
change unexpectedly from time to time, especially in an indoor space where there are various signal reflecting
and/or blocking entities like walls as well as changing flows of people. Our research has been focused on
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cleansing two types of errors inherent in indoor RFID tracking data. False positives (cross readings) occur when
a tag (and the object it is attached to) is unexpectedly detected by multiple readers simultaneously. This may
result from an unexpected change of the detection range of a reader. Such changes happen due to various reasons,
e.g., metal items that reflect the signals, or the re-direction of reader antenna(s). As a result, the object is reported
by multiple readers that are placed at different positions, and thus the object’s position become ambiguous. False
negatives (missing readings) occur when a reader fails to read a tag in its detection range. Missing readings are
caused by power failures on readers, tag orientation with respect to the reader, presence of metal, dielectric or
water close to the tag, and other factors.
An indoor RFID deployment is illustrated in Figure 1 and
R17
12
10
R16 11
part of the data generated for a person with tag1 there is given in
R12
tag
Table 1. The person was first detected by reader R1 from time
R11
R10
9
R9
point t0 to time point t3 , yielding four readings by reader R1 . It
is noteworthy that the RFID readers altogether do not cover the
4
R4
8
15
entire indoor space because otherwise the deployment cost would
be too high. Therefore, an object is not continuously detected by
R8
R15
RFID readers and for many time points the data does not tell
14
3
R5
R3 1
5
7
R7
where an object is. Due to the unexpected expansion of R4 ’s
R14
R2
R13
R6
detection range, at time points t13 and t14 , tag1 was detected by
R1
2
both readers R4 and R9 . As a result, tag1 seems to be present
13
6
in both locations at time points t13 and t14 , thus giving rise to
2 Staircase
5
8
Room
Hallway
a false positive. It is, however, impossible that tag1 can appear
Person (Tag)
Trajectory
RFID Reader
in both locations at the same time as the two readers R4 and R9
cover two separate locations and their detection ranges are not Figure 1: RFID reader deployment example
configured to overlap. Next, tag1 was detected by reader R17
from time point t26 to t29 . However, tag1 is not supposed to be detected by R17 before it is detected by reader
R10 on its way as shown in Figure 1. Actually, tag1 passed through R10 but it failed to generate any information,
thus giving rise to false negatives.
To effectively and efficiently support high-level
RFID business logic processing, it is necessary to perform data cleansing to reduce false positives and recover false negatives in raw indoor RFID data. In
this paper, we present two approaches to address this
problem. The graph-based approach uses a graph
model to capture detailed domain information including the deployment of RFID readers, the indoor topolTable 1: Raw readings table
ogy, the configurations of RFID readers, and the transition probabilities that capture how likely objects move from one RFID reader to another. Utilizing such information in the graph model, algorithms are designed to eliminate false positives in raw RFID data and create
correct readings for false negatives in the data. In contrast, the learning-based approach assumes considerably
less prior knowledge and employs an Indoor RFID Multi-variate Hidden Markov Model (IR-MHMM) to infer
the most probable observation sequence for an object. Such inferred sequences accordingly reduce false positives and recover false negatives. To learn the parameters for the IR-MHMM, the approach uses raw RFID data
without any labels.
The rest of this paper is organized as follows. Sections 2 and 3 describe the graph-based indoor RFID
data cleansing approach and the learning-based approach, respectively. Section 4 draw some conclusions and
discusses directions for future research on cleansing indoor RFID data.
1
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2

Graph-Based Approach for Cleansing Indoor RFID Data

In the graph-based approach, the raw RFID data is pre-processed and transformed into more meaningful tracking
records without any information loss. Each tracking record is in the format of htagID, readerID, ts , te , counti,
which means object identified by tagID is detected by reader identified by readerID for count times during
the time interval [ts , te ]. Details can be found in our previous work [3].

2.1

Indoor Graph Model

In order to handle false positive and false negatives in raw indoor RFID data, it is useful to know the information
about the constraints implied by RFID reader deployment, e.g., the indoor distance from one RFID reader to
another. It is also useful to know the transition probabilities of moving objects, i.e., the likelihood an object
moving from one RFID reader to another. To capture such information, we propose a graph model that enables
us to estimate the minimum travel time and derive the most probable moving path from one reader to another.
The basic idea is to model the readers as graph
s12,16,p12,16 R16:
vertices and assign to each vertex the corresponding
dt, sf
R : d ,s ,p
R : d ,s ,p
R :
d,s
d,s
d,s
reader’s information including the detection range,
the minimum dwell time, and the sampling rate. The
1,
R : d ,s ,
R :
R11:
minimum dwell time indicates the shortest time that
d,s p
d,s
dt, sf
an object must spend in the detection range in order
R:
d,s
to be detected by a reader. The minimum travel time
required to move from one reader (vertex) to another
R :
R:
R:
is derived from the maximum moving speed at which
d,s
d,s d ,
d,s
s
,p
,p
the object is moving and the indoor distance between
,s
d
R :
R : d ,s
R : d ,s ,
the two readers. The maximum speed and the indoor dR, :s d p, s ,
d,s
p
d,s p
d,s
distance are captured as weights for each corresponding edge in the graph. Moreover, each edge has anothR :
R : d ,s , R :
R:
d,s
p
d,s
d,s
d,s
er weight that is the transition probability for objects
to move from one reader to the other. The transition
Figure 2: Example graph model
probabilities are obtained from historical data generated by the same set of deployed readers, more details in [2]. As a matter of fact, the process of handling false
positives and false negatives can be extended to the cases where the known correct vertex is not the first one. In
such cases cleansing work both in forward and/or backward direction. Formally, the undirected graph model is
defined as G = (V, E, LV , LE ), where
1. V is a set of vertices. Each vertex vi ∈ V represents a deployed reader ri .
2. E = {(ri , rj ) | ri , rj ∈ V ∧ ri 6= rj } is the set of edges, where (ri , rj ) ∈ E if one can move from ri to
rj without being detected by a third reader.
3. LV : V → R × R assigns to a vertex vi the minimum dwell time and sampling frequency of the corresponding reader ri . Specifically, LV (ri ) = (dt , sf ).
4. LE : E → R × R × R assigns to an edge (ri , rj ) the minimum indoor walking distance between two
readers ri and rj , the maximum speed at which an object can move between them, and the probability
with which an object can move between them. Specifically, LE (ri , rj ) = (di,j , si,j , pi,j ).
For the sake of flexibility, we do not use the travel time directly as the graph weights. Our weights of speed
and distance support scenarios where the maximum speed varies and thus the travel time also varies between a
given pair of readers. An example of such variations is conveyor belts with deployed RFID readers. Also, our
design of individual graph vertex weights supports the case where different RFID readers are of different types
or set to different configurations in the same deployment. The graph model corresponding to the setting given
in Figure 1 is shown in Figure 2.
,
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2.2

False Positive Cleansing
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In this section, we briefly describe how to reduce false positives in the raw data. The details of the process and
the algorithms can be found in our previous work [3]. From the perspective of tracking records, false positives
occur if two tracking records temporally overlap or are too close to each other. For such cases, we need to check
if the two involved readers are close enough in the deployment. If they are not close enough for the object to
move from one to the other during the time gap, or for it to be seen simultaneously by the two readers, the two
tracking records are dirty as they tell wrong information with respect to the reality.
We use the information captured by the graph model (G) to conduct the false positive cleansing. To identify
and reduce the possible false positives involving two RFID readers Rs and Rd , we first compute the minimum
traveling time (min tt(Rs , Rd )) that a moving object needs to reach from Rs to Rd . Specifically, we apply the
Dijkstra’s algorithm to graph G, expanding the search from Rs until Rt is reached. In the process, we also take
into account the minimum dwell time of a device Ri , which is captured by the corresponding vertex vi ’s weight
G.LV (vi ), in prioritizing the visiting order of unvisited vertices (readers). Due to the page limit, we omit the
details of min tt(Rs , Rd ) computation.
We illustrate false positive cases in Figure 3. Figure 3(a) shows a clean case where the idle time between
two consecutive tracking records tr0 and tr is sufficiently long, i.e., longer than the minimum traveling time
between readers R6 and R7 . We need to do nothing for such a case in the false positive cleansing. The case
shown in Figure 3(b) illustrates that we need to truncate tr.[ts , te ], adjusting tr’s part shown in black, because
the idle time between tr0 and tr is shorter than the minimum traveling time between devices R6 and R7 . The
case shown in Figure 3(c) takes place as a subcase of the previous case. Here, tr is deleted after the cleansing
because its remaining dwell time is fully covered by the minimum travel time between devices R6 and R7 .
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Figure 3: Example of false positive cleansing cases

2.3

False Negative Recovery

False negatives occurs when a reader fails to generate data about the presence of object in its detection range.
Our false negative recovery process works on the tracking records, by utilizing the information captured by the
proposed graph model G. Without loss of generality, we consider a table that contains all the tracking records
for one object only. For simplicity, we assume that the first reader always reads an object, and thus we always
have the correct first tracking record of the object.
In order to detect false negatives in the data, we sequentially check each tracking record trs with its succeeding record trd . If trs ’s reader Rs and trd ’s reader Rd are not neighbors according to the graph G, there is
a false negative(s) as the object must have passed other reader(s) after reader Rs and before reader Rd . After
such a false negative(s) is detected, we find all possible paths from Rs to Rd in the graph G, excluding those
that are not allowed by the constraints captured in the graph. Among all those possible paths, we obtain the
most probable path that has the highest product of transition probabilities on the edges. The readers on that path,
except Rs and trd , are those readers that have yielded false negatives. For each of those readers, we generate its
missing tracking record(s) based on its minimum dwell time and sampling rate. The details of the false negative
detection and false negative recovery algorithms can be found in our previous work [2].
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We illustrate false negative cases in Figure 4. The case shown in FigRmiss
Rs
Rd
Rn
ure 4(a) is a simple case where the information of both readers, a source
(a) False negative case 1
reader (Rs ) and destination reader (Rd ) is present and there is only one reader (Rmiss ) which fails to detect a moving object. We use the information of
Rmiss
Rmiss
Rs
Rd
Rs and Rd captured by the graph G to fill in the missing information of
(b) False negative case 2
reader Rmiss . The case shown in Figure 4(b) illustrates the case when more
Rmiss
than one reader in between Rs and Rd fail to detect a moving object. We
R1
R2
Rs
start from Rs and find the most likely path a moving object may have taken
(c) False negative case 3
to reach destination reader Rd and fill in the missing information by using
Figure 4: False negative cases
the information captured by the graph G. The case shown in Figure 4(c)
illustrates a case where a moving object is tracked by all the readers from first reader R1 till Rn−1 . Rn−1 is
represented by Rs in Figure 4(c). The last reader(s) Rmiss somehow fails to detect the object. Without any
further evidence of object movement, it is hard to determine the final destination of a moving object. Therefore,
filling any new data by a work-around solution may give rise to false positives.

3

Learning-Based Approach

In this approach, we model the uncertainties in indoor RFID data by a hidden Markov model (HMM) [6] and
design methods to learn the model parameters from raw RFID data without requiring detailed prior knowledge
about the indoor setting.

