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Abstract—While location is one of the most important context information in mobile and pervasive computing, large-scale deployment
of indoor localization system remains elusive. In this work, we propose MPiLoc, a multi-floor indoor localization system that utilizes data
contributed by smartphone users through participatory sensing for automatic floor plan and radio map construction. Our system does
not require manual calibration, prior knowledge, or infrastructure support. The key novelty of MPiLoc is that it clusters and merges
walking trajectories annotated with sensor and signal strengths to derive a map of walking paths annotated with radio signal strengths
in multi-floor indoor environments. We evaluate MPiLoc over five different indoor areas. Evaluation shows that our system can derive

141

indoor maps for various indoor environments in multi-floor settings and achieve an average localization error of 1.82 m.

Index Terms—Multi-floor indoor localization, participatory sensing, self-calibrating

1 INTRODUCTION

OCATION is one of the most important types of context

information in mobile and ubiquitous computing.
Recently, indoor localization has been the focus of extensive
research efforts [1], [2], [3], [4], [5], [6], [7], [8], due to both
the need for indoor support of location-based services, and
the unavailability of GPS in indoor environment. However,
despite significant research progress, developing an indoor
localization system that can be easily deployed on a large
scale remains a challenge.

Two major obstacles hinder the large-scale deployment of
such systems: (1) Labor-intensive site surveys and system main-
tenance: Many of these systems involve a dedicated offline
calibration stage to build a radio map for the target location.
The calibration requires the manual association of each loca-
tion with its corresponding fingerprints, and needs to be
repeated for any new location. Furthermore, the radio map
needs to be periodically updated to reflect the environmental
dynamics. These dedicated and time-consuming calibration
and maintenance efforts thus make these systems less practi-
cal for large-scale deployment. (2) Lack of accurate floor plans:
Recent research developments [2], [4] have shown that the
calibration effort can be reduced with the prior knowledge of
accurate floor plans of the places being measured. However,
accurate floor plans are often not easily available.
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In this work, we attempt to answer the following ques-
tion: can we design an indoor localization system that can auto-
matic calibrates itself in unknown indoor environments? Such a
system should meet the following design goals. First, the
system should not require specialized infrastructure sup-
port or prior knowledge of the environment such as floor
plans and locations of wireless Access Points (APs). Second,
there should not be a need for an expensive manual-
calibration or site-survey stage. Third, the system should be
able to automatically adapt to environmental changes and
require minimal maintenance effort.

In this paper, we propose MPilLoc, a multi-floor-enabled
indoor localization system that calibrates itself through par-
ticipatory sensing. By utilizing the opportunistically col-
lected data contributed by smartphone users, MPiLoc
requires no prior knowledge about any building or any user
intervention in both the calibration and maintenance stages.
It adopts a novel trajectory matching and floor plan construc-
tion algorithm to automatically cluster, filter, and merge all
user inputs to automatically construct indoor floor plans for
multi-floor environments. Most importantly, radio maps
required for localization are also automatically built and
updated in this process. As a result, floor plans and radio
maps that are essential to multi-floor indoor localization are
automatically built and constructed. To achieve this, MPiLoc
requires no special purpose hardware, the only assumption
in MPiLoc is the availability of a WiFi infrastructure.

We implemented MPiLoc and evaluated it in five differ-
ent buildings covering a total of about 5800 m?. The imple-
mentation consists of a mobile client that track user’s
walking trajectories and upload to a server once sufficient
data has been collected, and a server program that merges all
user uploads to generate the indoor floor plan and radio
map. The server also handles localization queries from user
and returns the location based on the radio map constructed.

The rest of the paper is organized as follows. We present
related works in Section 2 and in Section 3 the overview of
MPiLoc. We then describe data collection method in Section 4.
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Section 5 includes various trajectory clustering schemes (AP
clustering, floor clustering and path segment clustering). We
present trajectory matching in Section 6, floor plan and radio
map construction in Section 7. Section 8 presents the energy
management and Section 9 the evaluation results. We discuss
applications enabled and system limitations in Section 10,
and finally conclude in Section 11.

2 RELATED WORK

2.1 Indoor Localization Systems
2.1.1 Infrastructure-Based

These systems rely on special-purpose infrastructures
deployed to locate the target device. Cricket [9] uses radio
and acoustic transmission and exploits Time Difference of
Arrival (TDoA) in the signals. Recent developments explore
multiple-input, multiple-output (MIMO) techniques using
commodity APs and Angle of Arrival (AoA) to provide
fine-grained localization [10]. While these techniques pro-
vide centimeter-level accuracy [9], [10], the need for special-
purpose infrastructure and high deployment cost hinder
their large-scale deployment.

2.1.2 Fingerprint-Based

A significant portion of research work in indoor localization
exploits RF signal strengths and is known as the
fingerprint-based approach. Most of these works use WiFi
Receive Signal Strength (RSS) as the fingerprint [7], [14],
[15], [16]. Recent work proposes other forms of fingerprints
such as FM Radio [17] and physical layer information [18].
SurroundSense [19] generalizes the concept of fingerprint
and explores ambient information such as noise, light color,
etc. Fingerprint-based techniques suffer from high calibra-
tion cost since a labor-intensive site-survey process is typi-
cally required to construct the radio map for each indoor
location. The static radio map is also vulnerable to environ-
mental dynamics, resulting in high maintenance effort. MPi-
Loc aims to eliminate these overheads.

2.1.3 Propagation Model-Based

In trying to reduce the calibration effort, some researchers
propose the signal propagation model-based technique to
estimate the RSS value at a given location based on the theo-
retic model instead of manually tagging [20]. One popular
model is log-distance path loss (LDPL) [20], which estimates
RSS value based on the propagation distances. RADAR [14]
provides a model-based approach to estimate the RSS value
based on the AP locations and floor plans. EZ [20] further
improves it and only needs to measure the signal strength at
a few locations. Compared with the fingerprint-based techni-
ques, model-based techniques typically reduce calibration
effort at the cost of reduced accuracy. For most of these sys-
tems, AP locations or accurate floor plans need to be given.

2.1.4 SLAM-Based

Simultaneous Localization and Mapping (SLAM) techniques
[21], [22] have been extensively studied by researchers
recently [23], [24]. SLAM relies on landmarks detected by
camera, laser or other ranging sensors and accurate con-
trolled movement of mobile devices. Several work has been
proposed to leverage the idea of SLAM by combing WiFi
and IMU sensors on smartphones. Zee [4] exploits dead-
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reckoning and infers location according to the constraints
imposed by floor plans. UnLoc [3] further exploits dead reck-
oning and learns indoor landmarks that exist in the environ-
ment to aid localization and requires at least one ground
truth location of the landmark. MPiLoc is different in that
knowledge of the indoor environment or sophisticated rang-
ing sensors are not available in the system. In fact, MPiLoc
requires no prior knowledge of the indoor environment or
landmarks, and combines inertial sensing of smartphones to
collect, cluster, match, and merge user contributed data
through participatory sensing to generate and update floor
plans and radio maps for multi-floor indoor localization.

