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Abstract
While a remarkable effort has been put in developing indoor spatial awareness systems, they are still
isolated efforts that are tailored to specific deployments. A truly ubiquitous indoor spatial awareness
system is envisioned to be deployed on a large scale worldwide, with minimum overhead, and to work
with the heterogeneous IoT devices. Such a system will enable a wide set of new applications including
worldwide seamless direction finding between indoor locations, anywhere anytime health monitoring,
enhanced first responders’ safety, and providing richer context for indoor mobile computing applications.
In this paper, we describe our vision and work towards achieving ubiquitous indoor spatial awareness systems as well as the open challenges that need to be addressed to materialize this dream.

1

Introduction

The advancements in mobile devices coupled with wireless communication have opened the door for a myriad
of context aware applications for indoor spaces including activity recognition, vital signs monitoring, mood
detection, among many others. Of these, location is considered one of the main context information which, not
only provides valuable information about the user herself, but also tags all other extracted context information
with where they occurred. Such context information enriches the user spatial awareness and enables a new set
of applications such as seamless navigation between indoors and outdoors, indoor analytics, indoor geographic
Information Systems (GISs), first responders’ safety, evacuation planning, indoor E-911, among many others.
Current efforts for indoor spatial awareness usually target designing systems for a specific purpose or a
specific environment, which limits their scalability and ubiquitous deployment on a worldwide scale. In this
paper, building on the pioneering work in the area, we envision a truly ubiquitous indoor spatial awareness
system that can be deployed anywhere around the world, with minimum overhead, and that works with the
heterogeneous Internet of Things (IoT) devices. For this, we provide a vision and possible implementation
for two main components for enabling such a system. In particular, we describe systems for enabling indoor
localization as well as device-free sensor-less sensing, both on a worldwide scale. For the indoor localization
component (Section 2), we argue that the lack of a worldwide indoor floorplan database is one of the main
hurdles facing worldwide indoor localization. To address this, we propose to leverage the ubiquitous sensor-rich
mobile devices that are available with their users 24/7 to collect motion traces and analyze them to estimate the
building floorplan shape as well as higher-level semantic information.
For the device-free sensor-less sensing (Section 3), we propose leveraging the already-installed wireless
infrastructure to estimate different context information, without using any special hardware. Specifically, we
show how one can identify different context information based on analyzing the changes of the RF signals due to
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Figure 1: Architecture of a ubiquitous indoor spatial awareness system (Figure from [38], included here by
permission).
the presence of humans or objects in an area of interest. We finally conclude the paper with different directions
for extensions and open research challenges in Section 4.

2

Indoor Localization on a Worldwide Scale

One of the most commonly used context information is the user location. The user location provides not only
where she is, but combined with other sensors can also provide information about different aspects of her preferences or conditions. A number of systems have been proposed over the years to provide indoor localization
using different technologies such as infrared [36], ultrasound [29], various RF technologies [8, 37, 40, 41], magnetic field [3, 11], and light [27], etc. However, these systems usually target specific deployment areas, require
special hardware, and/or require a tedious calibration process. We are still missing a ubiquitous indoor localization technologies, similar to GPS outdoors, that works virtually in any building worldwide, with minimal
overhead, and supports the heterogeneity of IoT devices. This is reflected on the commercial domain, where
indoor localization from the big players are limited, mainly based on manual efforts and focused on specific
buildings. For example, in late 2011, Google Maps started to provide detailed floorplans for a few malls and
airports in the US and Japan. In an independent effort, Esri offered their solutions for indoors for a number of
case studies. Nevertheless, all these systems depend on manually building the floorplan and collecting the point
of interest (PoIs). Manual addition/editing of all buildings floorplans in a large university campus or an entire
city requires an enormous cost and effort which may be unaffordable. In addition, keeping these floorplans up
to date is another challenge.
We argue that, in order to realize a truly ubiquitous indoor localization system, there are two main challenges:
(1) providing indoor floorplans and a rich PoIs database on a world-wide scale and (2) providing accurate and
ubiquitous indoor localization. The lack of indoor floorplans on a world-wide scale can be attributed in part
to the manual effort required to populate this PoI database and upload the floorplans (if they exist) to a central
server, privacy concerns, or lack of incentives. The unavailability of accurate indoor localization on a worldwide scale may be due to the calibration effort required to construct fingerprints for indoor localization systems
such as WiFi-based localization system [40].
To address these two challenges, we envision a crowd-sensing system that leverages the sensor-rich alwayson mobile devices to automate these two tasks [38]. Figure 1 shows a possible system architecture for realizing
such system. Specifically, sensor information from mobile devices of users of a specific building are collected
and sent to the cloud for processing. The user motion traces are extracted from the inertial sensors and are
analyzed to estimate the building floorplan shape as well as other points of interests and higher layer semantics.
Concurrently, other relevant signals for localization, such as WiFi APs or BLE beacons information, are used to