3.1

Data Transformation

We transform raw RFID data into binary multivariate time series that can be processed by an HMM. The transformed data represents the states of deployed readers, and each binary value represents whether a moving object
is detected by the set of deployed readers or not. For an object’s raw data like that shown in Table 1, we define
(1 )
(2 )
(T )
a binary multivariate (BS ) time series as T S i = hBSi , BSi , . . . , BSi i. Specifically, T S i is a sequence
t
of T binary vectors, and each BSi (1 ≤ t ≤ T ) represents the status of readers detecting the moving object tagi
during some time interval t. Each vector is of the size equal to the number of deployed readers, and each data
point (bit) takes a binary value based on whether the corresponding reader detects the object or not during time
interval t. If a moving object is detected by one or more readers during time interval t, the corresponding bits
are all set to 1; otherwise, all the bits are set to 0. Further details can be found in our previous work [1].

3.2

Model Design

Each moving object moves differently and may take different paths. We model the movement of an individual
object as a series of state transitions outputted by an HMM that operates on a set of states. The application
of tracking the object movement in an indoor space can be characterized by two sets of random variables:
visible variables are the observations in the RFID data, and the invisible variables (hidden) represent the true
unobserved locations of tracked objects. The two random variables are outcomes of two stochastic processes
which can be well modeled by Indoor RFID Multi-variate HMM (IR-MHMM).
Formally, An IR-MHMM is a Multi-variate Hidden Markov Model λ = (S, V, A, B, π), where:
1. S = {s1 , . . . , sN } is a set of (hidden) states.
2. V = (V1 , . . . , VM ) is the multi-variate observation space, with Vm = {0, 1} for m = 1, . . . , M , where M
is the number of readers.
3. A is a transition probability distribution of states in S, A = (aij )i,j=1,...,N .
4. B is a probability distribution of observations, given the states in S. B = (bik )i=1,...,N ;k=1,...,M .
5. π = (πi )i=1,...,N is the initial state probability distribution.
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For t = 0, 1, 2, . . . we denote by S (t) a random variable with
St
St-1
S2
S1
values in the state space S, and by V (t) a multi-variate random
variable with values in the observation space V . The IR-MHMM
t
t
2
1
t-1
1
2
V
Vt-1 V
defines a joint probability distribution of these variables accord- V1 V12 VM V1 V22 VM V1 Vt-12 M 1 V2t M
ing to the graphical model shown in Figure 5, and the conditional
Figure 5: IR-MHMM for RFID raw data
probability distributions P (S (1) = si ) = πi (i = 1, . . . , N ),
(t)
P (S (t+1) = sj |S (t) = si ) = ai,j (i, j = 1, . . . N ; t = 0, 1, 2, . . .), P (Vk = 1|S (t) = si ) = bik
(k = 1, . . . , M ; i = 1, . . . , N ; t = 0, 1, 2, . . .). Note that apart from the standard Markov assumption, the
model assumes that the components of the observation vector are independent given the current hidden state.
Concretely, at a given point in time, whether a reader produces a false negative or false positive reading only
depends on the current hidden state of the tracked object but not on the output of any other readers.
The topology of an HMM model is chosen in advance (prior), and then the fixed parameters are learned
from a set of sample data. However, choosing the best HMM topology is not trivial. To determine the number
of states in the indoor RFID reader deployment case with an effort to keep it minimum, the easiest way would
be to use the same number of states as there are deployed readers. However, the results attained with this
state space are mediocre, since not the whole indoor space is covered by readers and readers are deployed at a
certain distance from each other, which leaves uncovered space between readers. To overcome this problem, we
propose three different state space designs for IR-MHMMs. In all cases a design goal is to keep the number of
states reasonably small due to the quadratic dependency on the size of S of HMM algorithms like Expectation
Maximization (EM) [5] and the Viterbi [7] algorithm. The state space designs for the running example in
Figure 1 are illustrated in Figure 6.
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Figure 6: State space models
Minimum State Model (MSM). In this state model illustrated in Figure 6(a), we design a state for each
reader Ri and a state for each indoor partition connected with more than one reader. For example, reader R4 in
Figure 1 is represented as state s4 in the state model shown in Figure 6(a). Furthermore, hallway 3 in Figure 1
is connected with four readers R3 , R6 , R7 , and R8 , and thus it is represented by a state s19 in Figure 6(a). With
this formulation, we have a state space of size 25, i.e., 25 states, which is relatively smaller than the other two
models to be detailed. In this model, aij = 0 if si and sj correspond to locations that are not directly connected.
The MSM model is computationally faster but has problems for finding a specific location between two
readers. It may also have problems in predicting the next state correctly, if the data used to learn the model
parameters are generated by the objects moving in a random manner. The model is suitable for the application
scenarios where the object movement is constrained and/or directional like check-in bags moving in an airport
baggage handling system.
Last State Model (LSM). In this model illustrated in Figure 6(b), we design two states si and lsi for each
reader Ri . The intension of state si is that the object is within reader Ri ’s detection range, whereas state lsi
represents that Ri was the last reader in whose range the object has been. For example, state LS1 in Figure 6(b)
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represents the part of indoor space one immediately enters after passing reader R1 . It is hallway-1 in the floor
plan shown in Figure 1.
In this model, the non-zero transition probabilities are from states si to the corresponding lsi , and from states
lsi to states sj when there is a direct path from reader Ri to Rj . We have the state space size as twice the number
of deployed readers R, i.e., 2R = 2 × 17 = 34 for a reader deployment shown in Figure 1. With this state
model, we can easily determine the object’s previous location while being in some lsi state. The LSM model
gives us the flexibility to consider the previous state and current state to determine the next possible state, which
is not the case with MSM and more general Markov models.
In-between State Model (ISM). In the state model illustrated in Figure 6(c), we design a state si for each
deployed reader Ri as before, and a state sij for each location between two adjacent readers Ri and Rj . For
example, we have a state for each reader R1 and R2 as s1 and s2 , and a state s1,2 for the space between them
i.e., hallway-1 in Figure 1. With this state formulation, we have 50 states for indoor RFID reader deployment
of the same 17 readers shown in Figure 1. Though the computation cost for learning parameters for this model
and then performing the inference based on the learned model will be higher, the model will be useful in cases
where objects move in random manner, e.g., people’s movement inside airports, shopping malls, etc.

3.3

Learning IR-MHMM Parameters

Once the state model for an IR-MHMM is ready, the next key stage is to learn the parameters for the IRMHMM. The task is to estimate the best set of state transition probabilities and emission (output) probabilities
from a given raw output observation sequence.
Parameter constraints of the form aij = 0 or bik = 0 are in principle easy to integrate into the standard EM
method for HMM parameter learning operating on the full transition probability matrices A: one only needs to
initialize these parameters with zero values. The iterations of the EM algorithms will never turn zero values into
non-zero values, so that the constraints will also be satisfied by the final solution. In practice, in order to avoid
division by zero errors, it is, however, useful to initialize these parameters with small values > 0. We initialize
those aij that are zero according to our state space design with values of 0.01. For a fixed i, the initial values
P
of the remaining transition probabilities aij then are set uniformly, so that N
j=1 aij = 1. In our experiments
we observe that imposing only the “soft” initial constraints aij = 0.01 does not lead to final solutions where the
eventually learned aij parameter is significantly larger than 0. On the contrary, the parameters initialized with
0.01 typically become still much smaller (< 10−5 ) during the EM iterations.
In all our state space designs, we have for each reader Ri a designated state si corresponding to locations
within Ri ’s range. Ideally, then, one would have bii = 1 and bik = 0 for k 6= i. Here it would clearly be
infeasible to impose these parameter values as hard constraints, because this would preclude the possibility of
cross readings. We therefore again use an initialization with a soft version of these constraints, setting bik = 0.01
(k 6= i) and bii = 1 − 0.01(1 − M ). Due to the presence of cross readings in the data, it may easily happen that
in the final solution some bik with k 6= i become significantly larger than their initial values.
It is worth emphasizing that the parameter estimation for the IR-MHMM uses raw, uncleaned RFID data
without any labels, meaning that deployment of the solution is easy.

3.4

Data Cleansing

After an IR-MHMM λ has been constructed and its parameters have been learned, we use it to clean the raw
RFID data as follows. Given raw RFID data transformed into a multi-variate binary observation sequence
(t)
(t)
(v1 , . . . , vM ) (t = 0, . . . , T ), we first use the standard Viterbi algorithm [7] to compute the most probable
hidden state sequence ŝ(0) , . . . , ŝ(T ) given the observations. We then compute the most probable observation
(t)
(t)
(t)
(t)
sequence (v̂1 , . . . , v̂M ) (t = 0, . . . , T ) given ŝ(0) , . . . , ŝ(T ) , under the constraint that each t (v̂1 , . . . , v̂M )
contains at most one non-zero entry. Due to the HMM structure, the most probable observation sequence is
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(t)

(t)

(t)

(t)

determined pointwise for each t by maximizing P (V1 = v1 , . . . , VM = vM |S (t) = ŝ(t) ). If ŝ(t) = si , then
(t)
(t)
this probability is maximized by setting v̂k = 1 if bik > 0.5, and v̂k = 0 otherwise. Under the constraint that
(t)
(t)
v̂k can be nonzero for at most one k, this is modified to setting v̂k = 1 if bik > 0.5, and bik > bik0 for all
k 0 6= k.

4

Conclusion and Future Work

In this paper we introduce two approaches for cleansing indoor RFID data. The graph model based approach
captures in a graph detailed prior knowledge: the RFID reader deployment (both topology and distance among
readers), RFID reader properties, and the transition probabilities for objects to move from one reader to another.
Such information is utilized in detecting false positives and false negatives and cleanse them in raw indoor RFID
data. In contrast, the learning-based approach only needs to know the topology of reader deployment in the
indoor space. Instead, it learns information from raw data using a hidden Markov model designed for indoor
RFID based object tracking, and applies the model thus obtained to cleanse raw RFID data. Our experimental
studies [1] show that, when having enough indoor RFID data for learning, the learning-based approach achieves
data cleansing results comparable to or even better than those delivered by the graph-based model.
There are several directions for further research on cleansing indoor RFID tracking data.
• It is possible to further enhance the learning-based approach by using a probabilistic timing model to relate
the travel time between readers and the dwell time at each reader. Such information can be integrated into
the proposed IR-MHMM.
• It is relevant to design a hybrid, tunable approach that can work with, and adapt to, different availabilities
of prior knowledge in order to maximize the data cleansing effectiveness.
• If domain knowledge is available for a particular indoor scenario, both the graph-based approach and the
learning-based approach can be further enhanced to achieve better cleansing results.
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Abstract
In this short article we present concepts of indoor localization and navigation that are independent of
sensors embedded in the environment, and thus, standing against the tide of technology-based indoor
localization. The motivation for doing so is clear: We seek solutions that are independent of particular
environments, and thus globally applicable.