2.2 Multi-Floor Localization

Recently, several research work has been proposed to tackle
the problem of multi-floor localization [25], [26], [27], [28],
[29]. [25] relies on delicately trained floor models basing on
WiFi fingerprints to identify floor numbers. [26] combines
pedestrian dead reckoning and particle filter to provide
localization in multi-floor environment. [27] proposes a
barometer-based calibration approach to provide elevation
measurement on smartphones and achieves an average
error of less than 5 meters. [28], [29] exploit barometer for
floor detection and are closest to MPiLoc. However, they
either require Bluetooth or synchronization in floor transi-
tion patterns (e.g., taking elevator at the same time) to detect
encounter events for barometer calibration. MPiLoc, on the
other hand, relaxes such assumptions and uses floor cluster-
ing algorithms to divide the trajectories into floor clusters.
In addition, the floor clustering module seamlessly integra-
tes with other modules in MPiLoc to extend the system
from two-dimensional to three-dimensional.

2.3 Indoor Floor Plan Construction

Recently several research work has been focusing on auto-
matic indoor floor plan construction and crowdsourcing
map based localization [30]. CrowdInside [11] proposes an
inertial sensing based system to automatically reconstruct the
indoor floor plans with the assumption that the starting points
of each trajectory in the indoor environment are known. Jig-
saw [12] exploits both inertial sensing and vision-based
approach to reconstruct the indoor floor plans. Similarly,
IndoorCrowd2D [13] also exploits vision-based information
for indoor scene reconstruction using smartphone-empow-
ered crowdsourcing. Walkie-Markie [5] proposes an algo-
rithm to map pathways using WiFi-Marks, which measures
the tipping point in the signal strengths. MPiLoc is different
from all these approaches in that it requires no prior knowl-
edge of the environment (e.g., floor plans, starting points,
landmarks, etc.), and automatically generates floor plans and
radio maps for localization in multi-floor indoor environ-
ments. The signal correlation in MPiLoc extends the single tip-
ping point matching in Walkie-Markie to whole spectrum
matching, and extends single AP matching to multiple AP
matching, which results in higher performance in floor plan
construction as shown in Section 9. Table 1 summarizes the
key differences between MPiLoc and these related work.

3 MPILoc OVERVIEW

The MPiLoc architecture is shown in Fig. 1. MPiLoc exploits
crowdsourcing to capture user walking trajectories using
Inertial Measurement Unit (IMU) sensors equipped in the
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TABLE 1
Comparison between MPiLoc and Recent Work on Indoor Floor Plan Construction
System Floor Plan Approach Assumption
CrowdInside [11] Single-Floor ~ IMU+GPS+Magnetic Starting points of all trajectories can be inferred using GPS,
anchor points can be frequently detected to reset errors.
Jigsaw [12] Single-Floor =~ IMU+Vision Participants take images indoor.
IndoorCrowd2D [13] Single-Floor =~ IMU+Vision Participants take images indoor.
Walkie-Markie [5] Single-Floor  IMU+WiFi WiFi-Marks can be detected robustly.
MPiLoc Multi-Floor IMU+WiFi+Barometer ~ No prior knowledge required and no explicit actions

required from participants, exploits wireless spectrum
similarity for automatic clustering, matching, and floor
plan construction.

smartphones. To enable localization, it is required that one
or more users carrying smartphones with the data collection
application enabled to walk on various parts of the indoor
area to be localized, and upload the annotated walking tra-
jectories. An annotated walking trajectory consists of dis-
crete walking steps, which further consists of IMU and
barometer sensor readings, and the WiFi fingerprints associ-
ated with the steps. These user-contributed walking trajec-
tories are used as inputs to construct or update the floor
plan of the area covered by user movements.

The key challenge in MPiLoc is to combine these user-
generated trajectories into multi-floor floor plans for locali-
zation. There are three main components involved. First, a
clustering algorithm that uses AP signal strength and move-
ment vectors is used to separate these walking trajectories
into disjointed sets that cover different indoor floors and
environments. The second component takes these disjointed
segments and finds segments that cover the same walking
paths based on the similarity of movement vectors and AP
signals. Finally, in the third component, the system merges
multiple trajectories to build floor plans. In the following
sections, we present details of these three components.

4 DATA COLLECTION

4.1 Fingerprint Collection

MPiLoc opportunistically collects users” walking trajectories
T = {1;,1 =1,2,...,m}. Each walking trajectory t; is deter-
mined by two stationary points detected by the phone’s
accelerometer. t; = {s1, $2,...,5,}, in which s; is a discrete
walking step detected. In MPiLoc, the Normalized Auto-
correlation based Step Counting (NASC) approach used in
Zee [4] is adopted for accurate step counting. The direction
of the linear acceleration vector captured by the Android
API [31] measures the walking direction in the phone’s local
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x-y-z coordinate. However, since the phones are usually
placed with arbitrary orientation, the linear acceleration vec-
tor needs to be multiplied by the inverse of the rotation
matrices of the phone to obtain the phone acceleration in the
world’s East-North-Up (E-N-U) coordinate system [32]. The
projected acceleration vector in the East-North plane repre-
sents the horizontal moving direction of the phone in the
world coordinate, which directly reflects the heading angle
of the user with respect to the earth North [32]. A Low-pass
Filter (LPF) is then applied on the heading angles of consecu-
tive steps for noise reduction. To cope with the stride length
diversity, MPiLoc adopts the assumption in Zee [4] that
10 percent variations generally exist in normal human stride
length, and uses a uniformly distributed random variable
which added to the stride length to capture the estimation
error. Besides stride length and heading direction, barometer
readings and WiFi fingerprints are also collected between
every two consecutive steps, and are automatically associ-
ated with each step. Therefore, each step s; = {ID;,z;,v;,
fi, Bi} consists of five elements, global step identifier ID;,
horizontal displacement z;, vertical displacement y;, WiFi
fingerprints f;, and barometer reading B;. 2D displacements
x; and y; are calculated based on the heading angles and
stride lengths. Fingerprints f; = {r1,72,...,r;} represents
the WiFi RSS measured at step ¢, where r; is the received sig-
nal strength of the detected AP;.

4.2 Coping with the Noise of Dead Reckoning

One significant challenge with smartphone dead reckoning
is the cumulated error over time. Dead reckoning can only
be used to track the user for a short period of time, other-
wise errors will need to be corrected frequently. Systems
like Zee [4] or UnLoc [3] use the knowledge of indoor floor
plans or landmarks to correct the errors. In MPiLoc, how-
ever, no prior knowledge about the indoor environment is
assumed, making it especially challenging to align and
merge different user contributed trajectories collected
through smartphone dead reckoning. Although several
work has been conducted to improve the accuracy of dead-
reckoning with arbitrary phone placements [4], [33], the
noise of step detection and heading angle detection still con-
stitutes the major error source of dead reckoning based
localization systems. For example, if the phone is strongly
held in the hands, no steps can be detected since the acceler-
ometer does not show periodic bumpy patterns.

