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Abstract—We propose and implement a novel positioning sys-
tem, WalkieLokie, which directly calculates the relative position
from a smart device to a target. The requirement of the target is
simple: it is attached with a “dummy” acoustic speaker, which
does not have any other rich capabilities, such as audio recording,
communication, or computation. Hence, the proliferation of
smart devices, together with the cheap accessory (e.g., dummy
speaker) embedded in daily used items (e.g., smart clothes), paves
the way for WalkieLokie applications. WalkieLokie leverages the
walking motion for locating an acoustic speaker. The key insight
is that the distance between the user and the speaker varies in
real-time when the user walks, and the pattern of the variance
implies the relative position. We design a novel algorithm to
estimate the position and signal processing methods to support
accurate positioning. The experiment results show that the mean
errors of ranging and direction estimation are 0.63m and 2.46
degrees respectively. Extensive experiments conducted in noisy
environments validate the robustness of WalkieLokie.

Index Terms—Acoustic signaling, ranging, direction finding.

I. INTRODUCTION

The proliferation of smarts devices has led to fast develop-

ment of technologies and applications, such as indoor localiza-

tion, Augmented Reality (AR). Especially, the AR technology

is now popular among mobile users, e.g., Pok´emon GO [1],

Microsoft HoloLens [2], Google Glass [3], Wikitude [4], and

Augmented Car Finder [5]. The AR technology can enhance

the user experience when the user visits museums or travels,

where the user retrieves digital information of surrounding

objects via cameras or other sensors (GPS, inertial sensors).

Meanwhile, with the development of mobile technologies, new

challenges are experienced and waiting to be resolved. One

emerging problem is designing positioning schemes that can

be applied in various kinds of applications.

Nevertheless, current positioning systems are still not ubiq-

uitous enough due to different kinds of limitations [6], [7].

The GPS system is limited for outdoor use. Some indoor

localization systems [8], [9] require special-purpose infras-

tructures or hardware, though they achieve sub-meter accuracy.

Other systems that leverage existing infrastructures (e.g., WiFi

[10]–[15], Visible Light [16], [17]) are widely studied, but
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the accuracy still depends on the density of deployed infras-

tructures in a specific location. For the relative positioning

systems, the accurate direction finding system Swadloon [18],

[19] is proposed. Swadloon is light-weighted that the target is

only required to be capable of broadcasting audio. However,

Swadloon cannot calculate the distance of the target. Though

the ranging system BeepBeep [20] can be added for calculating

the relative position, BeepBeep requires that the target has

rich functionalities, such as audio recording, computation, and

wireless communications.

We propose and implement a novel and light-weighted

system, WalkieLokie [21], to calculate the relative position,

i.e., the distance and direction from a smart device to a target.

Compared with existing systems, WalkieLokie has less re-

quirements on the target, which only needs to be attached with

a dummy speaker (i.e., an acoustic source) for broadcasting

audio. Thus, WalkieLokie improves the ubiquity that it can

be applied to more kinds of applications, including normal

indoor localization, and new AR applications that require

relative position of targets. For instance, a person walks in

a shopping mall and a virtual shopping guide recommends

the surrounding goods that are new arrivals or on sale [22];

a person shares her/his virtual business card [23], [24] with

people walking around in a party; or gamers play Pok´emon

GO in indoor environments. Since the dummy speaker is cheap

and simple that it does not require other rich features, it is

available for the applications in many forms. For example, the

speaker can be a cheap accessory in smart clothes (e.g., Project

Jacquard by Google [25]), or even a loudspeaker originally for

sales promotion in a shopping mall. The broadcast audio is

inaudible that the loudspeaker, which used to be a noisy tool

for sales promotion, can now be “silent” for the same job by

“broadcasting” its relative position. Note that the speaker can

also perform “loud promotion” and the “silent positioning” at

the same time.

The key insight of WalkieLokie is leveraging the mobility of

a walking user for inferring the relative position. Specifically,

the distance between the target and the user changes in real

time when the user is walking, and the pattern of displacement
(variance of distance) is associated with the relative position.