1

Introduction

Indoor localization and indoor navigation are frequent topics of SIGSPATIAL papers. The Special Interest
Group’s annual conference has even workshops specifically dedicated to this topic, and beyond this conference
there are other working groups and conferences established just on this domain. Why is indoor localization
and navigation taking so much attention and effort, and why should sensor-less methods be considered in this
context? There are several reasons for this.
First, in contrast to outdoor positioning and navigation there is no global system available (or even possible) for indoor localization, and thus no single frame of reference for navigation. Satellite radio signals rarely
penetrate buildings, thus indoor environments are GNSS deprived environments. Indoor localization methods,
however, are plenty – those based on WiFi, UWB, RFID, CCTV, wireless telecommunication networks, and
many more [13] – which all require a building to be equipped with a particular, tailored infrastructure, to which
the tracked visitor of the building has to connect.
Second, in contrast to outdoor traffic, most movements indoors occur in private spaces, with particular
access restrictions. Different groups of people have access to different parts of the environment, and thus require
highly tailored information supporting their particular navigation requirements. As access to buildings is often
regulated by times of the day, adding a dynamic component to the navigable mobility network is critical.
Third, indoor environments have particular structures that are different from outdoor structures. Most prominently, indoor environments are multi-level environments, but then they are also more regularly structured within
each level and even across levels, down to grammars [4]. Since the mode of movement is mostly walking, which
is less restricted compared to road or rail traffic, there are challenges for modelling routes, especially in large,
open indoor spaces such as halls. However, for indoor localization and navigation the qualitative aspects of
information (level, room) are often more important than a quantitative position [19].
Fourth, people spend on average above 80% of their time indoors1 , which would emphasize a case for
indoor localization and navigation. The navigation needs are more subtle, more oriented towards activities and
1
A figure varying with culture and lifestyle, but [6] found that an average US employee spends 86.9% indoors, and 18.4% in indoor
environments other than home – more than twice as outdoors.

19

events, such as finding certain items in a supermarket or locating a meeting at a particular time in a particular
room, or an escape route if fire blocks usual egress paths. This is in contrast to routes that are to a large extent
pre-computable or predictable, as we know them from outdoor vehicular routing.
Fifth, a significant portion of the research on indoor localization and navigation is motivated by safety considerations rather than by economic considerations (such as finding the least cost path). Safety considerations,
however, add to the challenge: Accidents and other disasters have an immediate and often rapidly changing
effect on accessibility in an indoor environment, and thus methods and systems are required that provide localization and navigation in a dynamically changing indoor environment, even in environments people are familiar
with.
Last, the highly structured nature of indoor environments and the familiarity with the indoor addressing
patterns (e.g., a floor-room number pattern, and the clockwise order of room numbers on a floor) offer heuristics
that can be used in indoor route directions and wayfinding. This, however, also poses challenges where commonsense assumptions have to be overridden, for example, when conditions change or the heuristics are not valid.
Examples of non-valid heuristics are counter-intuitive (room or level) numbering systems, such as a missing
13th floor in a building [17].
While all of the above reasons motivate research in indoor localization and navigation in general, this article
will concentrate on methods that are independent of sensor based technologies in the environment. The methods
discussed in this article allow only for sensors in the hands of people, and to varying degrees of connectivity to a
communication network, in short: smartphones, both for their sensors and their apps2 . These smartphone-based
localization and navigation methods, even if they may appear in the first instance more cumbersome, or less
accurate (two assumptions that still need to be investigated), are interesting for two reasons:
• Firstly, they will be applicable in any indoor environment, independent from any sensor-based infrastructure. Thus, they are a step forward towards global solutions.
• Secondly, they are, as it will turn out, more closely integrated with ways how people perceive and interact
with their environments, and thus already close to cognitive concepts of human-computer interaction.
From a computational perspective these approaches provide unique challenges, which will be discussed in the
following.

2

Preliminaries

Our understanding of indoor environments is a broad one, referring generally to roofed and usually but not
necessarily walled spaces. Prototypical examples are the inside of a house (‘between doors’), but included are
also subway stations, malls, train stations, high-rising buildings, or stadiums. Indoor environments are at least
conceptually closed spaces [15], in contrast to outdoor environments, which are typically open at least in zdirection. Thus, while the roofed platforms of a train station may count as indoor because they are conceptually
part of the train station, the space under a bridge is not considered indoor because it is conceptually not a closed
space: it is neither part of the road above the bridge nor part of the feature below the bridge.
In addition to the differences between indoor and outdoor spaces outlined in the introduction, indoor spaces
are usually narrower and less open than outdoor spaces. They may be considered to be more immediate, in the
sense that our ability to perceive the surroundings is more restricted; our view is blocked off by the walls, floors
and ceilings immediately next to us. In other words, it is typically impossible to get an overview of the larger
environment from a single viewpoint. This is reflected in the complex way even professionals (e.g., architects,
2

In principle, the approaches discussed in the following work with only local processing directly on the smartphones, and local
connectivity, e.g., NFC technology between smartphones. In practice, however, they would likely still rely on at least occasional access
to the Internet, e.g., for downloading data on a specific building.
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designers) design indoor spaces [8]. While wayfinding as an embodied experience is paramount for the users of
an indoor space, wayfinding performance is rarely approached with computer-aided, quantitative approaches as
is the case in outdoor environments.
It also seems that computational modeling of indoor spaces is more challenging than outdoor spaces. At
least there is less agreement on how to model these spaces with regard to human navigation, even if international
standards exist by now, for example, OGC’s CityGML for modeling at city level of granularity3 and IndoorGML
at indoor level of granularity4 , or the Industry Foundation Classes5 (IFC) that are used to set up building information models (BIM) with a special focus on facility management. Commonly, approaches to indoor modeling
for navigation inherit aspects of outdoor modeling, in particular, many approaches create some kind of graph of
indoor spaces in order to allowing for path planning and navigation support. Constructing such graphs brings
up several challenges that relate to the segregated and immediate nature of indoor spaces, e.g., conceptualizations of rooms in more open indoor environments, or of rooms with concave corners or other visibility issues,
representations of such rooms in the graph, and relating the location of an individual to the graph.
Tools supporting indoor navigation independent of sensor based technologies have been around for a long
time; in fact we are so used to them that we most likely do not think about them as navigation support anymore.
The tool we are talking about here is a systematic labeling of rooms, as they are commonly present in hotels and
public buildings, such as universities (with exceptions of course). In such buildings there is usually a logical
order to room labels, for example, all rooms on the first floor of a hotel starting with ‘1’, all those on the second
floor with ‘2’, and so on. Further, room numbers would appear one after the other, i.e., Room ‘100’ followed by
‘101’, followed by ‘102’, and so on. Such numbering combined with appropriate signage on which direction to
head for, for example, ‘100-116 to the left’, ‘117-135 to the right’ then allows for finding specific rooms (room
numbers) with relative ease. Thus, such combination of intuitive numbering and signage provides already a
sensor independent navigation system.
While these systems for navigating are sensor independent, they do not work well for all indoor environments, and they are also only able to encode certain static information. If people know the room number they
plan to go to, such a system is relatively easy to use. If their destination does not correspond to a proper room,
or all the information they have is something like ‘Stephan’s office’ or ‘the coffee room’, then this system will
likely fail people. The same holds for environments where allocations of functions to spaces are (highly) dynamic. For example, at airports gates in principle follow the systematic structure described above, but most
people hardly ever want to get to gate ‘A17’ or ‘B03’ specifically, but rather to the flight to ‘Melbourne’ or
‘Paris’, which might be allocated to these gates for a (specified) time period, but before or after that period other
flights will be assigned there.
Such dynamics, as well as the more semantic information often required to find a location in a building
(e.g., ‘Stephan’s office’) require more flexible, dynamic navigation support, such as potentially offered by those
smartphone apps mentioned in the introduction.
Another example of a navigation system based on ‘knowledge in the world’ is the traditional You-Are-Here
map put up at walls to help people orient themselves and navigate in emergency situations. These maps are
notorious for their difficult reading, requiring advanced mental rotation and orientation skills [9, 7, 11]. Putting
these maps on smartphones can overcome both challenges by centering and orienting the maps according to the
current location and movement direction – if the smartphone can localize itself without relying on sensors in the
environment; we will present such solutions below.
The remaining challenges of sensor-less navigation systems are then producing maps of relevant content for
navigation, in order to minimize the amount of information provided, thus maintaining low cognitive load on the
user. This means, the systems should consider the discussed highly structured characteristics of indoor spaces.
3

http://citygml.org
http://indoorgml.net/
5
http://www.ifcwiki.org
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3

Learning and sharing knowledge

Assuming a person familiar with the environment: This person would not need any navigation support, i.e.,
this would constitute sensor independent navigation. Learning a complex environment, however, is a timeconsuming process, even for robots. Obviously, if the environment is unknown to this person (and if she is not
likely to visit it more than once or twice), simply being asked to figure it out by herself might not be a particularly
helpful approach. But it would be conceivable that this person (or her smartphone) learns from others who are
more knowledgeable about the environment.
Such an approach requires some form of knowledge transfer, which in direct human-human interaction might
simply mean asking someone for directions. Between smartphones this knowledge transfer can be solved with
NFC technology. This would provide general information about the layout of the environment and/or navigation
instructions on how to reach a destination. However, it does not solve localization issues, i.e., such an approach
will not allow for a continuous updating of a user’s position. At best, such updates would only be possible when
meeting the next interaction partner.
Still, such an approach may be powerful in specific situations, especially in such undesirable ones where an
indoor environment may undergo rapid changes, i.e., in cases of disaster and the need for evacuation. Here, even
people with very good knowledge about the environment may get lost because passages may be blocked and
some areas of the environment may be rendered inaccessible. In such settings, we have shown in agent-based
simulations that employing a communication strategy as outlined above is as successful in evacuation as having
full global knowledge about the situation at least in some settings [14]. Any time two agents meet they exchange
information about blocked and unblocked pathways, and the location of the disaster; information they have
gathered in their attempts to evacuate the environment. Having this updating available allows agents avoiding to
use (shortest) paths that are actually blocked or to move in direction of the disaster.
In addition, evacuations from rapidly changing indoor environments, such as fire spreading in the building,
show improved performance if the age of the local knowledge in the smartphone is considered [22]: Older
knowledge is more likely to be outdated and should be less trusted by the routing algorithm, at the cost of
accepting longer (but safer) routes.

4

User interaction

Even when such a knowledge transfer technology is not available, or direct human-human interaction is not the
preferred option (i.e., when one just wanders around a shopping mall or an airport), there are still sensor-less
techniques available to use smartphones for self-localization and navigation in indoor environments. They are
based on smartphone map applications. Wijewardena et al. [18] use the topology of an indoor space supplemented with qualitative user input to achieve localization, and to support the navigation to other locations in
the environment. This is consistent with observations about human self-localisation, where also primarily local
information is used [10].
Topology describes the connectivity properties between entities in space – in case of indoor environments
these entities might be separate rooms and the corridors between them. In order to represent the topology of
indoor spaces, Worboys [20] defines the adjacency graph, the nodes and edges of which represent regions and
their neighborhood (i.e., rooms sharing a boundary wall), respectively. Based on the adjacency graph, Yang
and Worboys [21] develop the navigation graph as a foundational data structure for indoor navigation, in which
connectivity or accessibility relations between spatial entities, such as rooms, can be stored. In [18] a modified
version of this navigation graph is used, implemented in a graph database management system (Neo4j6 ) to
address both localization and navigation queries of a smartphone user. Nodes and edges in this extended graph
6

https://neo4j.com/
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get semantic properties, such as a unique room name for nodes, and categorized affordances for corridors (e.g.,
enabling a path between rooms).
The localization logic is simple: the user is asked to select from a list of possible property values the one that
corresponds to the location they are at – mostly, what she sees. For example, if a user is in a shopping center,
the user selects the name of the shop they were in or standing in front of. The user may refer to multiple shops
around, in order to resolve ambiguities. After the user’s input, her location is displayed on a map. If further the
user wants to navigate to a different location, she is asked to define the destination in the same manner. The
application can then compute the shortest path based on the navigation graph, and displays it.
Such a lightweight concept, if implemented in a mobile platform using a smartphone compatible graph
database (e.g., Sparksee mobile7 ) to store the navigation graph, has the following benefits when compared with
sensor based technologies: 1) There are no sensor signal transmission and processing time limitations, enabling
the derivation of a user’s location even in environments with no sensor infrastructure; 2) The application is cost
effective and easy to maintain, with a periodic need for updating the navigation graph according to changes of the
indoor layout; 3) It is energy efficient in contrast to battery depleting mobile sensors; 4) The graph DB efficiently
stores and can be queried on large volumes of connectivity data; and 5) It provides consistent localization and
navigation answers throughout the entire indoor space, independent of sensor-related measurement errors (see
for example Section 5). Its shortcomings are the lack of real-time provision of localization (i.e., the user needs
to ask for it) and the dependence on clear visibility of signs, names or numbers for the user to identify the room
they are in or in front of. In case visibility is hindered, users might need to move around in order to provide
more reliable information on their whereabouts.