To reduce the impact of dead reckoning errors, MPiLoc
incorporates the following three different noise filtering and
cancellation mechanisms. (1) MPiLoc is designed as a fully
opportunistic system. That is, MPiLoc opportunistically
detects “good” traces and filters out “bad” traces before



144 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL.17, NO.1,

merging. To achieve this, stationary and fluctuation detec-
tion are used to filter out noisy traces. For example, when
accelerometer does not show periodic bumpy patterns, no
walking steps can be detected and user is detected to be sta-
tionary (Section 8.2.1). Therefore such stationary events
have minimal impacts on MPiLoc since the traces are not
used for merging. Similarly, MPiLoc detects heading angle
noises (Section 8.2.2) and filters out the traces when the
phone is placed at locations such as loose bags or pockets
when the heading angle fluctuates during walking. As a
result, only the walking trajectories with regular bumpy
patterns and consistent heading angles are admitted to the
system for merging. (2) In the merging process, the filtered
traces are merged with each other through intra-trajectory
merging and inter-trajectory merging, in which variances of
heading angle estimations are canceled with each other
(Figs. 10 and 11). (3) MPiLoc uses path correlation and
shape correlation to match trajectories that have similar
shapes and similar signal evolution patterns, as a result,
those walking trajectories with abnormal orientations,
shapes, and signal evolution patterns are not likely to be
matched with the rest of trajectories, and will be discarded
after the merging process. While more sophisticated error
correction algorithms can be integrated with MPiLoc’s iner-
tial sensing module, the noise filtering mechanisms of MPi-
Loc significantly reduces the impact of dead reckoning
error. We will provide the details in the rest of sections.

5 TRAJECTORY CLUSTERING

5.1 AP Clustering

As data collected from different users cover different parts
of the indoor space, it is necessary to perform an initial level
of data clustering to group the data into smaller, related
groups. Given n trajectories inputs from all participating
users, the AP clustering finds a clustering with [ clusters
C ={cy,c9,...,¢},such that

ViVj APSet(c;) N APSet(c;) =0, 1 <i# j<l, (1)

in which APSet(c;) returns the set of all APs that appear in
at least one of the fingerprints in the trajectories of cluster c;.
AP clustering therefore separates trajectories collected in
different indoor environments that have different sets of
APs into different clusters. Though AP clustering only pro-
vides building-level granularity, the light-weighted cluster-
ing is still an important technique to efficiently categorize
the trajectory data once the system is deployed at scale.

5.2 Floor Clustering
5.2.1 Floor Transition Detection

To achieve floor-level clustering, barometer reading is anno-
tated with each step. The absolute reading of the barometer
can show variations across different devices and even due to
different weather conditions [34]. As a result, in MPiLoc we
use the relative reading instead of the absolute reading for
accurate floor transition detection. Fig. 2 shows how the alti-
tude reported by the barometer changes when the user takes
stairs and an elevator. We can observe a marked change in
height when the user is traveling up and down the stairs and
elevators. We use this observation as the basis for accurate
floor-transition detection in MPiLoc. To detect the floor tran-
sition, we maintain a sliding window of altitude values corre-
sponding to steps taken by the user. For every new step taken
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Fig. 2. Altitude changes during different floor transition events. Floor
transition separates trajectory t into different floor segments.

by the user, we sample the barometer height and advance the
sliding window by 1 step. If the difference in height between
the end and start of the sliding window exceeds a threshold,
then we mark the event as a floor transition.

As illustrated in Fig. 2, the floor transition splits each tra-
jectory t; into different floor segments {7;1, Tio,...,Tir} if k-1
floor transitions are detected. To generate segments that
cover only one single floor, we discard parts of the trajecto-
ries during which the sliding window reports floor transi-
tions. Since the absolute altitude value reported by the
barometer is not accurate, we do not know the exact floor
from which the floor segments are collected. And only know
that the consecutive floor segments are taken from two dif-
ferent floors. For example, if the floor transition detection
algorithm reports that 7;; has a mean altitude smaller than
T;0, then a floor transition constraint 7;; — ;0 is detected,
which indicates that ;5 is collected from a higher floor than
that of 7;;. The floor transitions impose constraints on the
floor-level clustering. We will show how we leverage this
information to achieve floor-level clustering next.

5.2.2 Floor-Level Clustering

To cluster the collected trajectories into floor-based groups,
we first need a similarity measurement for different trajecto-
ries. The similarity should be high for those collected from the
same floor, and lower otherwise. Since the trajectories contrib-
uted by users are annotated with WiFi fingerprints during
data collection, the floor-level similarity can be measured
using the wireless signals. Different floors usually have differ-
ent sets of WiFi access points. Even though there might be
some overlapping in the AP sets, their signal strengths vary.

For two trajectories 7 = {s1,s2,...,s,} and 7o = {s1,
$2, ..., 8m}, the floor similarity Sim (t1, 7o) is defined as
n m
Simg(t1,T2) = Z Z Simg(s;, s;)/mn, (2)
=1 =1

where s; and s; are annotated steps in 7; and 7, respectively,
and Sim;(s;, s;) is the step similarity measured by the Tani-
moto Coefficient [35]

_ Ji [j
AP+ 1617 = fi- £

Here f; and f; are fingerprints annotated to steps s; and s;
respectively as described previously. The step similarity
Simy(s;, sj) ranges from 0 to 1. The final output of floor simi-
larity Sim; combining all step similarities becomes the

(3)

Sim(s;, s;)
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similarity metric between two trajectories and falls between
0 and 1 as well. If two trajectories have high floor similarity,
they are more likely to be collected from the same floor.

To illustrate the floor-level clustering process, consider a
sample AP Cluster ¢ = {r, 72, ..., Tio} containing 10 trajecto-
ries. We do not know the exact floors from which they are col-
lected and these trajectories in the same AP cluster might
cover multiple floors. Based on the floor transition detection
described in the previous section, we are able to detect those
trajectories containing floor transitions. For example, if we
have found a subset of five trajectories ¢’={t1, 19, ..., 75} such
that each trajectory in ¢’ contains floor transition events, the
floor transition detection will segment ¢’ into another set ¢ =
{t11, T12, T21, T2, . . ., T51, Tsa} if each of the trajectory contains
only one floor transition, such that each of the generated tra-
jectory is collected from only one floor. Floor segmentation
also generates a set of floor constraints FC = {t1; — 112,
Ty1 — Ta9,...,T51 — Ts2} if each trajectory is going upstairs in
this example. With the floor constrains we have, the goal of
the floor-level clustering algorithm therefore is to group tra-
jectories in ¢’ into different floor clusters, within which all tra-
jectories are collected from the same floor.

Since the floor similarity between each pair of trajectories
can be measured based on the wireless signal similarities
using Equation (2), the clustering can be seen as a merging
process to merge trajectories in ¢’ and generate disjointed
floor clusters. Therefore the floor clustering can be modeled
as the following optimization problem:

mazimize ;> Simy(ti, 7))
s.t. Simf(‘ci,‘rj) > 0y, 4)
Floor constraint FC

where 7; and 7, are trajectories in ¢” that are merged to the
same floor cluster. The merging maximizes the sum of the
floor similarities while ensuring that the floor constraint FC
is not violated.