Hence, by precisely tracking the displacement according to the

acoustic signal received from the target, we can simultaneously

calculate the distance and direction from the user to the target.

A major challenge of realizing WalkieLokie is to precisely

track the displacement, especially when the acoustic signal is

weak. We implement several software-based components of

signal processing, including Band Pass Filter (BPF), Auto-
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matic Gain Control (AGC), and Phase-Locked Loop (PLL).

Particularly, we design the second-order PLL for tracking the

phase, such that the tracked displacement, which is propor-

tional to the tracked phase shift, is accurate when the signal

is weak. Furthermore, our PLL is still accurate, when the

signal is modulated with more pulses, as explained in the next

paragraph.

We also face the challenge of ensuring the robustness of

WalkieLokie, which stems from many practical issues. The

main issue is that the accuracy of our basic positioning scheme

is reduced when the user is far from the device (i.e., 8 ⇠ 20m).

We address the issue by modulating more pulses in the acous-

tic signal emitted by the target, and design the pulse detection

algorithm and the long-distance ranging mechanism. We also

deal with other practical issues. WalkieLokie can still perform

relative positioning, when the user turns the walking direction.

It is also robust against interferences, such as multipath effects,

concurrent speakers, and noisy environments.

We implement WalkieLokie and evaluate the performance

in an empty room, an office and a typical shopping mall. For

the case when a user is in the vicinity of a speaker, the mean

errors of ranging and direction estimation are 0.63m and 2.45o

respectively. In the shopping mall, the mean error is 1.28m
for relative positioning, where the user walks arbitrarily in a

600m2

area and speakers in 5 different places are located.

The contributions of the paper are as follows:

• We propose and implement a novel relative positioning

system, which has little requirement on the targeted

device.

• We design a novel algorithm for relative positioning by

leveraging only the received acoustic signal without any

additional information from the targets.

• We propose a group of acoustic processing methods to

ensure robustness and ubiquity of our system in practical

environments.

The rest of the paper is organized as follows. We present the

overview of WalkieLokie in Section II. Then, we propose the

position estimation in Section III and the acoustic processing

in Section IV. We report our extensive experimental results and

review some related work in Section V. Finally, we conclude

the paper.

II. OVERVIEW

A. Problem Definition

System Requirements: The dummy speaker merely broad-

casts inaudible audio without any other capabilities. The smart

device has a microphone and inertial sensors (i.e., compass,

accelerometer, gyroscope), which are common components in

almost all smart devices. The smart device is held by a walking

user in open air or attached to the user’s body, but it cannot be

put in the pocket; otherwise, the received acoustic signal is too

weak to be processed. When performing relative positioning,

the smart device needs to be roughly relatively static to the

user’s body (e.g., the user holds the device firmly without

shaking the device) such that the user’s steps can be precisely

counted. Note that if we also leverage the context-sensing

techniques [26] for detecting whether some assumptions are
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Fig. 1. Example of relative positioning.

Fig. 2. The architecture of WalkieLokie.

violated, (e.g., device in the pocket), we can design some

strategies (e.g., just ignoring the signal) for improving the

robustness. However, it is out of the paper’s scope.

Output: For example, in Figure 1, a user walks and steps

on O
1

, O
2

, . . . , and a speaker is placed at A. Assume that

AH?O
1

O
2

. WalkieLokie calculates |O
1

H| and |AH|, which

indicates the relative position between O
1

and A. The relative

position can also decompose into distance (e.g., |O
1

A|) and

direction (e.g., = \AO
1

H).

B. Intuitive Solution and Observations

The key insight of relative positioning is that the pattern of

real-time displacements from the user to the speaker is related

to the relative position directly. In Figure 1, we denote l
i

as

|AO
i

|. Suppose the displacements d
1

(=l
1

�l
2

) and d
2

(=l
2

�l
3

)

are measured beforehand and the user’s stride length (|O
1

O
2

|)
is given. Intuitively, d

1

⇡ 0 implies that O
1

and O
2

are close

to H; d
2

< 0 implies that the speaker is at the back of the

walking user. Hence the coarse-grained direction is inferred.