5

Vision

With the widespread availability of smartphone cameras there is a great potential for indoor localization using
images. Cameras have been used already for localizing robots and moving platforms in indoor environments.
Two main approaches to image-based localization are visual odometry and simultaneous localization and mapping (SLAM). Visual odometry is essentially a local motion estimation method. It works based on extracting
salient image features and matching them across pairs of images. These feature correspondences are then used
to estimate the local motion of the camera [12]. In visual SLAM, the feature correspondences are typically used
to construct a map of the environment and estimate the pose of the camera with respect to the map [1]. The
problem with both visual odometry and SLAM is that localization is incremental, i.e. the location of the camera
is estimated relative to a previous location. Consequently, estimation errors accumulate and the estimated location drifts from the true location [5]. State of the art SLAM algorithms detect loop closures to apply a correction
to the previously estimated camera locations. However, in the context of navigation, accurate location estimates
are needed in real time, and so loop closing is not practical.
Rather than relative localization, navigation requires absolute location estimation in a reference coordinate
frame. In indoor environments such a reference coordinate frame can be provided by a 2D map or a 3D building
information model (BIM). While 2D maps have been used in map matching methods to constrain the localization
error [16, 2], the application of BIMs for indoor localization has received little attention so far. Today, BIMs
are increasingly available for many large buildings and are an indispensable source for a variety of indoor
location-based services. The integration of visual sensing and BIM provides a promising approach to indoor
localization. By matching an image of the indoor environment with a corresponding view of the BIM the
location of the camera in the coordinate frame of the BIM can be estimated. The challenge is to automatically
establish correspondence between image features and BIM elements (e.g., corner points, edges or polylines).
Having an initial approximate estimate of the pose of the camera, e.g., by using the smartphone inertial sensors
7
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[3], can assist in finding correspondences. In addition, the algorithm for correspondence establishment and
location estimation should be computationally inexpensive to allow its implementation on smartphones.
This way, visual sensing in combination with BIMs has the potential to provide location information in
indoor environments where a localization infrastructure is not available.

6

Conclusions

This article discusses why localization methods for indoor environments that are relying on sensors embedded in
the environment may prove to be a roadblock for a widespread dissemination of indoor location-based services.
In comparison, methods of localization and navigation independent of sensor-based technologies are immediately and ubiquituously applicable, at least to some degrees: decentralized knowledge sharing (Section 3)
requires only memory for the trajectories traveled in the environment, dialog-based localization (Section 4) requires already a map of the environment, and vision-based localization (Section 5) then requires a BIM of the
environment.
Methods of indoor localization and navigation working independently of the physical infrastructure are
particularly relevant in environments that
• do not provide any external sensors for localization;
• do provide external sensors (such as WiFi) but lack their fingerprinting required for localization;
• do provide external sensors, but they are either blocked or damaged (such as in emergency situations);
and require navigation support for people. While many, if not most of indoor navigation systems are designed
for a specific environment, the case made here for sensor-independent solutions is a case for global indoor
navigation support.
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[15] U.-J. Rüetschi and S. Timpf. Modelling Wayfinding in Public Transport: Network Space and Scene Space,
volume 3343 of Lecture Notes in Artificial Intelligence, pages 24–41. Springer, Berlin, 2005.
[16] Q. Tian, Z. Salcic, K. I.-K. Wang, and Y. Pan. A hybrid indoor localization and navigation system with
map matching for pedestrians using smartphones. Sensors, 15(12):29827, 2015.
[17] M. Tomko and K.-F. Richter. Defensive Wayfinding: Incongruent Information in Route Following, volume
9368, pages 426–446. Springer, Heidelberg, 2015.
[18] G. G. Wijewardena, M. Vasardani, and S. Winter. Towards indoor localization and navigation independent
of sensor based technologies. In Proceedings of the Eighth ACM SIGSPATIAL International Workshop on
Indoor Spatial Awareness, ISA ’16, pages 19–26, New York, NY, USA, 2016. ACM.
[19] S. Winter and A. Kealy. An alternative view of positioning observations from low cost sensors. Computers,
Environment and Urban Systems, 36(2):109–117, 2012.
[20] M. Worboys. Modeling Indoor Space. In Proceedings of the 3rd ACM SIGSPATIAL International Workshop
on Indoor Spatial Awareness, ISA ’11, pages 1–6, New York, NY, USA, 2011. ACM.

25

[21] L. Yang and M. Worboys. Generation of navigation graphs for indoor space. International Journal of
Geographical Information Science, 29(10):1737–1756, 2015.
[22] H. Zhao and S. Winter. A time-aware routing map for indoor evacuation. Sensors, 16(1):112, 2016.

26

Deviation Maps for Robust and Informed
Indoor Positioning Services
Henrik Blunck1 , Thor S. Prentow2 , Sylvie Temme3 , Andreas Thom3 , Jan Vahrenhold3
1
Department of Computer Science, Bochum University of Applied Sciences, Germany
2
Department of Computer Science, Aarhus University, Denmark
3
Department of Computer Science, University of Münster, Germany

Abstract
The ability to position and track people and assets has become increasingly widespread and important
in business and personal life. The prevalent means for such tasks is signal-strength-based, prominently
WiFi-based, positioning, together with GNSS positioning. The latter, however, is insufficient for the majority of indoor environments in which most of our work and personal lives takes place. Signal-strengthbased positioning, though, too, is error-prone in real-life building environments, suffering from large
biases induced by the often many and complex attenuating elements in the environment. Additionally, in
the prevalent signal-strength-based positioning methods, which rely solely on signal pattern matching,
such biases and errors are hard to assess and thus positioning quality and glitches hard to predict.
We present an approach for assessing, visualizing, and counter-acting positioning biases and impairments in signal-strength-based positioning. This approach, centered around the notion of deviation
maps, aim at improving positioning quality and predictability/reliability and, at the same time, at gaining knowledge and understanding of tracking quality. We seek to understand how the tracking quality
is influenced by both positioning installation and building environment, and how the former may be altered to better suit the latter. We discuss results from applying our approach in a real-world large-scale
work environment, a major hospital spanning 160,000 square meters, as well as lessons learned from the
underlying experimentation-driven and use-centric design process. From these lessons we also derive
directions for future work.

1

Introduction

Positioning and tracking moving targets, such as people and assets, is an increasingly useful and ubiquitous
technology, enabling emerging services for, e.g., indoor navigational aid or work logistics in large indoor environments such as hospitals or airports. It also receives increasing attention in the scientific community, since
it still comes with open problems: our personal and work lives predominantly take place in indoor environments. Here, tracking is more difficult to provide than outdoors, where GPS and other GNSS provide adequate
tracking qualities for the majority of use-scenarios. For tracking in indoor or mixed indoor/outdoor scenarios
complementing positioning technologies still compete and are yet to be improved further.

1.1

Background and Motivation on Robust and Transparent Signal-Strength-based Positioning

The predominant methods for indoor positioning are signal-strength-based. In the geometry-based notion, these
utilize the received strength (RSSI) of signals (from, e.g., WiFi access points or Bluetooth beacons) to estimate
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the distance to the respective signal emitters, using signal propagation models. If distances to sufficiently many
emitters are estimated, the receiver’s position can be approximated., e.g., via lateration. Besides such geometry-,
or model-based methods, empirical fingerprinting methods [1, 3] exist: These rely on a training database of
locations fingerprints, i.e., empirical location-stamped signal measurements. A positioning request is then served
by matching the input RSSI measurements with the most similar fingerprint(s) in the database.
Impairment Sources Indoor environments are challenging also for signal-strength-based positioning as these
are characterized by the many and complex building elements attenuating the signals in different intensities.
This not only hinders GNSS reception, but also impairs estimating distances from RSSI measurements. As attenuations are locally persisting phenomena, the resulting inaccuracies are locally persisting positioning biases
rather than spatially uncorrelated random noise. Geometry-based positioning approaches suffer from these biases and spatial variations in signal strength; at the same time, these local biases may improve the accuracy of
empirical location fingerprinting, as they allow for better distinguishing fingerprints at different locations.
State of the Art Judging from the scientific records on WiFi positioning, the subject may seem well researched
and providing sufficiently accurate and reliable positioning in indoor and mixed indoor/outdoor use-scenarios,
see, e.g., Kjærgaard [3] or Lymberopoulos [5] for surveys. The vast majority of approaches found in the literature are variants of empirical location fingerprinting; these methods are usually evaluated to provide higher
positioning accuracy in experiments [1]. A recent investigation into experiences from stakeholders in positioning use-scenarios though revealed a variety of common issues [4], yet underrepresented in the literature. Many
of these issues come inherently with (standard) location fingerprinting: (i) the costly (and often: also intrusive)
collection of location fingerprints, which are required to cover (in fine granularity) the whole area in which the
positioning service should operate, (ii) the need to collect such fingerprints anew in case of changes in the WiFi
or building infrastructure, (iii) significant positioning breakdowns and outliers, especially in case of sparse or
outdated fingerprint collections, (iv) great difficulties in predicting and assessing (the extent of) such flaws, and
how to fix them. Additionally, as fingerprinting is essentially a pattern matching against all known fingerprints
for each individual positioning request, it is as such often ill-suited to reflect the motion characteristics of tracked
targets, e.g., the spatio-temporal coherence of the targets’ trajectory [6].
Simple and Robust Signal-Strength-based Positioning Frustrated by these shortcoming, stakeholders in
our experience often decide to resort to less accurate means of positioning, i.e., prominently purely geometrybased and very simple positioning algorithms such as weighted centroid (WC) positioning: In WC, a position
estimate at a location q is computed as the weighted centroid of the observed beacons (for WiFi: access points),
where weights are determined by the signal strength with which the respective beacons are received at q. Such
simpler means of positioning are often evaluated as less accurate, but are promising to be more robust and
transparent, i.e., easier to assess in regards to expected quality and potential flaws. Additionally, in comparison
with fingerprinting, for tracking moving targets, the resulting estimated trajectories tend to often contain fewer
unrealistic position jumps and to overall better correlate with the actual movement [6]. This can be attributed
mostly to that gradual changes of actual position can be expected to result in gradual changes in RSSI, which
then implies gradual changes of position as estimated by geometry-based algorithms such as WC. The latter is
essential in most typical WiFi positioning use-scenarios, some examples of which we will illustrate later on.