For each merged pair of trajectories, their floor similarity
is ensured to be greater than the minimum similarity thresh-
old oy. 0 can be learned from trajectories in ¢’ since each
trajectory in ¢’ is collected from one single floor. To learn
the average floor similarities for trajectories collected from
the same floor, we split each trajectory in the ¢’ evenly and
calculate the average inter-similarity between them using
Equation (2). The minimum similarity oy is taken to be the
average floor similarity and we reject all those pairs with
low similarities in the clustering.

The floor constraints FC' represent the knowledge that cer-
tain pairs of trajectories belong to distinct floors. Due to the
transitivity of the floor constraints, they need to be updated in
the merging process once we merge two trajectories into
the same floor cluster. Consider floor constraints FC =
{t11 = 712, Ta1 — T}. As illustrated by Fig. 3, if 735 and 9
are merged into the same floor cluster, the constraints need to
be updated as FC = {'L'H — T12,T21 — T22,T11 — T21,T11 —
Tgg, T12 — T2} due to their transitivity. The updating process
must be performed whenever two trajectories are merged to
the same floor.

The detailed floor clustering algorithm is described in
Algorithm 1. For each AP cluster ¢, the floor clustering algo-
rithm finds a set of floor clusters that cover different floors
of the indoor environment covered by this AP cluster. The
barometer-based floor transition detection first detects the
floor transitions that are present in each walking trajectory

(a) Floor Constraint
Before Merging 712
and 721

(b) Constraint Update After Merg-
ing 712 and 721

Fig. 3. Floor constraint update in floor clustering.
and segments these trajectories to form ¢, in which each tra-

jectory only covers one particular floor. The segmentation
also generates the initial set of floor constraints FC.

Algorithm 1. Floor Clustering Algorithm

1:  Input: AP cluster c

2:  Output: Set of floor clusters Cy = {cs1,¢p2,... ¢}

3:  Generate ¢’ with barometer-based floor transition detec-
tion and generate initial floor constraints FC;

4:  Compute floor similarity Sim(z;, t;) for each pair of tra-
jectories 7; and 7; in ¢’ using Equation (2);

5:  Sort pairs (;, 7;) in descending order based
on Simy(t;, 7;);

6:  for each pair of (t;, ;) do

7: if Simy(t;,7;) > o) then

8: ifriﬂrj¢FC&&erri¢FCthen

9: if 7, or t; not in Cy then
10: Merge 7; and 1, to the same floor cluster in C;
11: Update floor constraint FC;
12: end
13: else
14: if Clusters containing t; and t; can be merged based
on oy and FC then
15: Merge clusters containing t; and 7;;
16: Update floor constraint FC;
17: end
18: end
19: end
20: end
21: else
22: return Cf;
23: end
24: end

25:  return Cf;

To merge the trajectories in ¢”, each pair of trajectories is
first sorted by their floor similarities in the descending
order. Each time one pair of trajectories is picked from the
top of the list. If their floor similarity is greater than oy and
they meet the floor constraints, they become candidates to
be merged to the same floor cluster. If one of these two tra-
jectories does not belong to any existing floor clusters, they
are merged to the same floor cluster, and FC'is also updated
due to the transitivity of the floor constraints. However, if
two trajectories already belong to different floor clusters, we
need to ascertain whether these two clusters can be merged
together. In MPiLoc, if the average floor similarity of these
two clusters is greater than oy and the merging will not
cause any violation of the floor constraints, they are merged
to the same floor cluster. Otherwise, we continue without
updating the exiting floor clusters. The process is repeated
until no such pair of trajectories can be found. The resultant
clusters consist of disjointed groups of trajectories, and each
cluster covers exactly one floor in this indoor environment.
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5.3 Path Segment Clustering

Within the same floor cluster, we further divide each single
trajectory into disjointed path segments. While path seg-
ments can take any form in general, in this work, we con-
sider only two kinds of path segments, namely: turns and
long straight lines. Walking along a straight path and making
corner turns are natural walking patterns in an indoor envi-
ronment. A given trajectory v = {s1, s2,...,s,} in each floor
cluster ¢y, can be broken into disjointed path segments (con-
sisting of either turns and/or straight lines) S=
{Sp, Sp+1,- .., 5.} where 1 <p < ¢ < n. Each segment in the
path segment clusters then becomes the basic unit for trajec-
tory matching in the next stage.

6 TRAJECTORY MATCHING

For each floor cluster, the goal of trajectory matching is to
find those path segments that are collected from the same
indoor space. For example, if two path segments are col-
lected from the same corridor, they should be in the same
floor cluster and should be marked as one pair of matched
path segments. To achieve this goal, the path correlation
and signal correlation are used in MPiLoc for matching.

6.1 Path Correlation

Like the clustering component, the trajectory matching algo-
rithm follows a two-phase scheme. The first phase is based
on a simple but effective idea. When people walk along the
same segment (turns or straight lines), the evolutions of the
two trajectories on a 2D plane should be highly correlated.
The path correlation correction can be measured as

Corrpa, = Corry(S1,52) + Corry (51, Sa). (5)

For two path segments from the same path segment clus-
ter, Sy = {s1,892,...,8,} and Sy = {s,s},...,s,} with the
same number of steps n, the Pearson correlation can be
computed as
El(X: — Xy —
Corr,(S1,S2) = [ = ) (X MXZ)], (6)

UX10X2

where X = {21, 29,...,2,} and X, = {z},),... 2]} are
sequence of horizontal displacements of steps of S and S
respectively. Similarly, Corr, is the correlation of the verti-
cal displacements of steps of S; and .S>. These displacements
can be computed given the step distance and direction of
movement. Corrp,, therefore measures the similarity
between two walking paths in the 2D plane.

Fig. 4 shows the CDF of the path correlations for traces
collected from both a large indoor floor level and a research
lab. In both environments more than 90 percent of path corre-
lations for correct matches (paths with same evolution trend
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in 2D plane) have value greater than 1.90 (maximum 2). The
path correlation is much lower for incorrect matches, with
90 percent less than 0.75.

6.2 Signal Correlation

Path correlation alone is not sufficient for obtaining accurate
matches. When path segments are collected from parallel
corridors in the same building, these segments may have
high path correlations. Another feature exploited in MPiLoc
is changes in the RSS signal along the walking path. It is
observed that there are specific patterns according to which
RSS signal changes along the same path way. This change is
due to the signal propagation and other environmental
obstacles. The pattern in which RSS signal changes provide
another useful hint to determine matching segments.