Another observation is that when the distance |AH| increases,

the value of |d
2

� d
1

| decreases, which implies the coarse-

grained distance as well. Hence, the relative position between

O
1

and A can be estimated, if d
1

and d
2

can be calculated.

Note that the distance l
i

cannot be directly measured, and

we measure the displacement d
i

to infer the relative position

instead.

Long-distance ranging: Observe that the ranging in the

intuitive solution is more inaccurate when the distance in-

creases. Recall that if |AH| increases, |d
2

� d
1

| decreases.

Since there are errors on calculating d
i

, and |d
2

�d
1

| is used for

inferring the distance, the ranging is error-prone when |d
2

�d
1

|
is small. Hence, the long-distance ranging is required to be

designed. Note that the accuracy of direction finding is not

much affected, for the accuracy is determined by the precision

of measured d
1

.



0733-8716 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JSAC.2017.2679600, IEEE Journal
on Selected Areas in Communications

3

C. Architecture

In Figure 2, WalkieLokie is composed of 3 main compo-

nents: the input of smart device, the acoustic processing, and

the positioning scheme.

Input: WalkieLokie gathers continuous data from the mi-

crophone and the inertial sensors in the smart device. The

microphone records audio for acoustic processing. The ac-

celerometer mainly serves as a pedometer, which records the

time of each user’s step. The gyroscope is used to calculate

the angle of user’s rotation, when the user turns direction.

Acoustic signal processing: The component generates in-

termediate results for the positioning scheme. One result is

real-time relative displacement, which is calculated by using

the Band Pass Filter (BPF), Automatic Gain Control (AGC),

and judiciously-designed Phase Locked Loop (PLL), as il-

lustrated in Section IV. Another intermediate result provides

additional information for long-distance ranging. More specif-

ically, we encode periodical pulses in the acoustic signals, and

the smart device detects the receiving time of the periodical

pulses.

Positioning scheme: The scheme calculates the relative

positions by leveraging the intermediate results. The basic

scheme (i.e., position estimation in Section III) estimates

position by using the relative displacement, the time when

the user steps on the ground, and the user’s turning angle. If

the computed distance is short (< 8m), the position calculated

by the basic scheme is accepted as the valid result. Otherwise,

the scheme leverages historical results of relative positioning

together with the receiving time of periodical pulses to infer

the distance, which is the long-distance ranging. Observe that

according to the scheme, it is acceptable that there are Non-

Line-of-Sight (NLoS) effects occasionally, where the position

can also be estimated according to the historical results and

current signals.

III. POSITIONING SCHEME

In this section, we design the two main sub-modules of the

positioning scheme: the basic positioning estimation according

to our insight, and the extended long-distance ranging. We

also introduce the method of inertial-sensor processing which

generates input of the positioning scheme.

A. Basic Position Estimation

Simple case: We first consider a simple case when a user

walks in a straight line, as shown in Figure 3. The case

contains the following input:

• h: height difference between the speaker and the smart

device. Here, h = |AG|.
• s: stride length, i.e., s = O

i

O
i+1

. Here, s is assumed to

be close to constant.

• d
i

: the displacement of each user’s step, i.e., d
i

= l
i

�l
i+1

for the step O
i

O
i+1

.

Then, we calculate the following output, which can be used

for directly obtaining the horizontal distance L
i

= |GO
i

| and

direction  0
i

= \GO
i

O
n

:

• y: distance from the speaker placed at A to O
i

O
i+1

. Here,

y = |AH|, where AH ? O
1

O
n

.

Fig. 3. Positioning when the user walks along a line.

Fig. 4. Positioning when the user walks and turns.

• x: distance from O
1

to H , i.e., x = |HO
1

|.
The output x and y are calculated by using the maximum

likelihood estimation. Specifically, as |HO
i

| = x + (i � 1)s,

i = 1, 2, 3, . . . , denoting that

l0
i

=

p
y2 + (x+ (i� 1)s)2 (1)

e
i

= l0
i

� l0
i+1

� d
i

(2)

For n displacements d
1

, d
2

, . . . , d
n

, x and y can be solved

from above n equations by

(x, y) = argmin

x,y

nX

i=1

e2
i

(3)

Here we use the Newton’s Method [27] to reduce computation

overhead.