construct the required databases for localization. Other users can then query the system to obtain the floorplan
of the building they are located in, in addition to estimating their location.
In the rest of this section, we give some insights about some projects that pioneered the work in automatic
semantic construction of indoor floorplans and ubiquitous localization.

2.1

Automatic Construction of Semantic-rich Floorplans

The goal of this module to estimate the overall floorplan shape and the rooms and corridors layout. The CrowdInside system analyzes the collected motion traces to estimate the overall floorplan shape [9]. The idea is that areas
with user traces should correspond to rooms and corridors, while blocked areas map to walls. First, it obtains
a point cloud by mapping each user step to a point. Then, it applies computational geometry techniques, the
alpha shapes, to estimate the floorplan layout. To separate rooms from corridors, it divides each user trace into
segments at each major change in direction, e.g. a turn. After that, a classifier is used to separate the different
segments based on features such as the user speed, points density, among others. Once separated, a clustering
operation is applied to the points corresponding to the rooms segments, using WiFi to separate adjacent rooms.
Finally, alpha shapes are applied recursively to each cluster to estimate the room shape. Many points of interest (PoIs) such as elevators, escalators, and stairs can be estimated based on their unique signature on the
different mobile device sensors. Different follow-up systems have suggested using other sensors, such as the
camera [20], or WiFi [22] to complement inertial sensors. In addition, other systems addressed the problem
of extracting higher layer semantics, e.g. the venues names or categories in a shopping mall or landmarks in
transit stations. In particular, the CheckInside system [15, 18] combines the phone sensors with information
publicly available from location-based social networks (LBSNs) such as Foursquare, to estimate the labels of
different venues inside a mall. The intuition is that the check-in operation of the LBSN provide hints about
the location the user is located at. However, due to the inherent inaccuracy of indoor location determination
systems and human errors in the check-in operation, whether unintentional or malicious, these labels may not
match the actual user location. To address this issue and provide high accuracy in labeling the venues, the system construct a multi-modal sensor-based semantic fingerprint of the different venues. This fingerprint is used
to determine the venue with fingerprint that has the closest match to the current user collected sensors. The
SemSense system [17] further extends this approach to estimate the venue categories, e.g. restaurant or clothing
shops, even for venues that are not popular. The idea is that, based on economic geography research, design of
the malls divides the available space into homogeneous blocks, where venues of the same category are grouped
together [34]. SemSense maps the venues category estimation problem into a graph theory problem, where
nodes reflect venues and edges represent the physical neighborhood relation between venues. Different category
scores are assigned to each node using an extended Topic Specific PageRank algorithm [21]. Only venues with
a category scores above a threshold are labeled to reduce the noise effect. The resulting floorplan can be used
to increase the LBSNs venues coverage ratio as well as allowing hierarchical look-up by organizing labels in a
hierarchical manner (e.g. venue name (McDonaldas or Starbucks), fine-grained category (restaurant or coffee
shop), or coarse-grained category (food place)).
The TransitLabel system [19], on the other hand, targets labeling the semantics in transit stations including
detecting the locations of different ticketing and vending machines, gates, restrooms, lockers, platforms, among
others. The idea is that the usage of these semantics present identifiable signatures on one or more cell-phone
sensors, e.g. the beep sound of a ticket vending machine [16]. This observation is leveraged to automatically
recognize these activities, which in turn are mined to infer their uniquely associated stations semantics (e.g.
ticketing machine). Furthermore, the locations of the discovered semantics are automatically estimated as the
center of mass of inaccurate passengers’ positions when these semantics are identified given that the average of
independent noisy samples should converge to the actual location based on the law of large numbers.
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Figure 2: Example of the IncVoronoi basic approach with four APs (Figure from [12], included here by permission).