1.2

Introducing Deviation Maps

As motivated above, a desirable positioning concept based on signal-strength measurements would ideally combine the accuracy of location fingerprinting with the tracking robustness, the predictability, and the ease of
deployment and maintenance of geometry-based positioning. As a proposal for such a combining positioning
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solution, we introduce, first informally, the concept of deviation maps, as illustrated in Figure 1: Shown are
several positioning traces (black) traversing (part of) the hospital we utilized as our main test bed. For the trace
marked blue, the positioning biases observed are shown as a light red area. With this knowledge, one can extract
deviation vectors (red), which map the position estimates to the true locations along the route actually walked
within the true route network (green). Obtaining these vectors is done similar to empirical location fingerprinting (EFP) [1], where signal-strength patterns are recorded at various locations. In contrast to EFP, these patterns
are then distilled into deviation vectors, which comprise the deviation map, to capture the bias of said estimate
with respect to the location of its recording and the (preferably: geometry-based) positioning method used.
Deviation maps thus indeed combine geometry-based positioning
with fingerprinting elements: they can be used to de-bias a given, preferably geometry-based, position estimate by way of applying a carefully
selected deviation vector, e.g., the one anchored closest to the yet biased
position estimate, or a combination of such vectors. Deviation maps also
improve over fingerprinting approaches in that their behavior is easier
to assess and more predictable. Also, the resulting positioning is better
protected against sparse areas and flaws in the fingerprint collection—
as deviation maps allow for easy and smooth fall-back to the original
positioning in areas and situations, where no (sufficiently trustworthy)
de-biasing data in the form of deviation vectors is available.
Additionally, the visualization of a deviation map can simplify the
assessment of biases and expected positioning behavior in given areas.
It can be used as visual analytics tool for positioning system designers Figure 1: Conceptual illustration [9].
and deployment engineers, aiding them in assessing the performance of positioning system installations and
improving them, e.g., by moving or adding beacons in bias-impaired areas.

2

Constructing and Applying Deviation Maps

We proceed to detail the concept of deviation maps. We then evaluate it1 against natural alternatives, i.e.
geometry- and fingerprinting-based positioning methods. and discuss (the extent of) its benefits and shortcomings, as well as its impact in real-world positioning applications and derive tasks for future work.
More formally, we define a deviation map to be a space partition, each cell of which holds information about
the positioning biases as observed in the cell with respect to a given positioning method. For ease of exposition,
we will assume that the later is chosen as weighted centroid positioning, but the deviation map concept is not
limited to this choice. Furthermore, for practicality and ease of presentation, we assume the space partition to be
a of the form of a regular two-dimensional grid, intended to cover (one floor of) the area the positioning system
is intended to cover. The cell’s information about positioning biases is stored in the form of deviation vectors,
which capture the positioning errors, i.e., the offsets between ground-truth positions and the respective positions
estimated from signal-strength measurements at that location.

2.1

Constructing a Deviation Map

The procedure for obtaining the deviation map is illustrated in Figure 2, together with a visualization of (part of)
a deviation map for an example environment, a large hospital complex. The input to the construction algorithm
consists of training sets of time-stamped location estimates e, computed from WiFi measurements by a given
positioning algorithm. To aid intuition, we assume that each of these training sets forms an estimate trajectory
1

A more complete and technical account of this first evaluation of the deviation map concept and some variants is given in [2].
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Constructing the deviation map
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Figure 2: Constructing deviation maps: procedure (left) and visualization of output for position traces gathered
on test site (right). For each WiFi-measurement, a position estimate e is computed and matched to the groundtruth point ge closest in time. The deviation vector ve is then stored in the cell ce covering e’s location.
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WiFi weighted centroid positioning traces (right), before (top) and after (bottom) applying deviation maps.
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T and is given along with time-stamped ground-truth locations ge forming a corresponding ground-truth trajectory Tg . For each single location estimate e, first the corresponding time-stamped position ge closest in time to e
on the ground-truth trajectory Tg is determined. Then the deviation vector ve corresponding to e is constructed
as the vector anchored at e and pointing to ge . We populate the cells of the deviation map by storing each
deviation vector ve in the cell ce that (the estimated location of) e belongs to. Note that a grid cell ce may hold
several deviation vectors ve0 corresponding to different estimates e0 .
The example deviation map given in Figure 2 (right) illustrates the use for explorative visual analytics: large
deviation vector indicate areas that suffer from large positioning biases; these areas should be explored further.

2.2

De-Biasing Positioning Estimates Using A Deviation Map

We now describe, using the illustration in Figure 3, how a position estimate, obtained by the weighted centroid
or any positioning algorithm, can be de-biased by incorporating the empirical bias information encoded in a
deviation map. Just like the location estimates used for building a deviation map, each location estimate q to be
de-biased is computed by the given positioning method from a (potentially aggregated) WiFi measurement. We
start by collecting the (possibly empty) set Dq of deviation vectors deemed relevant for de-biasing q. For this, we
first determine the deviation map’s cell cq containing q. In the recruiting process variant, that was found superior
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Method
Empirical Fingerprinting
Weighted Centroid (WC)
WC + Deviation Maps

EU
1/6 for training
Mean Median
18.45
9.49
17.70
10.05
13.73
6.63

1/3 for training
Mean Median
6.50
3.48
17.84
10.01
12.32
5.56

ED
1/6 for training
Mean Median
2.37
0.56
5.30
2.81
3.63
1.76

1/3 for training
Mean Median
1.03
0.49
5.36
2.80
3.02
1.46

Table 1: Empirical evaluation of tracking accuracy in a large hospital complex for location fingerprinting and
geometry-based positioning, without and with de-biasing through deviation maps. Given are mean and median
errors (in meters), w.r.t. to two metrics, and with 1/6, resp. 1/3, of the traces reserved as training data.
in our evaluations [2], Dq consists of all vectors stored in cq or in its adjacent cells. The de-biasing is then
executed by "moving" the estimate q, applying to it the weighted average of all deviation vectors in Dq , where
the weight wi of each recruited vector vi is chosen inversely proportional to the spatial distance di between vi ’s
anchor and the estimate q. If Dq is empty or deemed not trustworthy enough for de-biasing, one can decide to
fall-back to not to de-bias and report the original result. Further options how to handle such situations discussed
on a higher level in Section 4; some variants have been detailed and evaluated in our previous work [2].
Figure 3 (right) illustrates the effect of de-biasing for a set of real-world trajectories of pedestrians moving
through a hospital complex: after de-biasing, most of the trajectories adhere to the route network, realistically
crossing the junction instead of crossing through walls and outdoor areas.

3

Evaluation Results on Deviation Maps In Positioning Use-Scenarios

As part of assessing the usefulness of deviation maps in realistic use-scenarios, we evaluated tracking accuracy
at a large hospital with a ground-floor area of 160, 000 m2 . The data used consisted of twelve hours of position
traces gathered on in total six smartphones, see [6] for details on evaluation methodology and use-scenarios. We
evaluated several positioning methods comparatively, namely (several variants of) the deviation maps concept
and empirical fingerprinting and stand-alone weighted centroid positioning. Table 1 shows resulting mean and
median positioning accuracies for various settings: for when training with 1/6, resp. with 1/3, of the collected
positioning traces (and testing with the remaining traces).2 Furthermore, the accuracies are given for two distance metrics, namely EU and ED : The metric EU calculates the positioning error as the distance of a given
position estimate to the point along the ground-truth trajectory with the same timestamp as the estimate (or, if
non-existent, the one closest in time). The less realistic but nonetheless popular metric ED instead reports as
positioning error the distance to the spatially closest ground-truth point of the given ground-truth trajectory.3
The evaluation results, in particular those with respect to the EU metric, provide evidence that de-biasing
using deviation maps on top of geometry-based positioning improves (the accuracy of) the latter drastically.
This claim generalizes also to geometry-based algorithms as we obtained similar results as for WC also for the
investigated alternatives of Bayesian- and model-based positioning—see [6] for details regarding these methods.
Secondly, the evaluation also shows evidence of the anticipated graceful degradation in case of missing
or spares deviation vectors, i.e., missing local ground-truth in the form of de-biasing information: Although
deviation maps-enhanced WC-positioning is outperformed by empirical location fingerprinting if larger amounts
of training data are available, the reverse is true if less training data is available (and thus covers less parts of
the environment traversed by the remaining traces). Here, deviation maps perform as well or even better than
empirical fingerprinting, as measured by the EU metric, suggesting that deviation maps indeed require less
(coverage by) training data to perform robustly.
2

Training traces are those gathered on one or two of the six mobile devices used. Numbers in Table 1 have been obtained by
cross-validation over the choice of training devices.
3
See Mathisen et al. [6] for a more detailed discussion of these metrics.
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4

Discussion and Future Research Directions

In the following, we present lessons learned from the evaluation summarized above as well as from additional
exploratory investigations concerning in particular design decisions regarding (variants of) the deviation map
concept. We furthermore describe items we consider relevant for future investigations emphasizing on the
potential benefits of deviation maps for positioning applications.

4.1

Positioning Accuracy, Graceful Degradation, and Larger-Scale Investigations

Varying Evaluation Setups In terms of positioning accuracy deviation maps not only improve geometrybased positioning, they may also outperform fingerprinting, especially if the fingerprint collection is sparse or
flawed. This holds even in the face of the (arguably: less informative [6]) ED metric, for which fingerprinting
shows comparatively better results. Simple empirical fingerprinting reports collected fingerprints, i.e., locations
traversed in a collected training trace4 . A main reason for high accuracies of the ED metric lies in the experimental setup: due to the limited main route network, many locations along a given test route are likely to have
been traversed in training already. Thus, fingerprinting may map to such positions. This results in a very low
ED error, but in an EU error often several tens or hundreds of meters large. We thus expect lower fingerprinting
accuracies for even more realistic, i.e., larger, and more diverse, data sets, spanning more of the building complex. Hence, a more thorough investigation of even larger scale is called for, specifically to compare deviation
map-enhanced positioning versus fingerprinting for different extents and densities of ground-truth collections.
Another extension is to evaluate also for other modes of ground-truth collection. In particular, fingerprint
collection is done traditionally not while moving, but stationary, for periods of a few seconds, at numerous locations (usually arranged in a regular grid covering the deployment area). Potentially, this provides a more precise
ground-truth; we believe, though, that this improvement is outweighed for typical positioning applications—
especially those for which deviation maps suffice in terms of achieved tracking accuracy—by the ease (and
potentially more use-case-realistic patterns) of collecting while moving naturally through the environment.
How to Collect and When to Ignore Deviation Vectors An investigation on an even larger scale than the
one reported upon [2] may also be useful to ascertain and concretize best practices for (i) how to collect and
aggregate deviation vectors in order to de-bias a concrete positioning estimate, and (ii) when to fall-back to
geometry-based positioning and not use overly sparse, missing, or not trustworthy de-biasing information. The
option to fall-back to geometry-based positioning and to prescribe how to combine geometry-based positioning
with the empirical ground-truth information is probably the largest conceptual advantage of the deviation maps
concept over classical fingerprinting. Thus, while the evaluation summarized here suggests concrete answers for
how to do this best [2], the last word on this is likely to be deployment-dependent. Hence, these questions should
be re-addressed in further deployments and with a more thorough analysis of the influences of parameters such
as density of the WiFi network and building layout and structure.
There are several options for preprocessing the estimate trajectory points prior to computing deviation vectors. If it is known that the measurements were obtained by walking at constant speed, we would resample
both the estimate and the ground-truth trajectories at fixed time intervals. However, our concept also allows to
choose the set of trajectories for building the map, including the one focused on in our previous paper [2]: to
use all trajectories individually. Alternatively, it is possible to use a single, representative trajectory for several
walks along the same path. The advantage of the former approach is to have more data points and, hence, more
deviation vectors to work with; this is advisable if the environment is expected to be noisy and thus to lead
to outliers in future measurements. Using instead single representative trajectories may be advisable in larger
4
This holds for the most basic form of fingerprinting: reporting the nearest neighbor in signal space. Within typical environments
such as hospital test bed used in our evaluation, the claim often holds also for, e.g., k-NN variants [1], since much of the collected data
resembles straight walks along corridors.
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Figure 4: Visual analytics examples for applications based on WiFi positioning [7, 8].
(open) spaces with rather unpredictable motion patterns, e.g., conventions or exhibition halls, where it cannot be
assumed that future estimate trajectories along the same ground-truth trajectory are close to each other.