Practical case: In the practical case, we also consider the

situation when a user turns direction while walking. Assume

that the user starts from O
a

and walks along the linear segment

O
a

O
b

, O
b

O
c

, O
c

O
d

, O
d

O
e

in Figure 4. Therefore, besides the

input in the simple case, we also leverage the following input:

• n
i

: step count along a linear segment. For example, n
a

is the step count when the user walks from O
a

to O
b

.

• ⇣
i

: user’s walking direction. For example, ⇣
a

=

\O
b

O
a

X . Assume that O
a

is at (0, 0). O
c

is at the posi-

tion (c
x

, c
y

) = (n
a

s cos(⇣
a

) +n
b

s cos(⇣
b

), n
a

s sin(⇣
a

) +

n
b

s sin(⇣
b

)), and so forth.

• d
c

i

: calculated displacement for each linear segment.

We calculate the relative position G(g
x

, g
y

), which is the

projection of acoustic speaker A at a horizontal plane. Then

the real-time relative position can be directly obtained from

G(g
x

, g
y

).

Similar to Eq. (1), Eq. (2), the distance from each stride

point to G is

l
c

i

=

q
[c

x

+ (i� 1)s cos(⇣
c

)]

2

+ [c
y

+ (i� 1)s sin(⇣
c

)]

2

+ h2

(4)
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Denote the calculated error at the ith step along line O
c

O
d

as

e
c,i

= l
c

i

� l
c

i+1 � d
c

i

(5)

Hence, we obtain the position of G using the following

equation:

(g
x

, g
y

) = argmin

g

x

,g

y

X

i2{a,b,c,d,e}

n

c

�1X

j=1

e2
i,j

(6)

B. Processing Inertial Sensors

We generate 2 types of data from inertial sensors as input

of relative positioning: the time of user’s steps, and the angle

of user’s turning direction when the user walks.

Step Counter: We design the pedometer according to recent

literatures, e.g., [12], [28]. Specifically in Figure 5a, we use the

inertial sensors, i.e., the compass, accelerometer, gyroscope,

to get real-time acceleration. Then, the samples are passed

through a low pass filter as shown in Figure 5b. Finally, we

choose bottom points in Figure 5b to indicate the time when

the user steps at ground.
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(b) Step detection

Fig. 5. Step detection using the vertical acceleration.

Calculating the turning direction: When the user turns the

walking direction, the rotation angle is calculated mainly by

using the gyroscope. Note that WalkieLokie does not require

the knowledge of absolute direction [12]. For instance, assume

the initial walking direction is ⇣
a

and the following direction

is ⇣
b

. We do not need the exact value of ⇣
a

or ⇣
b

. Instead,

we directly calculate the difference of walking direction, i.e.,
⇣
b

�⇣
a

, from the gyroscope. In the implementation, we obtain

the device’s initial orientation by using the rotation vector

collected from the smart device. Then, the rotation vector is

translated into quaternion [29], and the difference of walking

direction is calculated using the quaternion together with the

collected samples from the gyroscope. This implementation

can avoid errors caused by magnetic sensor in indoor environ-

ments.

C. Ranging in Longer Distances

We design the long-distance ranging algorithm in case the

speaker is far away from the smart device. As mentioned

earlier, the accuracy of ranging by Eq. (1) is reduced when the

distance increases. Though we propose to synthesize all the

walking segments when a user walks and turns, the problem

is that the method has accumulated errors when we estimate

the current position by using the historical measured positions,

the estimated walking direction and the pedometer. Especially

when the user is far away and the signal is lost for a long

time (i.e., the Non-Line of Sight effects), the error increases

and the historical measured positions can no longer be used.