2.2

Ubiquitous Indoor Localization

RF-based localization, e.g. using WiFi or BLE [10, 12], has a potential for providing ubiquitous indoor localization as it uses the already existing wireless infrastructure. However, due to the wireless channel noise and
complex propagation environment, they usually depend on constructing a radio map of the area of interest, where
the signature of the APs at different locations are stored during a calibration phase. Radio-map based techniques
can provide good localization accuracy. Nevertheless, constructing the radio map is a labor-intensive process
that needs to be repeated if the environment changes for different devices, reducing the technology scalability to
a worldwide scale.
To address this, researchers have proposed a number of approaches to reduce or eliminate the calibration
overhead. To reduce the calibration overhead, propagation modeling-based approaches, such as [10], or active
user crowd-sensing are used [28]. However, this comes at the cost of reduced accuracy or overhead on the user.
Passive crowd-sensing, where the user is not involved has been proposed in [4], where dead reckoning based on
the inertial sensors are used to estimate the user position and use it for automatic radio map construction. To
reduce the error accumulation in the dead reckoning process, a Simultaneous Localization and Mapping (SLAM)
framework is used that combines the motion model from the inertial sensors with an observation model of the
different semantics extracted from the multi-modal phone sensors. This leads to a high-accuracy localization
system with a low overhead on the user side. Moreover, since the system is crowd-sensing based, keeping the
radio map up to date with environment changes is accounted for.
To completely eliminate the calibration overhead and maintain robustness over environment changes, devices, and different APs transmit power, calibration-free techniques have gained momentum recently. For example, the IncVoronoi system uses the relative relation between the received signal strength (RSS) of each pair of
APs to determine the user location [12]. The idea is that, for a given pair of APs, the user will be located closer
to the strongest AP than the other. Based on this, it starts by estimating the location of the user as the location of
the Voronoi cell with the strongest RSS constructed using APs as seeds. To further reduce the ambiguity region
and refine the user location, the relative relation between each pair of heard APs is used as constraints to reduce
the ambiguity region recursively (Figure 2). Different modules are presented to handle practical consideration
such as the noisy wireless channel, obstacles in the environment, different APs transmit power, among others.

(a) Active
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Figure 3: Difference between active and passive radio maps construction (Figure from [33], included here by
permission).

3

Device-free Sensor-less Sensing

Traditional sensor networks have been based on special hardware, i.e. sensors, that are attached to the object
or installed near the phenomena being monitored. With the blooming of wireless networks at different scales
ranging from personal Bluetooth, through local wireless networks such as WiFi, to city-wide cellular networks;
it seems natural to try to leverage them for ubiquitous sensing on a worldwide scale. Specifically, the concept
of device-free passive (DfP) localization has been introduced [42] to leverage standard RF networks to detect,
track, and identify objects without them carrying any devices nor participating actively in the process. The
idea is that the presence of humans or objects in an RF environment affects the received signal, which can be
analyzed to sense different characteristic of the objects and the environments. For example, a wireless network
used during the day for browsing the Internet or checking one’s email, can be used without using any extra
hardware as an intrusion detection system during the night; just by monitoring and analyzing the changes in the
received signal strength at the different devices already installed in an area of interest. This opens the door for
a large class of novel applications such as border protection, smart homes, gesture recognition, mobile health
care, among many others. The fact that these applications can be deployed using standard RF networks, with no
additional hardware, makes them a good candidate for future spatial awareness systems on a worldwide scale.
In the balance of this section, we describe the different functionalities of device-free passive detection,
tracking, and identifications.

