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ABSTRACT
Owing to dense deployment of light fixtures and multipath-free
propagation, visible light localization technology holds potential
to overcome the reliability issue of radio localization. However,
existing visible light localization systems require customized light
hardware, which increases deployment cost and hinders near term
adoption. We present LiTell, a simple and robust localization scheme
that employs unmodified fluorescent lights (FLs) as location landmarks and commodity smartphones as light sensors. LiTell builds on
the key observation that each FL has an inherent characteristic frequency, which can serve as a discriminative feature. It incorporates a
set of sampling, signal amplification and camera optimization mechanisms, that enable a smartphone to capture the extremely weak and
high frequency (> 80 kHz) features. We have implemented LiTell
as a real-time localization and navigation system on Android. In our
experiments, LiTell demonstrates high reliability in discriminating
different FLs, and great potential to achieve sub-meter granularity.
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•Computer systems organization → Special purpose systems;
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1.

INTRODUCTION

Indoor localization technology is bringing huge impacts on human activities. Existing market research predicts that location-based
services in retail industry alone will generate 10 billion revenues by
2020 [1]. However, after decades of research, there still lacks an indoor localization solution with desired simplicity and robustness. A
recent field test of state-of-the-art localization schemes [2] revealed
a common set of problems including high deployment overhead
and low reliability. The consensus is that robust meter-level indoor
localization remains an open problem. Radio based localization techniques are most extensively studied [3–6], however, the elusive naPermission to make digital or hard copies of part or all of this work for personal or
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Figure 1: Diagram of the cus- Figure 2: Light intensity fretomized high-speed light sensor. quency components of FLs.
ture of radio signals together with sparse deployment of access points
render them less reliable in real environments [2, 7]. Meanwhile,
visible light (VL) localization techniques hold potential to overcome such fundamental limitations. Using ceiling-mounted LEDs
as beaconing devices, VL localization can achieve sub-meter precision [8], and can even determine the orientation of a smartphone [9].
However, almost all existing LED based localization techniques require adding customized beaconing circuits to the LEDs [10], which
involves substantial cost and hinders near term adoption [11].
To address these problems, we designed and implemented LiTell,
a simple and robust VL localization scheme, which can be immediately used on unmodified light fixtures and commercial-off-the-shelf
(COTS) smartphones. LiTell uses fluorescent lights (FLs) as location
anchors, and smartphone cameras as receivers. The key hypothesis
is that an FL’s driver acts as an oscillator with a resonance frequency.
Due to unavoidable manufacturing variation, different FLs have different resonance frequencies, which will cause each FL to flicker at
a characteristic frequency (CF), a high frequency (> 80 kHz) that is
not perceptible by human and remains relatively stable in practice.
LiTell uses the CF as a discriminative feature among different FLs
which in turn serve as location landmarks. We have tested the hypothesis using a customized high-speed light sensor (Fig. 1). Our
experiments demonstrate that the CFs are highly diverse, and are
also highly reliable (Sec. 2). LiTell also incorporates image signal
processing algorithms that convert the smartphone’s camera into a
high speed optical sampling device. We have implemented these
algorithms on COTS Android phones. Our experiments in a 4-storey
office building demonstrate that LiTell can identify the CF features
with high reliability under various usage behaviors and environment
conditions, and across multiple generations of Android phone models built from 2012 to 2015. In addition, our field study reveals
that LiTell has low and bounded setup cost and unobtrusive fingerprinting process, and is robust against heavy human activities and
environment dynamics. To our knowledge, LiTell represents the first
ready-to-use, real-time localization system to achieve a combination
of such desirable traits.

2.

OVERVIEW

LiTell employs unmodified fluorescent lights (FLs) as location
landmarks. To sparkle the fluorescent tubes, FL’s driver circuit
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(“ballast”) converts electricity to a high frequency AC voltage, whose
frequency is determined by a few components and reflected in the
FL’s light emission. Due to manufacturing variation, the value of
these components usually varies by 5-20%. As a result, even among
FLs of the same model, their frequencies tend to vary.
Fig. 2 plots the frequency domain spectrum of light intensity
from 3 example FLs. All the FLs have a fundamental frequency
component followed by its harmonics. The dominate frequency
occurs at the second harmonic with 20-30dB higher magnitude,
which eases detection. Thus, we use the dominate frequency as the
FL’s characteristic frequency (CF).
Fig. 3 plots the CDF of pairwise differences in CFs (∆f ) among
over 500 FLs in our office building. Only less than 0.1% of the
pairs have ∆f ≤ 10Hz, and 0.2% have ∆f ≤ 20Hz, even among
FLs of the same model. This confirms the CF as a strong feature to
discriminate FLs at a large scale.
To verify the temporal stability of CF, we measure the CF of 8
randomly selected FLs in our office building. Fig. 4 plot the CF
values across days and weeks, which shows reasonable accuracy.
However, it also displays some drifts in long term, increasing the
risk of feature collision among FLs. As a result, LiTell is designed
to tolerate small amount of collisions by using pairs of CFs (of previous and current FL) to match in the database, which significantly
lowers the collision probability, as shown by calculation (Fig. 5) and
experiments (Fig. 6).
Practical challenges emerge when we try to capture such highfrequency CFs using smartphone cameras, which are designed to
capture static or low-rate scenes. To overcome camera’s low sampling rate, LiTell exploits the sparsity of the CF feature and the
rolling shutter effect. To combat its low sensitivity, LiTell synthesizes consecutive captures of the FL, isolate the interference from
ambient spatial patterns and mitigate the noise from camera hardware. Finally, we use a 2-pass identification process to find the peak
in the spectrum that corresponds to the CF.
LiTell can also provide sub-light level localization when finegrained location is needed. The size of each light model can be
recorded in the database, which helps LiTell establish a relation
between physical size and number of pixels in the captured image.
By extracting the light in the image, LiTell can easily recover its
relative position and thus user’s location with sub-light precision.

3.

DEMONSTRATION

In this demonstration, we will show the LiTell App and its localization / navigation capabilities. We will also run the prototype

fingerprinting database on a laptop, along with the high speed sensor
for fingerprinting. This will allow us to demonstrate the server-side
CF extraction algorithms and the fingerprinting process as well. During the demo, we will encourage the audience to carry a smartphone
that runs the LiTell App and shows the user’s location in real time.
Ideally demonstration of LiTell will require tube FLs, which are
available in most places. In case the FLs are not available at the
conference site, e.g., due to natural lighting or the use of LEDs, we
can bring a few of our own lights. We will bring our own laptops and
smartphones, but we do need a desk as well as power outlets. We
will setup our own Wi-Fi access point for the smartphones used for
demonstration. Our demonstration does not require Internet access.
The whole setup process (including fingerprinting the demonstration
area) should be less than half an hour.

4.

CONCLUSION

By peeking into the frequency characteristics of FLs’ light emission, we explore the feasibility of using unmodified FL fixtures
to build a robust indoor localization system. We present LiTell, a
system that can discriminate subtle differences in the weak, high
frequency characteristics of FLs’ emission, utilizing COTS smartphones’ cameras augmented with customized sampling/amplification
algorithms. This demo will showcase LiTell in the MobiCom’16
conference site, using unmodified ceiling FL fixtures and commodity
smartphones. We believe this will trigger substantial interest and
inspire new ideas on low-cost visible light localization.
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