The ranging algorithm leverages historical results of the

basic positioning scheme and the periodical pulses added in

the acoustic signals. When an accurate relative position is es-

timated (the calculated distance < 8m), we derive the distance

l from the relative position, which implies the traveling time

t
l

= l/v
a

from the speaker to the smart device. At the same

time, the device receives a pulse from the speaker, and the

receiving time ⌧ 0 of the pulse is calculated. Therefore, the

sending time of the pulse is ⌧ = ⌧ 0 � t
l

. Furthermore, the

sending time of the latter ith pulse equals ⌧
j

= ⌧ + jT ,

where T is denoted as period of pulses. Thus, we calculate the

distance l
j

when the device receives the jth pulse as follows:

l
j

= (⌧ 0
j

� ⌧
j

)v
a

= l + (⌧ 0
j

� ⌧ 0 � jT )v
a

(7)

Here, ⌧ 0
j

is the receiving time of the latter jth pulse.

Positioning after long-distance ranging: We recompute

the position (L, 0
) according to the new ranging result as

follows.

In Figure 3, assume that l
1

is obtained by synchronization.

The distance at the horizontal plane is L
1

=

p
l2
1

� h2

.

To recompute the direction  0
1

, since x =

�l
1

cos 
1

and y = l
1

sin 
1

, we can infer that

l0
i

=

q
l2
1

sin

2  
1

+ (�l
1

cos 
1

+ (i� 1)s)2. From Eq. (2),

 
1

= argmin

 1

nX

i=1

(l0
i

� l0
i+1

� d
i

)

2

(8)

Then  0
1

= arccos

l1 cos 1p
l

2
1�h

2
.

IV. ACOUSTIC PROCESSING

In this section, we design the method of modulating acoustic

signals emitted from the speaker, and then the module of gen-

erating relative displacement and receiving time of periodical

pulses, which are used for relative positioning.

A. Brief Design of the Acoustic Wave

The modulated wave s(t) contains two parts s
1

(t) and s
2

(t),
which are used for displacement tracking and long-distance

ranging respectively. More specifically, we formally define the

wave in the following equations,

s(t) =

(
s
1

(t), kT
2

 t < kT
2

+ T
1

s
2

(t), kT
2

+ T
1

 t < (k + 1)T
2

(9)

where T
2

= 0.25s is the cycle of the wave and k is the natural

number. T
1

= 0.16s is the duration of s
1

(t) in each cycle. In

Section IV-B, we design s
1

(t) and the method of tracking

relative displacement according to s
1

(t). In Section IV-C, we

will discuss how to design and detect the signal s
2

(t).
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B. Tracking Relative Displacement

We adopt the second-order Phase Locked Loop (PLL) to

track the phase, where the phase is proportional to the dis-

placement [18]. PLL is a classical method in signal processing

and can be regarded as a device that tracks the phase and

frequency of a sinusoid. In our design, it is implemented purely

by software due to the limited capabilities of smartphone

platforms.

Fig. 6. Design of the Second-Order Phase Locked Loop.

We show our design of PLL in Figure 6. The PLL contains

three main components: phase detector, loop filter and direct

digital synthesizer (DDS). The phase detector detects the

difference �
e

= � � ˆ�, where

ˆ� is the estimation of �.

According to �
e

, the loop filter analyzes and predicts the offset

�
2

+�
3

of

ˆ� for the next cycle of the loop, where the variances

of �
2

, �
3

are affected by parameter k
1

and k
2

respectively. The

DDS updates the next

ˆ� by adding the offset and prepares �
1

for the next phase detection. The loop filter is the key part

of PLL [30], and the type and parameter of loop filter should

be carefully chosen for different purposes. Here we adopt a

second-order filter, i.e., the proportional-plus-integrator [31]

filter, as the Loop filter. It uses two updated variables �
2

, �
3

and two constant parameters k
1

, k
2

. Particularly, if k
2

= 0, it

degrades to a first-order PLL.