3.1

Detection

Binary detection, i.e. detecting whether there is someone inside an area of interest or not, is an important function
for a number of applications such as intrusion detection and smart homes. For example, in a smart home settings,
the device-free passive detection system can detect that there is no one currently in the house and turns off the
light to save energy. Detection functionalities usually serve as an enabler for the other functionalities, e.g.
enabling the DfP tracking module once an entity has been detected. To implement a DfP detection system, one
needs to differentiate between a silence period, where no one is inside the area of interest, and a busy period,
where an activity is detected. For this, simple techniques, e.g. based on estimating the variance of the signal
have shown high accuracy in detection [42]. More advanced techniques, e.g. [25, 32], target robust detection in
different environments and changing conditions by continuously updating the system parameters.

3.2

Tracking

Once an entity has been detected, the next step is to track its location in the area on interest. Note that this
tracking is performed without the entity carrying any devices nor actively participating in the tracking process
but based on its effect on the received signal strength. However, since the wireless channel is highly noisy in

indoor environments, there is no simple expression that can capture the relation between the RSS and distance.
Traditionally, device-based active localization systems, e.g. [43] used a radio map to capture the different APs
signatures at different locations in the area of interest. DfP tracking systems use a similar approach. However,
in contrast to an active radio map, where a device is placed at the different calibration points, a passive radio
map is constructed based on measuring the effect of a person standing at the different calibration points on the
signal strength received at the infrastructure devices (Figure 3). Recently, there has been some effort in reducing
the passive radio map construction effort by either automatically constructing the passive radio map through ray
tracing [7, 13] or using models for the signal strength [14].

3.3

Identification

The most exciting and most challenging DfP functionality is the identification function. This refers to characterizing the detected object or the environment including applications such as traffic estimation, gesture recognition,
mobile healthcare, emotion detection, among many others. For example, the ReVISE system [5, 23] leverages
the changes in the RSS of a transmitter and receiver installed along the side of the road to differentiate between
pedestrians and cars as well as estimate the car speed. The concept of device-free identification has been leveraged for a number of mobile healthcare applications. For example, [31] presents a system for fall detection
based on the variance of the RSS received from RFID tags at the RFID reader. More advanced signal processing
techniques have been applied to extract the breathing and heart rates [1, 26]. The idea is that the motion of chest
and heart during breathing or beating modulates the RF signal, which can be processed to separate and extract
the breathing and heart rates. More recently, a number of novel applications have been proposed based on the
DfP concept. For example [24,30] propose to analyze the heart and breathing signals further to estimate the user
emotion. WiGest [2] analyzes the changes of the ambient WiFi signals to turn any WiFi-enabled device into
a gesture recognition system. Other systems leverage the more fine-grained channel state information (CSI) to
learn detailed information about the object such as the pressed key on a virtual keyboard [6], whether someone
is smoking or not [44], and spy on spoken words [35].

4

Conclusion

Indoor spatial awareness on a worldwide scale is still a challenging problem that is open for new contributions.
Some of the possible directions for enhancements include identifying higher layer semantic maps, such as the
owner of a room. Formal modeling of the mapping process, e.g. to obtain bounds of the possible achievable
accuracy is another direction for research. User incentives techniques, such as using gamification, as well as
techniques to preserve the sensitive buildings privacy are open areas for contribution. Analyzing the redundancy
in buildings within the same complex or floors within the same building may have interesting challenges and impact on reducing the system overhead or increasing its accuracy [38]. Another parallel direction can be in using
the device-free passive identification concept for securing and controlling wearable devices. Handling the scale
and limited capabilities of the Internet of Things (IoT) devices is another challenge. Developing techniques that
address the heterogeneity, whether it is of using different RF technologies or devices with different capabilities,
is another dimension for research [39]. Finally, looking for the next killer-app for using DfP detection, tracking,
or identification and making it works robustly with high accuracy and at scale is always an open direction for
contribution.
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