4.2

Evaluating Tracking Quality Beyond Positioning Accuracy

Application-centric Investigations For certain positioning applications, not only the positioning accuracy
traditionally assessed, but also the faithfulness of capturing the movement across a whole trip, in terms of directional changes, speed, and the avoiding of drastic outliers, is crucial [6, 7, 8]. This is similar to outdoor
use-scenarios such as car navigation, where the application’s goal of depicting the car’s current position and
extrapolating when to given which navigational instruction. Additionally, the higher density of paths and crossings likely to be taken gives rise to a larger set of possible routes in large building complexes and thus imposes
additional demands with respect to the positioning quality [7].
Figure 4 shows visual impressions of (facets of) indoor positioning scenarios identified by stakeholders
(including position service providers and customers) as both common and crucial to operations. Figure 4 (left)
shows aggregated movements between fine-grained semantic locations (top) and between departments (bottom).
Figure 4 (middle) is an exemplary analysis of three common routes (in different colors) taken between two
points. All data visualized is extracted from relatively noisy WiFi positioning. The positioning service and the
illustrated analyses are used for logistical optimizations—in the cases above: of hospital facility management
and work practices—but also for real-time responses, e.g., when determining whether tracked employees are
following their assigned tasks or deviate from them (handling, e.g., an emergency yet undetected), at which time
they arrive at the assigned location, and which tracking vehicle or equipment they are (co-)traveling with.
Interoperability with Smoothing Filters Earlier investigations have shown that in applications as sketched
above often geometry-based positioning outperforms fingerprinting solutions. The investigations also suggest
that this is due to the sometimes erratic fingerprinting positioning for moving targets—and due to that fingerprinting does not inherently promise spatio-temporal coherence, as each incoming WiFi measurement (set)
is matched against collected fingerprints, but without reference to their locations or the most recent position
estimates provided. This downside is often combated by smoothing techniques, such as particle filters—as evaluated on the given data set [6]—which can enforce positioning to adhere to the walkable paths given by, e.g., a
building plan. As traditional fingerprinting most often already produces (potentially inaccurate but) walkablepath-adhering position estimates, it hinders the particle filter from eliminating or correcting erroneous estimates.
For deviation maps a similar investigation into the compatibility with and additional benefit of smoothing techniques seems worthwhile. This holds in particular as deviation maps, like fingerprinting, extrapolate from (only
partially matching) historical data and thus, over the course of tracking a moving target, may introduce artifacts
which were not captured in the underlying (geometry-based) position trace the deviation map was applied to.

4.3

Integrating Deviation Maps with Further Visual Analytics Tools

Stakeholders of positioning systems, including providers as well as their customers, convey that assessment
and transparency of positioning quality and peculiarities is of great value. While this goal is inherently hard
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to achieve with fingerprinting, interactively visualized deviation maps can aid assessment, e.g., in quantifying
biases, identifying problem-free versus heavily biased areas, and giving raise to improvement of the underlying
positioning infrastructure. We plan to integrate interactively visualized deviation maps with visual analytics
tools, as given in Figure 4, but also with interactive visualizations of signal strength propagation based on
building models used also in model-based positioning. This will allow to visually observe the effects of moving
around or adding further WiFi access points or other beacons. We believe that the integration of interactively
visualized deviation maps and other visual analytics tools will facilitate sanity checking as well as improving
positioning deployments.

4.4

Improving on Ease of Deployment and Maintenance

Future investigations of deviation maps in practical use-scenarios should also include an evaluation of efforts
for deploying and maintaining positioning solutions—since as compared to plain geometry-based positioning,
some effort is required also for deviation maps, foremost for ground-truth collection and integration. Our findings reported here suggest that compared with fingerprinting, deviation maps require less rigorous ground-truth
collection to achieve comparable accuracy, and that outdated and erroneous ground-truth is less harmful to deviation maps. Furthermore, focused fixing and re-collection of ground-truth data is supported by using deviation
maps also as a visual analytics tool; the effort in training staff to do so, though, is also yet to be assessed.
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Abstract
GPS has become the reference for outdoor positioning, implementing a direct connection between the
GPS satellite and a receiver device. Indoor positioning raises new challenges, locating a target
device requires the wireless sensors networks and other technologies. Sensor networks deployed in
buildings are commonly used for many applications based on location: surveillance, detection,
navigation, etc. These indoor locating sensors generate lot of data related to tracking information.
Exploiting this information for investigation issues for example remains a relevant purpose. The
context of this paper is related to indoor locations systems based on wireless cell, ICCARD sensors
and video surveillance cameras. In this context, as no global reference system similar to GPS is
available, the location information issued from various systems, platforms, devices, etc. have neither
standards nor common formats, and remain heterogeneous. This heterogeneity is mainly due to the
different types of positions (geometric, symbolic, etc.) expressed w.r.t. various reference systems. In
order to manage them in a given framework, it is necessary to homogenize the relevant (Meta) data to
process the global knowledge they can give. This paper presents a contribution to extend our
framework [1] to information generated by location sensor networks deployed in an indoor
environment. The use case is illustrated in a forensic application [2].

1

Introduction

Providing users, via spatio-temporal queries, with geo-located data based on sensor networks captures aims at
locating, identifying, extracting metadata, from connected devices or objects in a given area, at a distance from
other objects or sensors, at crossing paths, etc. Such applications are based on object positioning that can be
expressed according to two ways, depending on different reference systems: geometric (coordinates relative to
a reference system as geodesic datum, map of a building, etc.) and symbolic (more semantic description
related to points of interest, address, transport networks, parts of a building, etc.). Coping with these positions,
processing predicates related to a common reference highlight how the gap between the two ways of
expressing positions is accurate, a geometric position being expressed by a point while a symbolic one is
usually represented by geometry (a room, a building or an RFID cell).
In outdoor environments, applications use in most cases location models based on GPS sensors that are widely
embedded (cars, smartphones, etc.). The indoor environments are becoming more complex and there is no
single reference system to which any measure can refer to: company buildings, subways infrastructure,
airports, etc., generate a significant need to manage indoor location in terms of applications.
Facing the lack of satisfactory and generic answer, various applications have been developed in our team
about outdoor location problems, in particular in forensic-oriented projects [2], [3]. These applications led us
to the need for extending it to indoor environments with sensors such as Wi-Fi hotspots, ICCARD readers and
video surveillance cameras. The main problem in the indoor environment is the heterogeneity of location
information given by the various sensors. This heterogeneity concerns the following cases:
• Positions are either geometric or symbolic: while the location based on the wireless gives geometric
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positions relative to the 2-dimensional coordinate system, the location based on the cells in the case of
the cellular network gives symbolic positions, that is also the case with technologies such as infrared
(IR) and RFID (Radio Frequency Identification),
• Positions are expressed according to different coordinate systems.
Our work focuses on these two points and consists in checking that the generic modeling we propose can be
extended and that our trajectory query framework can integrate indoor environment.
This paper is organized as follows: after a review of related work on indoor location models, trajectories and
types of spatial queries in section 2, section 3 presents the requirements for a heterogeneous trajectory base
query framework and section 4 states the definition of a model of hybrid trajectory based query. The different
algorithms are developed in section 5. Section 6 concludes and discusses future researches.

2

State of the art

2.1 Indoor location models
Indoor location aims at defining a user’s/object position in an indoor environment. An indoor environment is
generally made of a three-dimensional space (2D + floor for example): building in which people live, work,
transit, and usually spend their time (houses, shopping centers, companies, stations, etc.) [4]. To represent this
space, spatial models based on the definition of a topology model that translates space have been proposed,
defining the location of objects and trajectories. This representation is called location model. [5] defines a
location model as an expressive, flexible and efficient representation of location information.
The indoor space is partitioned either using geometrical methods that generate a space division in uniform or
non-uniform cells [6], [7] or using symbolic elements, most of the time related to the topological elements of
the building (rooms, hallways, doors, floors, entrances, etc.). In our case, to be consistent with the use cases
our applications state, we only consider approaches relying on building structure elements for space
partitioning, since human trajectories are mainly guided by these structures. Based on this space partitioning,
geometric and symbolic location models are defined.
2.1.1 Geometric location models
Within geometric location models, the space (or partitions of the space) is seen as an Euclidean space so
entities locations as a 2D (X, Y) or 3D (X, Y, Z) set of coordinates with regards to global or local reference
systems [8]. The main advantages of these kinds of models are the location high accuracy (ignoring the sensor
measurements errors) and the straight forward computation of distances. Their main drawbacks are related to
the non-representation of topological relation (e.g., connections between different rooms) and the fact that this
representation is non-intuitive for users.
2.1.2 Symbolic location models
In symbolic location models, positions are identified by names or abstract symbols (e.g. "Room C1", "Scale
S9") [9]. Many research works addressed the problems of lack of topological relations and of semantics of the
geometrical location representations. These drawbacks are addressed by symbolic location modeling based on
much more semantic descriptions about moving objects based on structural entities and/or points of interest
(e.g., room/floor identifier, building name, etc.). The drawbacks of this type of models are that: (i) the accuracy
depends on the level of abstraction of the space model, (ii) the model is less suitable for distance computation,
(iii) the choice of named locations depends on the application (lack of interoperability), (iv) the modeling effort
is sometimes valuable (symbols for locations often needing to be “manually” created and managed).
Some works also combine advantages from both geometrical and symbolic models and propose hybrid location
models [10], [5].
Hybrid models are combinations of geometric and symbolic models [11]. We are also interested in how
positions vary in time; taking into account that dynamicity leads us to present in the following a review of the
literature on the trajectories.

2.2 Trajectory definition
A trajectory (or track log or path) is defined by the sequence of recorded positions of a moving object during a
period of time. A trajectory can be segmented according to several criteria. The segment of a trajectory is
defined as a maximum subsequence of the trajectory such that all space-time positions match a given predicate
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(e.g. constant direction) [12].
[3] gives a formal and generic definition of a trajectory and segment of trajectory. Trajectory (see equation 1) is
defined as a tuple composed of a trajectory identifier, an object identifier, a set of trajectory segments and a
time interval giving the "start" and "end" time of the trajectory.

A trajectory segment (see equation 2) is a tuple that contains a segment identifier, a uniform set of positions
and a time interval which is optional.
The objects movement can be performed freely (e.g. air moving) [13] or forced by the architecture of a
building, for example [9] (e.g. moving inside a subway station is constrained by the arrangement of the
different spaces and their connections).
In the following, we present the types of potential spatial queries in an indoor environment.