We explain the reason of adopting the second-order PLL

firstly by the following intuitive experiment: a user holds

a smart device for a while, moves the phone forward to

the speaker and backward for three times, and finally stops

at the starting point. Figure 7 shows the results of PLL

with different parameters, when the acoustic signal is weak

(l = 32m). In Figure 7a and 7b, the first-order PLL is

chosen (i.e., k
2

= 0). For the case in Figure 7a, k
1

is large

enough that the calculated displacement can catch up with

the real displacement. However, it is affected by the noises

which cause jitters on the calculated displacement. Then, the

total displacement, which should be close to 0, accumulates

to 17cm (the total moving length is about 100cm). On the

contrary, in Figure 7b where k
1

is small, the calculated phase

cannot catch up with the real phase and jitters frequently when

moving. In Figure 7c, we choose the second-order PLL (i.e.,
k
2

6= 0). Meanwhile, k
1

equals the one in Figure 7b that the

PLL is more robust to noises and does not cause observable

jitters. Finally, the accumulate error of measured displacement

in Figure 7c is less than 2cm, which is about at least 9 times

more accurate than the one in Figure 7a.

Theoretically, the second-order PLL has better performance

in noisy environments since its predicted displacement is

closer to the real displacement. Specifically, as shown in

Figure 6, PLL predicts the displacement by updating �
2

and

�
3

in each iteration, where �
2

+�
3

is the calculated phase shift,

which corresponds to the relative displacement. When the first-

order PLL is chosen (i.e., k
2

= 0), �
3

= 0 and �
2

= k
1

�
e

is the calculated phase shift. Therefore, k
1

should be large

enough (e.g., k
1

= 5⇤10�2

) so that k
1

�
e

can catch up with the

real shift. However, since �
e

is also affected by environmental

noises, larger k
1

results in bigger errors in the estimated shift.

When the second-order PLL is chosen, (i.e., k
2

6= 0), �
2

and �
3

are close to constant, when the relative speed from the smart

device to the speaker is constant. Hence, k
1

can be much

smaller (e.g., k
1

= 5 ⇤ 10

�3

), where the effects caused by

noises are reduced. In our scenario, the relative walking speed

is close to constant given the sampling frequency (44100Hz),

so the second-order PLL is chosen in WalkieLokie.

Moreover, the second-order PLL is still robust against the

signals s
2

(t) which are used for long-distance tracking and

can be regarded as interferences for displacement tracking.

In Section IV-C, we design the signal s
2

(t) and prove the

robustness according to our experiments.

C. Pulse Modulation and Detection

1) Design goals: Several goals require to be achieved when

designing the pulses s
2

(t) and the pulse detection algorithm:

• Multiple concurrent speakers: Each speaker should take

different frequency band to avoid interferences, where

the narrower bandwidth is preferred. In WalkieLokie,

s
1

(t) and s
2

(t) share the same band to enable narrower

bandwidth and more concurrent speakers. The challenge

is that s
2

(t) should occupy more bandwidth if it can be

successfully detected.

• Robustness in displacement tracking: s
2

(t) can also be

used for displacement tracking by PLL. Otherwise, PLL

will lose phase locks when processing s
2

(t).

2) Pulse modulation: Based on these requirements, we

design s
2

(t):

s
2

(t) =

(
cos(2⇡ft+ ⇡ sin ⇡(t�⌧

i

)

T

p

) ⌧
i

 t  ⌧
i

+ T
p

cos(2⇡ft) otherwise

(10)

where we construct pulses starting at ⌧
1

, . . . , ⌧
i

, and the

duration of each pulse is T
p

. We encode three adjacent pulses

per T
2

= 0.25s. Three adjacent pulses can be seen as a

compensated periodical pulse with the period T = T
2

= 0.25s.

The time difference of the adjacent pulses is T
3

= 0.03s.

Analysis of bandwidth: Since the bandwidth of the pulse

is about

⇡

T

p

[32], we set T
p

= 0.007s so that the bandwidth

is about 460Hz. As the minimum frequency is 17000Hz when

the acoustic is inaudible, and the maximum frequency which is

supported by the phone is 24000Hz, the maximum concurrent

signals that WalkieLokie supports in one place is (24000 �
17000)/460 ⇡ 15. Essentially, a trade-off exists between the

bandwidth of the signals and the number of the concurrent

signals.