One question on using these signal measurements is the
stability of their trends with respect to the changes in phone
model and time. Fig. 6 shows the stability of WiFi signal
trends on the same path across three different phone models
(Samsung Galaxy S3, 54, and Galaxy Nexus). The trends are
plotted with smoothed curves and are stable across different
phone models for both APs. The variation is also relatively
stable at different periods of the day. As shown in Fig. 7, the
RSS trends collected for the same walking path in the morning
(9 am), afternoon (1 pm) and in the night (10 pm) are also simi-
lar. Another observation is that the similarity for APs with
higher RSS value tends to be higher than those with lower
RSS values. As shown in Figs. 6 and 7, the trend detected for
AP1 is more stable than that for AP2. With these observations,
we use signal correlation as a metric to further measure the
similarity between two path segments S and S,

Corrgigna = Zwi - Corr( Zi, 12) - I( i, Ré), ()

where R} = {ry,ro,...,7,} and R, = {r},r},...,7.} are the
sequences of RSS values of AP, observed in S; and S,
respectively. w; is the weight for AP, and we set

P . . . -
Wi = As signal strength values are given in nega
i TR

tive terms (measured in dBm), APs with larger average RSS
value will have more weight. Corr(R}, R}) is the Pearson
correlation of two RSS sequences for AP;. I(R}, R}) is an
indicator function used to decide if an AP, should be
included in the computation
i pi (8a)
(Rl»RQ) - { (8b)

1, |MR§ *MR§| < ORss
0, otherwise,

where orgs is the maximum acceptable difference between
the two mean RSS values of two path segments. The current
value for opgg is set to 5 dBm, which has been observed to
work well for different environments. Similar to the path
correlation computation, as movement can occur in both
directions on the same path, we calculate the correlation for
both the forward and reverse directions for each pair of seg-
ments and the maximum correlation is used. We exclude
APs that appear only in one segment and not in the other,
and also remove APs that appear in fewer than 10 steps in
either of the two segments. In summary, for the signal corre-
lation computation, we only consider APs that appear often
enough in both segments and whose average signal
strengths are similar.

In general, the C’orrsig,mz increases as two trajectory seg-
ments have more common APs and the trends of APs are
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Fig. 6. Stability of signal trends (phone varying).

similar. Fig. 5 shows the signal correlation distribution for
both the 3000 m? office floor and the 120 m? research lab. In
both environments more than 42 percent of signal correla-
tions for correct matches (same paths) have values greater
than 0.15. The signal correlation is much lower for incorrect
matches, with 98 percent less than 0.15.

6.3 Final Matching

MPiLoc leverages the discriminative power of both path and
signal correlations in the final matching to achieve an accu-
rate matching performance. For each pair of segments in the
same path segment cluster, we use the turning points to align
them and keep them to have the same number of steps by
discarding extra steps that contained in the longer path seg-
ments. Fig. 8 shows the receiver operating characteristic
(ROC) curve for both the large office floor and the small
research lab. Both curves show high performances of match-
ing, with large area under the curve. A good operating point
can be chosen using the y = « line. This operating point pro-
vides a guide for choosing the appropriate thresholds for the
path and signal correlation values to be used for matching.

7 FLOOR PLAN CONSTRUCTION

7.1 Algorithm

The trajectory matching discussed in the previous section
generates matching path segments for each floor cluster.
The output of the matching process M = {(51,52),...,
(Si,S;)} contains pairs of matching path segments and is
used as input to the Algorithm 2. Algorithm 2 each time
merges and generates floor plans for trajectories collected
from the same floor, i.e., in the same floor cluster.
Initialization. In the initialization phase, MPiLoc first builds
a displacement matrix A,;, which represents the final relative
locations between each pair of steps in trajectories in the same
floor cluster. That is, M, represents the final floor plan. Given
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Fig. 7. Stability of signal trends (time varying).
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Fig. 8. ROC curve of final matching.

two steps with global ID ¢ and j, the entry M;[i][j] determines
the relative 2D displacement between the two steps in the
floor plan, and are initially set to be their relative displace-
ment in the trajectory. The displacement between two steps
can only be measured if there are matching path segments
that can relate them. The displacement is “undefined” if the
steps are from two different trajectories with no matching
path segments. S, stores the steps that are merged due to
matching path segments and are initially set to be empty.

Algorithm 2. Floor Plan Construction Algorithm

1:  Input: Matching output M, one floor cluster c;
2:  Output: Updated displacement matrix A/,
3: Initialized displacement matrix Mj;
4:  Set of merged steps Sy, is set to be empty;
5:  for each matching segment pair (S;, S;) in M do
6: for each matching step pair (s,,, s,) in (S;, S;) do
7: Place s,,, s, into the single location;
8: New displacement of s,, and s,, are average displace-
ments of s, and s, to all points in Syeyge;
9: Smerge = Omerge U Sn U Sm
10: end
11: for each step p in c; but not in Sy,epge do
12: Displacement of p = average displacements of p to all
points in Syerge;
13: end
14: Update displacement matrix M; based on all new dis-
placements calculated;
15:  end

16:  return My;

Iteration. In the iteration phase, each matching segment
pair (5;, S;) is taken into account to update the displacement



148 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL.17, NO.1, JANUARY 2018
%) T 7 [ P———

d12(@12+d52)/2 prrr v dvety f‘-"j — 90909009000"’:“’”%- J
o
od SE g ‘ {

e o & I (]
d (d14+t1241/2 0069 0RSp PP Padtt 5 o 502
N = : ‘
(a) New matching segments (b) 1,5 merge to- ot i L—'_
gether (a) Before (b) After

AB——0)

@13 = [d13+d53+ (d"12+d23)+(d"14+d43))/4

@3 (d’12+d’14)/2 @B

(c) New displacements
calculated for 2 and 4

(d) New displacement calcu-
lated for 3

Fig. 9. Example of motion vector merging. d;; denotes the current dis-
placement and d,’ij denotes the new displacement.

______________ P § 4
bbb £y B A | Ky
8
e | ]
Shpamar Gocoooonee
(a) Before (b) After

Fig. 10. Intra trajectory merging and error correction.

matrix. Recall that matching segments have the same num-
ber of steps. For each pair of matching steps (s, s,), since
they are collected from the same indoor space, we set the
starting position of these steps to be the same so that they
start at the same location. We then compute the new dis-
placements by finding the average displacements of these
steps to those have already been merged. The detailed floor
plan construction algorithm is shown in the Algorithm 2.

As an illustration, consider Fig. 9. The trajectory consists
of five steps {1,2,3,4,5}. Sy = {1,2} and Sy = {5,4} are the
only pair of matching segments in this example. The algo-
rithm first computes the starting (relative) position of the
first matching steps. Fig. 9a shows the original displace-
ments of the points in the trajectory.

In Fig. 9b, the starting points of the first pair of matching
steps {1,5} are considered to be at the same location (shown
as 1’ and 5’ in the figure). In order to calculate the new dis-
placements for the next pair of matching steps {2, 4}, which
is again assumed to be collocated, the new displacements d,
and d}, are computed as w, as shown in Fig. 9c.

After the new displacements for all matching steps in this
segment have been computed, the displacement of all the
other steps are updated. As shown in Fig. 9d, the displace-
ment d}, is determined by averaging the displacements of
all four matched steps.