2.3 Spatial queries
A spatial query includes at least one geo- or spatial location element (expressed as geometric coordinates or a
symbolic name) and/or a time reference (date, time, interval) [14]. The benefits of spatial queries interpretation
on past trajectories of objects or predicted ones have been proved by many research works and software. There
are several works about spatial queries like (i) position queries [15], returning the position of a moving or static
object (geometric or symbolic position), (ii) region queries [16], [17], [18], [19], e.g. "what are the pharmacies
located in the area?" (iii) nearest neighbors’ queries [20], e.g. "what are the nearest houses of the intersection?",
(iv) navigation or trajectory queries [21], e.g. "what is the shortest path to reach home?".
[22] presents a prototype (AQMIS) which provides the user with a set of semi-structured documents about his
interests or desired location. To implement it, they allow the user different types of spatial queries.
Most of the works on objects trajectories aim to use the old trajectories to detect regular travel and thus to
predict the future position of objects. There are less trajectories-oriented works that consider reconstitution
queries and, as far as we can know, no framework of query that manages heterogeneous trajectories (containing
both symbolic and geometric segments) in indoor environment. In the following, we will present two use cases
that demonstrate the need to cope with such queries.
Let’s suppose an "intelligent" office building. Each employee has a smartphone that is legally tracked by
positioning systems based on different location sensors. Other types of sensors are monitoring the energy
consumption and the temperature everywhere in the building.

Figure 1: Example of trajectory one
Figure 1 illustrates the trajectory of a person inside the building. The trajectory is composed of four segments
(U1, U2, U3 and U4). There might be a lack of position information for a given period of time (a person turned
off his smartphone, so no more information comes about his position). The dotted line represents a gap in the
definition of the trajectory (called ”hole”) that can be ”filled” using interpolation functions [23]. Based on this
trajectory, we want to compute different operators like aggregation of the energy consumption, identifying the
sensors situated on the path or at a given distance of the path.
Let’s consider the next case, surveillance in a working space; [24] explains the notion of managing the
surveillance coverage zone using sensor networks. The classical scenario is triggered when a problem occurs in
a given area of the building: someone is moving inside a restricted area. His/her movement track is generated
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based on the detection of his/her smartphone by the surrounding Wi-Fi cells. This generates coordinates (x, y)
with regards to the building map. At a given place, the signal gets lost and the only available information is that
he/she entered a secured room (his badge was validated at the entrance of the room). In this case the person’s
trajectory would look like the one in figure 2. The first two segments of the trajectory are U1 and U2, there is a
period where the object gets lost and the last part of the trajectory is U3 that takes place in room C1. In that
case we want to identify the video cameras on the given path in order to visualize the recordings.

Figure 2: Example of trajectory two
In the following we present the requirements for designing a system that could support the queries identified in
the two use cases.

3

Requirements for a heterogeneous trajectory based query framework

The main problems when designing object trajectory querying framework are:
• integrating multiple (geometric and symbolic) segments within a trajectory,
• integrating multiple coordinate systems (local coordinate system or global coordinate systems, indoor or
outdoor),
• integrating different trajectories coming from different sensors (e.g., the same object being tracked by
different sensors, how to combine the two paths).
Based on this model, the requirements for the query framework that we developed followed this strategy:
• specification of the location model: even if the purpose of our work isn’t to define yet another indoor
location model since lots of efforts have been done in this direction, we will present a state of the art of
the different types of existing approaches and we will describe and motivate our choices, by
emphasizing the particularities of our model,
• specification of the query language (definition of a query template),
• query transformation to SQL (definition of a query interpreter module),
• data and query management tools (for a single coordinate system, multiple modeling),
• aggregation operators within or after the query,
• geocoding and reverse geocoding within a coordinate system.

4

Template of hybrid trajectory based query

According to the steps of our strategy, we will start by defining a query template that the system will be able to
support based on the two examples of use cases presented in Section 2.3. The innovation that we introduce into
the trajectory definition is the fact that each position is expressed relatively to a reference system (e.g., building
plan, ICCARD reader’s network). Positions are homogeneous within the segment (expressed according to a
single reference system) but the individual segments may contain heterogeneous positions as in the examples in
Section 2.3.
Hybrid trajectory query is defined as a tuple shown below:
where trid is the trajectory identifier, {uk} the set of spatial segments constituting the trajectory and [tstart, tend] the
time interval of the trajectory query.
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The definition of a path segment is as follows:
where uid is the segment identifier, refSid is the identifier of the reference system about which the positions are
defined and positioni is the set of positions that make up the trajectory segment.
To manage the heterogeneity of path segments, we define the position of an object as being composed of two
parts: one identifying the reference system, another one referring to the location relative to the reference system.
The idea goes in the same sense as that proposed by [25] which defines the syntax of a hybrid indoor location
based on the syntax of a URI (Universal Resource Identifier).
A hybrid trajectory is composed of two parts, a spatial one and a temporal one. The spatial part consists of a
sequence of segments, each segment consisting of a reference system identifier and a sequence of positions
(geometric or symbolic) expressed relatively to the corresponding reference system. The temporal part is an
interval of time. This hybrid trajectory will constitute the entry point of our query framework. Figure 3 shows an
example of hybrid trajectory that contains two segments, one composed of geometrical positions expressed with
regards to the floor map and one composed of one symbolic position which represents the ID of the sensor
(ICCARD reader) which is expressed with regards to the ICCARD reader’s network deployed in the building.

Figure 3: Example of a hybrid trajectory query
This query gives the trajectory possibly followed by the person to identify. The spatio-temporal information
generated by the various sensors and saved will be queried by this trajectory to determine the relevant objects
(people, devices, etc.), as well as surveillance cameras that could have filmed this path during the time interval
of the query.

5

Algorithms

The entry point of our system is a hybrid trajectory query that mixes geometric and symbolic positions which are
expressed according to different reference systems and a time interval. Once this query is interpreted by a query
interpreter module, it is expressed as a set of points (p1, p2,…, pn) and a time interval [t1, t2]. These points form a
sequence of spatial segments (u1, u2,…, un) for the geometrical positions and circles center (c1, c2, …, cn) for the
symbolic positions. This sequence of points and the time stamps are the inputs of the search algorithms. The aim
is:
• to propose a set of objects (person, device, etc.) whose positions have "intersected" the trajectory given
by the query in the time interval [t1, t2],
• to propose a set of objects within the coverage area (range) of each ICCARD reader of the query
trajectory in the time interval [t1, t2],
• to propose a list of cameras whose field of view (which may be variable) has "intersected" the trajectory
of the query in the time interval.

5.1 Searching for the objects positions related to wireless terminals
Drawing a (poly-line) trajectory from the query given positions enables to define points. Then it is necessary to
expand these points in geometries in order to cope with uncertainty and imprecision or approximation and
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human subjectivity (e.g. 168 instead of 168.142154). It implies to perform translations for the poly-lines from
one end to the other of this trajectory in order to define a geometry that includes it enhancing a larger surface.
Based on this trajectory, we have to find the objects/persons that are "on" (or within) it. To succeed, we will
"intersect" the poly-line with Wi-Fi data set (positions of objects/persons) stored in the Oracle database (Wi-Fi
data set whose time stamp is in the interval [t1, t2] given by the query); the objects/persons which are on the path
constitute our results.
Operators:
The result is the set of pairs: R ={r = (obji, posi)}; function draw_geometry(uk) helps to draw a geometry using
the poly-line formed by segments uk; function get_object([t1, t2]) returns a list of objects whose time (date time)
is in the interval [t1, t2] and the corresponding positions.
Algorithm:
Algorithm 1: algorithm for identifying objects whose positions intersected the query path
Inputs: a sequence of path segments: uk and an interval of time: [t1, t2].
Output: A list of objects that have intersected the path and the corresponding positions.
1: geometry ← draw _geometry (uk)
2:
list_object (obji, posi) ← get_object ([t1, t2])
3: for each obji of list_object (obji, posi) do
4:
if posi intersects geometry then
5:
add_result (obji, posi)
6:
end if
7: end for

5.2 Searching for objects positions related to ICCARD readers
In this case, we are dealing with symbolic positions that are specific surfaces in the building. Each ICCARD
reader has a field of action or a scope. When the trajectory query passed in the query interpreter module, the
reader names are represented on the plan of the building by points (algorithm inputs) which are the positions
assigned to readers; these points help to draw geometries that are circles, whose diameter is scope of each reader.
The rays of the circles are customizable. Search objects are in the surface area of the circles. So we search here
objects within the constructed geometries.
Operators:
The result for ICCARD readers is all pairs: R={r(obji, posi)} ; function draw_circle (pn, rayoni) allows to draw
circles whose centers are the points pn and the rays are rayoni; function get_object ([t1, t2]) returns a list of
objects within circles and whose time (date time) is in the interval [t1, t2] along with the corresponding positions.
Algorithm:
Algorithm 2: algorithm for identifying objects within geometry
Inputs: a sequence of points: pn and an interval of time: [t1, t2].
Outputs: list of objects within geometry and the corresponding positions.
1: list_object (obji, posi) ← get_object ([t1, t2])
2: for each pn of query do
3:
geometryi ← draw_circle (pn, rayoni)
4:
for each obji of list_object (obji, posi) do
5:
if obji within geometryi then
6:
add_result (obji, posi)
7:
end if
8:
end for
9: end for

5.3 Camera selection Algorithm
[2] proposes an algorithm for selecting fixed cameras. As our work is an extension to indoor environment, we
will adapt this algorithm to this context.
The aim is to propose to the operator a list of cameras that may have filmed segments of the trajectory given as
query. For each camera we must give the interval of time in which she filmed the trajectory.
The algorithm proceeds in two steps, the filtering step and the refining of results:
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filtering: selecting cameras that are at a distance less than the distance of maximum visibility of the
trajectories segments;
• refining: for the selected cameras in the filtering step, we calculate the geometry of the field of view, and
select those whose geometries touch the trajectories segments.
The result is the set of triples R={r = (ci, uk, [ta, tb])} where ci is the selected camera, uk is the filmed segment
and [ta, tb] the interval of time in which the camera filmed the segment of the trajectory.
These algorithms are implemented in the Searching engine module of the framework developed architecture.
•