Analysis on effects of displacement tracking: In Figure

8a, the estimated displacement is smooth and there are no
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Fig. 8. Calculated displacement and pulses from the same signal.

jitters whenever the phone is static or moving. We zoom in

the calculated phase to show the performance of PLL when

there are pulses in s
2

(t): the calculated phase is not locked to

the real phase; instead, the tracked phase is very smooth and

phase-shift effects caused by s
2

(t) can be omitted. Specifically,

while the maximum variation of the real phase is ⇡, the

corresponding variation computed by PLL is less than 0.4rad,

which corresponds to the displacement of about 1mm. The

cause of the phenomenon is that the parameters (k
1

, k
2

) of

PLL are very small, and the fast changing phase cannot be

tracked. Moreover, as the phase at the beginning of a pulse

equals the one at the end and the variation is small, the tracked

phase shift finally becomes stable and proportional to the

displacement.

3) Pulse detection: We first propose basic method of de-

tecting the receiving time ⌧ 0
i

= ⌧
i

+ t
l

of the ith pulse by

leveraging the component s
3

(t) = ⇡ sin ⇡(t�⌧
i

)

T

p

. Assuming

the locked phase by PLL is �
r

before the pulse starts, the

expected pulse is r̃(t) = cos(2⇡ft + �
r

+ ⇡ sin ⇡(t�⌧ 0
i

)

T

p

).

Hence, for the kth received sample r(kT
s

), we compute

the likelihood m(kT
s

) =

P
k+T

p

/T

s

i=k

r(iT
s

)r̃(iT
s

), i.e., when

m(kT
s

) reaches the maximum, the corresponding kT
s

is the

starting time of the received pulse. In Figure 8b, m(t) reaches

the peak value (i.e., 150), when there is a pulse at t and the

bottom value (i.e., -50) when there are almost no pulses. As

a whole, it shows an interesting result that on demodulating

s(t), the peak of m(t) is very clear for synchronization in

Figure 8b, while the corresponding calculated phase is very

smooth for displacement tracking in Figure 8a.

The basic pulse detection mechanism suffers many kinds

of interferences, e.g., noises or multipath effects. The moving

of the smart device also influences the performance of pulse

detection. Facing this problem, we improve the pulse detection

mechanism by the following strategies:

Effects by noises and motion: The solution is based on

the observation that expected peaks still appear at expected

time, though they sink in the noises as shown in Figure

9a. Meanwhile, random peaks have fewer chances to appear

periodically. Hence, we assign m
1

(t) = m(t� T
3

) +m(t) +
m(t+T

3

) in Figure 9b, where the peaks are more clear to be

identified in m
1

(t). Then, we assign m
2

(t) = m
1

(t � T
2

) +

m
1

(t)+m
1

(t+T
2

) in Figure 9c, where the peaks can be easily

detected. Similarly, in the case when the phone is moving as

shown in Figure 9d, the peaks are also very clear.

Multipath effects: The detected pulse is prone to be af-

fected by multipath effects, when the phone is static according

to the experiments in Section V. To solve the problem, we use

m
3

(kT
2

) =

P
i2{x|x=k mod T2} m(iT

2

), which sums all the

m
3

(t) of pulses and makes the detected time of pulses more

clear. In Figure 10a, when there is no multipath effect, there

are 3 pulses in a period T
2

. However, in Figure 10b, which is

gathered from the shopping mall, there are 9 pulses at least,

which means there are 2 additional paths reflected from walls

or other objects. In this case, all the 3 paths are the possible

pulses directly received from the dummy speaker.

After recognizing the possible propagation paths, we make

further steps to obtain the direct path by leveraging the

calculated the displacement. Specifically, denote that the dis-

placement calculated by PLL is d when the user walks from

A to B. By using pulse detection, the possible receiving

time of the pulses is in the set T
a

= {t
a1

, t
a2

, t
a3

, . . . }
and T

b

= {t
b1

, t
b2

, t
b2

, . . . } when the user is at A and B
respectively. Hence we obtain the receiving time (t

a

, t
b

) =

argmin

t

a

2T

a

,t

b

2T

b

|(t
a

� t
b

)v
a

� d|.
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Fig. 10. Pulse detection in case of multipath effects.