Since the matching pair is either from the same trajectory
or from different trajectories, the floor plan construction
algorithm works for both intra-graph merging and inter-
graphs merging. As shown in Fig. 10, the trajectory is
refined internally and merged with itself using the algo-
rithm. The error cumulated in dead-reckoning is corrected
within the same trajectory. Fig. 11 shows the merging of dif-
ferent trajectories collected from the same floor. By merging
trajectories, MPiLoc further cancels the dead-reckoning
error through inter-trajectory merging. Note that since each
step carries fingerprint data, it naturally can serve as the
radio map for localization. Since the merging algorithm
works for all geographically separated floor clusters, floor
plans and radio maps are generated for all different indoor
floors covered by the participating users.

Fig. 11. Inter trajectory merging and error correction.

The maps generated are relative maps, i.e., the locations
in the map are not associated with the absolute location yet.
To map the floor plan to the real locations in the indoor
environment, MPiLoc only requires at least one point to be
associated with a physical coordinate. This point becomes a
global reference point set manually or detected by GPS
opportunistically and after that all the locations of the rest
points in the maps can be fixed.

7.2 Floor Plan Filtering

Filtering is required to remove the noisy samples and trajecto-
ries in the floor plan construction process. Trajectories that
have no matching segments are first filtered out after the
matching process. Therefore the outlier trajectories will not be
reflected in the final results. To further smooth the constructed
floor plans, we adopt a grid-based filtering scheme. The gener-
ated floor plans are divided into 1 x 1 m? grids. We observed
that most grids that contain correct walking trajectories have
more steps than the average number of steps over all grids in
the floor plans generated by the trajectory merging algorithm.
In the final floor plan constructed, all grids with number of
steps less than the averaged will be removed. To smooth the
floor plan constructed, morphological operators dilation and
erosion [36] are used, and the extracted contour from the ero-
sion result are used as the smoothed walking paths.

7.3 Floor Plan Evolution

To reflect the environmental changes and new user inputs,
the floor plan generated needs to be periodically updated.
One important feature of MPiLoc is the floor plans will
keep evolving with continuous incoming of user inputs.
The evolution is also fully automatic. In MPiLoc, the floor
plan is updated every 10 minutes to handle the new user
input. All new data will be clustered into the existing clus-
ters or new clusters (e.g., new floors) may be generated. As
shown in Fig. 12, the floor plan is updated every 10 minutes
to generate an evolving indoor map. The radio maps are
also updated during the same process to maintain an up-to-
date localization database.

7.4 MPiLoc Localization

MPiLoc adopts a fingerprint-based approach for indoor
localization. The radio maps are automatically built and
updated by merging user contributed walking data. In this
way, MPiLoc is able to handle localization queries and
return the user location using the radio map and input fin-
gerprints. Previous works such as RADAR [14] utilize the
fingerprint database by using the nearest neighbors from
the query point to the reference points in the database as the
similarity metric.

Such an approach works relatively well for indoor areas
with sparse AP deployments (In RADAR, only three APs
are presented). However, during our data collection we
observe that many indoor environments have very dense
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AP deployments (sometimes more than 100 on one floor).
Nearest neighbor matching works poorly in the dense AP
environment. This is because at each location smartphones
can observe a long list of remote APs with RSS ranging
from -80 dbm to -90 dbm. The RSS fluctuations of large
numbers of these remote APs overwhelm the small set of
nearby APs in calculating the similarity. However, nearby
APs are more important in deciding the current location of
the user since high RSS values only cover a small area for
each AP. Based on this observation, MPiLoc uses the simple
but more effective weighted maximum similarity as the metric

1
mazx{|r; —rj|,1}’

WMS => "o - )
i=1

where n is the total number of APs, ! = 1/|u;| is the weight of
the ith AP and is inverse to the absolute of its mean value.
Therefore, nearby APs with higher average RSS values will
have higher weights. r; is the input RSS of AP; and 77, is from
the radio map. WAZS will have a higher value if the input point
and reference have more common APs and the RSS differences
for nearby APs are smaller. The location will be determined
by the maximum WMS matching in the radio map.

8 ENERGY MANAGEMENT

8.1 WiFi Scanning Modes
8.1.1 Collection Mode

During data collection, it is important to increase the col-
lected fingerprint density when users are walking indoors.
To increase the fingerprint sampling rate, in MPiLoc we
only scan Channels 1 (2,412 MHz), 6 (2,437 MHz) and, 11
(2,462 MHz) during data collection. These channels do not
overlap with the commonly deployed 802.11 b/g/n [37] net-
work. The iw wireless package for Android is used [38]. As
shown in Fig. 14, these three channels cover most of the
deployed APs in the environment we measured. In our scan,
we also include one channel (5,240 MHz) from the less com-
monly deployed 802.11a network. By reducing the number
of channels scanned and improving the efficiency of the
code, we significantly increase the sampling rate. On the
average, around three radio fingerprints can be collected
every second, compared with using the Android
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Fig. 14. MPiLoc increases scanning speed by scanning sub-channels.
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Fig. 15. Sensor-triggered scanning for energy management.

WifiManager which can only collect one sample every three
two to three seconds. The average number of fingerprints
per step is computed by combining all fingerprints collected
between two consecutive steps. However, the aggressive
sampling also increases the energy consumption, and should
to be performed only when necessary. We will discuss the
sensor-triggered WiFi scanning scheme in Section 8.2.

8.1.2 Localization Mode

During online localization, the system becomes less sensi-
tive to the WiFi sampling speed, and a two-to-three second
WiFi refreshing rate is normally sufficient for most applica-
tions to achieve the ‘real-time’ localization. As a result, it is
no longer necessary to sacrifice energy to WiFi sampling
speed, and so we use the normal Android WiFiManager
scanning for online localization.

8.2 Sensor-Triggered WiFi Scanning

To further reduce the power consumption of WiFi scanning,
we exploit smartphone sensors to differentiate between dif-
ferent system states to switch the scanning mode dynami-
cally. As shown in Fig. 15. MPiLoc runs in three scanning
states: COL, LOC, and IDLE. In the COL state, MPiLoc per-
forms data collection and uses the fast scanning described in
Section 8.1.1 to collect fingerprints as fast as possible. In the
LOC state, MPiLoc performs localizations tasks and uses the
normal Android WiFiManager scanning to reduce the sam-
pling cost. In the IDLE state, MPiLoc only samples the low-
cost IMU sensors and stops all WiFi scanning to save energy.

8.2.1 Stationary Detection

During opportunistic data collection, since there is no con-
trol on their walking patterns, participants may stop occa-
sionally and WiFi scanning will obtain duplicated
fingerprints for the same location. Similarly, during locali-
zation it becomes unnecessary to refresh the locations when
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users are staying at the same locations. To save power, it is
important to reduce the WiFi sampling rate or stop WiFi
scanning to avoid collecting redundant fingerprints for the
same location. In MPiLoc, since the system detects walking
steps, the user is deemed stationary if the step counter is not
updated for a given amount of time. In MPiLoc, this period
is set as 10 seconds. Users are determined to be stationary if
no steps are detected after timer expires.