6

Conclusion

Our contribution in the field of indoor location is an extension of previous works on the construction of
trajectories and meta-data management [27]. We define an indoor coordinate system, associated to the building
plan, floor or any space. Positions are expressed using 2D coordinates in relation with floor plan; a third
coordinate is associated to each position in order to indicate the number of the floor for example. We have
proposed a model of hybrid trajectory query gathering geometric and symbolic positions expressed in relation to
different reference systems. The developed algorithms used to find objects (people, devices, etc.) on a trajectory
given as a query during a specified interval of time, and to look for cameras that could have filmed this
trajectory.
Our work can be instantiated in the context of forensic, for example during an investigation [1]. We plan to
extend this context in order to be able to deal with real-time queries or predict the trajectories based on statistics
realized on stored data. For indoor location systems based on surveillance with cameras, the result of the
proposed operator is a list of cameras whose intervals of time may overlap. A perspective therefore relates to the
scheduling of results depending on the distance from the cameras relative to the segments of the request for
example. In our algorithms, we search topological relations between objects and geometries. The issue of
research topological relations between regions of space is topical, especially between the regions of space with
uncertainties. In the processing of a request, it will take into account the uncertainty (temporal fuzzy and spatial
fuzzy) [26]. The research issue of topological relations between regions of space is topical, especially between
the regions of space with uncertainties. During the query processing, the inclusion of the uncertainty is capital
(temporal fuzzy and spatial fuzzy) [26].
These contributions gave the basis for designing a framework whose architecture has been developed w.r.t.
different contexts, as a tool to support hybrid querying.
Our approach has been continuously assessed, first within the context of the French national projects on video
surveillance and forensic METHODEO, funded by the National French research Agency. Next steps are
FILTER2 French ANR project and VICTORIA H2020 European project.
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This is the conference report on the 24th ACM SIGSPATIAL International Conference on Advances in Geographic Information Systems (ACM SIGSPATIAL 2016), held in the San Francisco Bay Area, California, USA,
October 31 through November 3, 2016. The conference started as a series of symposia and workshops back in
1993 with the aim of promoting interdisciplinary discussions among researchers, developers, users, and practitioners and fostering research in all aspects of geographic information systems, especially in relation to novel
systems based on geospatial data and knowledge. It provides a forum for original research contributions covering
all conceptual, design, and implementation aspects of geospatial data ranging from applications, user interfaces
and visualization, to data storage, query processing, indexing and data mining. The conference is the premier
annual event of the ACM Special Interest Group on Spatial Information (ACM SIGSPATIAL).
To create the conference’s technical program, each submitted paper was first reviewed by at least three
members of a carefully chosen program committee (PC) consisting of experts in the relevant fields. Our PC
had a total of 106 volunteers from academia and industry, plus an additional 21 members who were designated
as the Senior PC. The assignment of papers to reviewers followed a bidding stage, during which PC members
were allowed to express ranked preferences regarding their willingness to review a particular submission. In
addition to the three different members of the PC, each paper was also assigned a designated Senior PC member
who studied the reviews, discussed the merits of each submission with the reviewers, and gave an accept/reject
recommendation to the PC Chairs who, in turn, made the final decisions. The goal of this process was to not only
rate the submissions, but also give authors suggestions how to improve their papers. Certain papers that were not
accepted for the conference, with the permission of the authors, were forwarded to the conference’s Workshop
Chairs to be considered for inclusion in relevant satellite workshops. Our reviewers put in a tremendous amount
of effort in reviewing the papers and our hope is that the reviews were beneficial even to those authors whose
papers were not chosen for presentation.
Papers were submitted and accepted in different categories. We received a total of 195 regular research submissions and 21 industrial experience and systems papers. Of these 216 papers, we accepted 40 as full 10-page
papers for oral presentation resulting in an acceptance rate of 18.5%. We accepted an additional 42 of these 216
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as poster presentations (19%), which appear as 4 page papers in the proceedings. We also received 24 demonstration submissions, of which we accepted 16 for live demonstrations at the conference, with a description
corresponding to a 4 page paper in the proceedings (acceptance rate of 69%). Continuing the event from last
year, this year we once again had a track where authors were invited to submit vision papers describing visionary
ideas that are open-ended, possibly outrageous or wacky, and present new problems, new application domains,
or new methodologies that are likely to stimulate significant new research. Of the 13 vision paper submissions,
5 were accepted for presentation at the conference (acceptance rate of 38%). The top three papers out of the 5
accepted vision papers received a an award from the Computing Research Association’s Computing Community
Consortium (CCC) under their CCC Blue Sky initiative in from of travel reimbursement awards.
ACM SIGSPATIAL 2016 also had the SIGSPATIAL Cup programming contest which focused on applying
spatial statistics to spatio-temporal big data in order to identify statistically significant hot spots using a distributed computing framework and functional programming languages. The competition at this year’s event was
significant - there were sixteen teams (48 members) that submitted formal entries. Five entries were selected for
winners - a first place; a second place; and a three-way tie for third place.
For the first time, ACM SIGSPATIAL 2016 had a Student Research Competition (SRC). SRC aims at providing a forum for undergraduate and graduate students to share their research results and exchange ideas with
other students, judges, and conference attendees. This year, 4 papers (co)authored by graduate students and 1
paper authored by undergraduate students were selected to enter the final round of the competition.
This year’s conference had two distinguished speakers: Balaji Prabhakar (Stanford University and Chief
Scientist at Urban Engines) and Yin Wang (Tech Lead of Maps at Facebook).
The conference was expertly chaired by Mohamed Ali (University of Washington, Tacoma, USA) and Shawn
Newsam (University of California, Merced, USA). In addition to the papers in these proceedings, the conference
included 11 workshops including one PhD workshop. The Workshop Co-Chairs were Egemen Tanin (University
of Melbourne, Australia) and Mohamed Sarwat (Arizona State University, USA).
It takes many people working together to recreate this vibrant conference from year to year. As PC CoChairs, we are especially grateful for our PC, Senior PC and external reviewers, who generously and carefully
reviewed the submissions and produced valuable feedback for both us and the authors. To produce this volume,
we had the pleasure to work closely with two individuals who took a lot of the burden – and did a great job –
Proceedings Co-Chairs Jie Bao (Microsoft Research Asia, China) and Yao-Yi Chiang (University of Southern
California, USA). We thank Ruby Tahboub (Purdue University) and Ibrahim Sabek (University of Minnesota,
USA) who were extremely responsive as our Webmasters and we are also very thankful to the Publicity CoChairs Farnoush Banaei-Kashani (University of Colorado, Denver, USA) and Ahmed Aly (Google, USA). Furthermore we thank Ahmed Lbath (University of Grenoble 1 - Joseph Fourier, France) and Maria Luisa Damiani
(University of Milan, Italy) who served as Poster Co-Chairs and extend our special thanks to Erik Hoel (ESRI,
US), Raju Vatsavai (North Carolina State University, USA) and Martin Werner (Ludwig-Maximilian University Munich, Germany) who organized the SIGSPATIAL Cup programming contest this year. There are many
other individuals responsible who did a tremendous job for the technical organization of the event. We thank
Jing (David) Dai (Google, USA) and Wei-Shinn Ku (Auburn University, USA) who served as Treasurer CoChairs, and our special thanks to Moustaffa Yousef who was in charge of organizing the SRC, and we thank
Sarana Nutanong (City University of Hong Kong, China) and Chengyang Zhang (Amazon, USA) who served
as Registrations Co-Chairs. We are also thankful to SIGSPATIAL executive committee for their expert, sustaining guidance of the conference from year to year: Mohamed Mokbel (Chair, University of Minnesota), Shawn
Newsam (Vice-Chair, University of California at Merced), Roger Zimmermann (Secretary, National University
of Singapore), and Egemen Tanin (Treasurer, University of Melbourne).
A distinguished token of gratitude is due to Hanan Samet, Cyrus Shahabi, and Kentaro Toyama for bringing
this conference to the forefront in 2007 and starting ACM SIGSPATIAL.
We give our very special thanks to our generous corporate sponsors – Silver: Amazon, ESRI, Facebook,
and Bronze: Google, Oracle – most of whom have supported this conference for multiple years and we very
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much appreciate the work of Mark McKenney (Southern Illinois University Edwardsville, USA), Cyrus Shahabi
(University of Southern California, USA) and Alexey Pozdnukhov (University of California, Berkeley, USA)
who helped getting these companies as our sponsors. We are also grateful for the Bronze publishing sponsorship
by both Springer Publishers and Morgan & Claypool. Special thanks are due to the US National Science Foundation (NSF) for its insitutional sponsorship enabling travel-grants for students and to Microsoft and Nvidia for
providing a sponsorship for the SIGSPATIAL Cup and the awards for the winners, both financial ones as well as
high-end NVidia cards. Gratitude is due to Randall Whitman and Mike Park from ESRI for investing their time
and efforts in ensuring that SIGSPATIAL Cup would go as smoothly as it did. Last, but not the least, the top
three papers out of the 5 accepted vision papers received an award from the Computing Research Associations
Computing Community Consortium (CCC) under their CCC Blue Sky initiative.
Every year, this conference highlights the most important advances in GIS and it provides a forum for lively
exchange of ideas between the leading researchers and practitioners in the field. We surely hope that you find a
similar value in this record of the conference for which numerous individuals have helped us by dedicating their
time, efforts and expertise – and we thank them all one more time.
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The series of ISA workshops started in 2009 to exchange original and cutting-edge research dedicated to
indoor spatial awareness. As spatial information technologies and applications grow beyond their traditional
boundaries, research on indoor space is increasingly attracting attention from academia and industry. Location
Based Services, Geographic Information Systems, and Ubiquitous Computing Applications are all extending
their coverage from outdoor to indoor spaces. Indoor space differs from outdoor space in several important
aspects, including layout, topology, constraints, and so forth. High-quality research is required to create new
theories and to acquire fresh experiences that can be applied to building integrated, seamless systems across spatial boundaries. This workshop is intended to bring together researchers, developers, and practitioners who work
on different topics of indoor spatial awareness and to provide a forum for inspiring interdisciplinary discussions
in all relevant aspects.
ISA 2016 (www.infotech.monash.edu.au/isa2016) was held in conjunction with the 24th ACM SIGSPATIAL
International Conference on Advances in Geographic Information Systems (SIGSPATIAL 2016) on October 31,
2016 in San Francisco Bay Area, California, USA. ISA 2016 accepted 7 research papers for presentations
(30 minutes for each paper). In addition, two keynotes were given by world-leading researchers in this area.
Specifically, Prof. Moustafa Youssef gave a keynote on “Ubiquitous Indoor Spatial Awareness on a Worldwide Scale” and Prof. Ki-Joune Li delivered a keynote on “Understanding Indoor Space from Data Modeling
Perspective”.
We would like to thank the keynote speakers for their plenary talks, the authors for publishing and presenting
their papers in ISA 2016, and the program committee members and external reviewers for their professional
evaluation and help in the paper review process. We hope that the proceedings of ISA 2016 will inspire new
research ideas, and that you will enjoy reading them.
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The Sixth ACM SIGSPATIAL International Workshop on
Mobile Entity Localization, Tracking and Analysis
Burlingame, CA, USA - October 31, 2016
Sarana Nutanong1
John Krumm2
Egemen Tanin3
Department of Computer Science, City University of Hong Kong, HKSAR, China
2
Microsoft Research, Redmond, WA, USA
3
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(Workshop Co-chairs)
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Dynamic location data is pouring into servers that provide location based services and tracking. This data
is valuable for making inferences about the motions, intentions, preferences, and futures of the tracked entities.
The data is also useful for understanding the aggregate environment, such as road maps, dynamic patterns,
popular events, and expected behavior.
After five successful workshops (2008, 2009, 2010, 2011 and 2015), MELT 2016
(https://sites.google.com/site/meltworks/home) was held in conjunction with the 24th ACM SIGSPATIAL
International Conference on Advances in Geographic Information Systems (SIGSPATIAL 2016) on October 31,
2016 in Burlingame, CA, USA. MELT 2016 has received 5 submissions, all of which were accepted as research
papers. The workshop program consists of a Program Chair Talk “What We Know from Where You Go” given
by Dr. John Krumm from Microsoft Research, two sessions of technical talks, and a keynote talk given by Sen
Xu Alex from Uber Technologies Inc.
We would like to thank the authors for their contributions, and the program committee members and external
reviewers for their evaluation. We would like to give a special thank to our keynote speaker Sen Xu Alex for
sharing his insights on geospatial topics at Twitter. We hope that the proceedings of MELT 2016 will make a
contribution as a valuable resource for research and stimulate further discussions on mobile entity localization,
tracking and analysis.
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