8.2.2 Heading Noise Detection

Heading angle estimation using IMU sensors can be noisy
[39] and the noise of heading angles calculated using smart-
phone IMU sensors constitutes the major error source of the
system. In addition, users might put their phones in different
places during data collection, for example holding the phones
in their hands, or putting them in pockets or backpacks.
Although the trajectory merging provides error correction for
dead-reckoning as described in Section 7, it is important to fil-
ter out noisy compass readings before uploading them for
merging. As shown in Fig. 16, putting phones inside loose
pockets or backpacks introduces more heading angle fluctua-
tions than when users are holding the smartphones in their
hands during data collection. Detecting such noisy traces not
only avoids adding additional noise to the trajectory merging
process, but also provides important hints to the smart-
phones to switch to a low-power state to save energy.

In MPiLoc, we opportunistically capture traces with con-
sistent heading angles and discard the rest with noisy head-
ing angles. We measure the smoothness of the heading
angles using the Hodrick-Prescott filter[40] to detect the
level of fluctuation of the heading angles when walking

Smoothness = Z(ai — 201 + a,;_g)z,
i=3

(10)

where «; is the heading angle sampled at the ith step. We
maintain n as 10 steps and report heading noise when it
exceeds an empirical threshold. The heading noise detection
also triggers the smartphone to switch from the COL state to
the IDLE state to save power.

8.2.3 Triggered Scanning

As shown in Fig. 15, during data collection the smartphone
will transit from the IDLE state to the COL state when the
user is walking and the compass readings are not fluctuat-
ing, and will switch back to the IDLE state either when the
user is detected to be stationary, or when noisy heading
angles are detected. Similarly, during localization the phone
will switch to the LOC state from the IDLE state when the
users is walking normally and switch back to the IDLE state
when the user stops walking. The detailed energy consump-
tion of different states and the final triggered scanning
scheme is evaluated in Section 9.
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9 EVALUATION

9.1 Implementation

MPiLoc has both client and server components. The client
performs two functions: data collection and issues localization
query. For data collection, the client runs an Android smart-
phone service in the background to opportunistically collect
walking trajectories and radio fingerprints. For localization,
the client issues queries to the server to localize the phone.
The server collects user uploaded trajectory and fingerprint
data. It uses the data collected to construct and update the
floor plans periodically for all indoor environments it has
data for. For each localization query, the server first deter-
mines the correct radio map to use based on the AP cluster-
ing result. The weighted maximum similarity match is then
used to find the best matching location of the phone.

9.2 Data

The experiment data is collected from five different areas
which cover about 5800 m?* areas in total. The sizes of these
five different floors range from 120 m? to 3000 m?*. Three dif-
ferent phone models are used: Google Galaxy Nexus, Sam-
sung S3 and Samsung S4. All phones run the Android OS. An
average of 37 APs are detected in each of the 5 areas. In total,
700 user trajectories from 20 participating students are
recorded, which contain about 100,000 steps, with each step
associated with direction as well as WiFi fingerprints. We do
not have special requirements on phone placement during
data collection. The participants may hold the phone in their
hands, put inside pockets or backpacks. The heading noise
detection discussed in Section 8.2.2 is used to filter out walk-
ing trajectories with fluctuating heading angles. To obtain the
ground truth for evaluation, we ask them to periodically tap
their locations on the map so that the corresponding steps’
ground truth locations in the indoor environment are known.

9.3 Performance
9.3.1 Evaluation Metrics

We evaluate the overall performance of MPiLoc by evaluat-
ing the quality of the floor plan constructed and the loc-
alization accuracy. Two major metrics are used in the
measurement of the floor plan construction and localization:

Step Mapping Error (SME). The floor plan constructed
maps steps of walking trajectories into the real floor plan.
The step mapping error measures how accurately the trajec-
tories fit the real floor plan. Since fingerprints are associated
with each step, a lower step mapping error results in higher
fingerprint mapping accuracy, which directly affects the
localization accuracy. The SME is defined as

SME = ||L(s) — L(s')]], (11)
where L(s), L(s") are the mapped location of the step and
the ground truth location of the step respectively. A
smaller SME reflects better matching of the constructed
floor plan to the real one. To establish the ground truth,
the locations where each step is taken in the reference
floor plan are manually tagged. Since each step has a
globally unique identifier, the location of one particular
step in the constructed floor plan can be obtained by que-
rying the ID, and SMEs are measured by calculating the
differences between the estimated step locations and their
respective ground truth locations.
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TABLE 2
Performance of Barometer-Based Floor Transition Detection
Morning Afternoon Evening
Precision 100% 100% 96%
Recall 97.5% 98% 98%
TABLE 3
Floor Clustering Performance
Precision Recall Accuracy
95.2% 88.9% 97.1%

Localization Error (LLE). LLE measures how well the loca-
tion given by the localization server matches the ground
truth location of the phone

LLE = ||L(p) - L(P)I, (12)
where L(p) is the estimated location and L(p’) is the real
location of the phone. The smaller the euclidean distance,
the better the localization quality.

9.3.2 Trajectory Clustering

The clustering algorithms in MPiLoc group user-
contributed data into smaller groups for higher efficiency in
the later stage of the floor plan construction process. Since
the major uncertainty in the whole clustering process lies in
the floor clustering process, we focus on the evaluation of
floor clustering here.

Table 2 shows the evaluation results for the barometer-
based floor transition detection. The ground truth is input by
the user whenever a floor transition happens when taking
stairs or elevators. The collected time is also recorded down
due to barometer readings might vary over time. We group
our data into different time periods. We can see that even the
barometer is sampled at a low sampling rate (1 Hz), the floor
transition can be accurately detected in all datasets. Since we
use the relative altitude value instead of the absolute value
for floor transition detection in MPiLoc, the accuracy remains
high in all scenarios regardless of the fact that they are col-
lected in different time periods. Floor transition detection
using relative barometer reading has above 96 percent preci-
sion, and above 97 percent recall. The relative altitude based
floor transition detection in MPiLoc makes it possible for
robust detection from large quantities of input data that are
collected from different users on different days.

To evaluate the floor clustering performance, we evalu-
ate the quality of all generated floor clusters. If two trajecto-
ries clustered to the same floor cluster are actually from the
same floor, this results in a true positive (TP), otherwise it is
a false positive (FP). If the clustering algorithm group two
trajectories from the same floor into different floor clusters,
and it is a false negative (FN), similarly for true negative
(TN). In this way, we have precison = TP/(TP + FP),
recall = TP/(TP 4+ FN) and accuracy = (TP +TN)/ (TP +
FP+ TN + FN). As shown in Table 3, the floor clustering
algorithm using floor similarity and floor constraints can
efficiently cluster trajectories into floor-based groups. The
floor-clustering accuracy achieves an average precision of
95.2 percent, recall of 88.9 percent and final accuracy of
97.1 percent.
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Fig. 18. CDF of SME in floor plan construction.

9.3.3 Floor Plan Construction

Since each floor cluster contains trajectories from a single
floor, the floor plan construction algorithms can be applied
to each individual cluster to generate a floor plan for that
floor. By looking at the relative floor constraints among all
floor clusters, the relationships between each pair of gener-
ated floor plans can be obtained, resulting in a multi-floor
floor plan as shown in Fig. 17.

Since the input trajectories for merging contain stride
length information, the constructed floor plans are in the
unit of meters. We scale the constructed floor plan to the
same scale of the ground truth indoor floor map and overlay
them assuming one GPS location is available. The sample
overlaid graphs are shown in Figs. 12 and 13. To measure
SME, each step is assigned a global ID such that the final
location in the constructed floor plan can be found. We
mark the localizations on the real floor map for steps that
have ground truth locations tapped by participating users
and measure the SME by measuring the distances between
the steps in the constructed floor plan and the ones on the
real floor map. Fig. 18 shows the CDF of SME for all five dif-
ferent indoor environments. As shown in the figure, in all
environments MPiLoc achieves consistent step mapping
performance, with an average SME of 0.76 m for all five
indoor floors. The results reflect that the constructed maps
of walking paths fit the ground truth indoor floor plans
well, and the floor plan construction algorithm can be
applied in various indoor environments.

Fig. 19 shows the CDF of average SME of MPiLoc and
Walkie-Markie in floor plan construction. Walkie-Markie
relies on WiFi-Marks for floor plan construction. One key
difference between WiFi-Mark and the signal correlation is
that signal correlation extends the single tipping point
matching in WiFi-Mark to whole spectrum matching in
MPiLoc. In practice, most APs detected in the indoor space
have medium RSSI values ranging from -85 dbm to
-65 dbm. Within this range RSSI changes in a more random
manner when users are walking indoor, and peaks are
harder to be detected to form WiFi-Marks. For those with
stronger RSSI values (e.g., >-65 dbm), WiFi-Marks can be
detected but due to the fluctuation of RSSI, the locations in
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TABLE 4

Comparison of Related Localization Systems
System Average LLE Effort
RADAR [14] 2~5m Site survey
Horus [41] ~1m Site survey
Zee [4] 1~3m Floor plan
UnLoc [3] 1~2m Door localization
LiFS [2] 3~7m Floor plan, time-consuming
MPiLoc 1~3m Self-calibrating

which the peaks are detected can be significantly varied,
resulting in the larger errors in the floor plan construction.
As shown in Fig. 19, due to more reliable matching using
signal correlation, MPiLoc achieves significant performance
gain with about 32 percent less SME on average in floor
plan construction.

9.3.4 Localization

Localization performance is evaluated in all five indoor
environments to measure the accuracy of the constructed
radio maps. As shown in Fig. 20, in all five different
indoor environments, MPiLoc achieves high localization
accuracy with an average LLE of 1.82 m, and 80 percent
of localization errors are less than 3 meters. Table 4 pro-
vides a brief summary and qualitative comparison
between MPiLoc and other localization systems. As the
evaluations are performed in different settings, the local-
ization errors listed (obtained from the respective
papers) can only provide a high level guide to the rela-
tive performances of the various systems. Even though
MPiLoc does not require manual calibration and land-
marks, it can achieve localization accuracy that is compa-
rable with that of the other localization schemes.

Nexus, Samsung S3 and S4. As shown in Table 5, the
average power consumptions of three WiFi scanning
modes are 74.8, 714.7, 852.2 mW respectively. As shown
in Fig. 21, the COL state is the most power hungry and
incurs an additional 137.5 mW on top of the normal
WiFi scanning used in LOC state. Running MPiLoc in
both the COL state and the LOC state incurs roughly
additional power consumption of 700 mW more than in
the IDLE state when only IMU sensors are sampled,
which indicates that we should switch to the IDLE state
whenever possible. We simulate the state transitions of
the sensor-trigger scanning scheme by looking at the
step patterns and the heading angles in the uploaded
walking trajectories and measure the final power con-
sumption based on the percentage of time staying in dif-
ferent states. As shown in Table 5, the sensor-triggered
scanning reduces the average power consumption to 462
mW, which corresponds to a battery lifetime of approxi-
mately 20 hours.

10 DISCUSSIONS AND LIMITATIONS

10.1 Error Correction of Smartphone Dead
Reckoning

Despite significant amount of research efforts and progress
in the literature, efficient and automatic error correction for
smartphone dead reckoning remains a challenging open
problem. More sophisticated error correction techniques are
the key to the performance improvement of participatory
sensing systems that rely on accurate inertial sensing.
Future development of highly efficient error correction
mechanisms for smartphone dead reckoning can be seam-
lessly integrated with the MPiLoc’s inertial sensing module
to further improve its overall performance, and we leave it
as an important future work to explore.

10.2 Fingerprint Database Update
To reflect the environmental dynamics, the fingerprint data-
base needs to be periodically updated. In MPiLoc, we
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periodically update the fingerprint database by merging the
newly collected walking trajectories and by running
the matching and merging algorithms over them. After the
merging process, the fingerprint database is updated by
simply appending the new fingerprints into the database
and removing those older than certain period (e.g., one
month). While we find that this simple update strategy is
able to keep the system working, more sophisticated updat-
ing strategies are possible (e.g., aging mechanisms) to
improve the system update performance.

10.3 Complicated Floor Plans

MPiLoc focuses on commonly seen office-like environ-
ments where people work and live daily. To construct
indoor floor plans, MPiLoc extracts turn segments and
line segments for matching. Extending to more compli-
cated layouts containing curve shapes and large open
space requires extracting additional curve segments.
Although in practice walking paths inside buildings are
often separated by walls or other obstacles, in open
spaces where people may not walk along distinct walk-
ways, path correlation and signal correlation may fail to
differentiate intersecting or parallel aisles that are not
separated by sufficiently large distances. To extend the
system capability to cover large open space, it is possible
to integrate MPiLoc with fixed-starting-point dead reck-
oning approach such as [11] to extend the coverage of
the constructed floor plans. Also, in some specially
designed indoor environments with big open areas, such
as shopping malls with big open space in the middle,
the wireless signal exhibit more similarities in each floor,
and the confusion rate might increase as well. It is possi-
ble to further improve the floor clustering performance
in such environments through techniques such as sophis-
ticated barometer calibration [27] and include absolute
barometer readings in the floor clustering process. These
are important open problems and we leave them as
future directions to explore.

11 CONCLUSION

In this paper we propose and evaluate MPiLoc, an indoor
localization scheme that takes user walking trajectories as
input and automatically builds and updates the indoor floor
plan in multi-floor indoor environment. By incorporating
radio fingerprints, the indoor radio map is also automati-
cally managed by MPiLoc. MPiLoc requires no human
intervention, works in multi-floor indoor environment, and
can achieve high localization accuracy with an average error
of 1.82 meters. As MPiLoc only requires minimal user effort
for calibration and maintenance, it has the potential for
large-scale deployment in practice.
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