4) Supporting more concurrent targets: we find that fur-

ther optimizations can be made to support more concurrent

speakers as follows: a) Virtual business card sharing: we can

support more concurrent signals by narrowing the bandwidth

of pulses or do not add pulses that are used for long-

distance ranging, which is no longer needed when the users

are in vicinity. b) Virtual shopping guide: we can use only

a few speakers (pre-deployed by the WalkieLokie group) for

the normal indoor localization, if more shopping guides are

required. Our further evaluations in Section V-C prove that

WalkieLokie supports unlimited number of shopping guides

by simple and sparse deployment of speakers, i.e., the smart

device only receives signals from 2 speakers on average, but

gains sub-meter accuracy.

V. PERFORMANCE EVALUATION

In the experiment, we first evaluate the accuracy of

WalkieLokie in an empty room and then study the robustness

against different factors, e.g., relative positions, number of

steps, users, turning directions, environments.

Experimental Setup: We perform system evaluation by

using two types of speakers: Samsung Galaxy Note 2 and nor-

mal dummy speakers. The speaker merely broadcasts acoustic

waves and does not perform communications. Specifically, the

speaker plays a .wav audio file with the sampling rate of

44100Hz and the central frequency of 19000Hz. We mainly

use Google Nexus 4 to receive the acoustic signals. We do not

make any modifications to the phone or jailbreak the operating

system, and all the components, such as BPF, AGC, PLL, are

implemented by the software. We evaluate the performance

in an empty room, an office and the shopping mall. The

micro benchmarks are made for position estimation and long-

distance ranging. We then evaluate the total performance.

A. Position Estimation

We evaluate position estimation in several types of cases,

i.e., different related positions from the phone to the speaker,

number of walking steps, users, orientation of devices, device

diversity and environments, which may affect accuracy of the

estimation.

1) Positions: We make evaluations in an empty room as

shown in Figure 11a, where the speaker is placed at 16

different positions which are uniformly distributed in a square,

i.e., (X,Y ) where X 2 {2, 4, 6, 8}, and Y 2 {2, 4, 6, 8}. Here,

the empty room is large (> 1000m2

) where the multipath

effects on measuring the relative displacement can be ignored.

We let the user walk for 9 ⇠ 10 steps with the walking length

of about 6m. The relative height h is about 0.3m. For each

location, the user holds the phone in hand and walks for 35

times to gather samples, i.e., we get 560 samples in this micro

benchmark. Then, we calculate the initial relative position

(X,Y ) when the user starts walking and the corresponding

distance and direction.

In Figure 12a, the accuracy of distance estimation is very

close for different X . We further study the distribution of large

errors in Figure 12b. We find an interesting fact that the errors

are nearly proportional to Y . Hence, when Y = 2, 4, 6, 8m, the

corresponding errors are within 0.35m, 0.55m, 0.97m, 1.88m
at the percentage of 80%. For the direction estimation, it is

still very accurate when X or Y increases in Figure 12c, 12d.

As a total, the mean errors of ranging and direction finding

are 0.63m and 2.46� respectively.

To illustrate why ranging is less accurate when the distance

increases, we make simulations by showing relative displace-

ments of each user’s step when users walk from different

starting points in Figures 12g and 12h. In Figure 12g, Y = 5m.

When X = 5m, 10m, 15m, 20m, the mean variances of dis-

placements (|d
i

�d
i�1

|) are 0.055m, 0.016m, 0.004m, 0.002m,

respectively. Intuitively, as recalled in Section II-B, since the

distance is calculated according to the variance of measured

displacements, the ranging is more error-prone, when the vari-

ance becomes smaller. Specifically, if the mean error of mea-

sured variance is 0.005m per user’s step, and Y = 5m is given,

the errors of calculated X are 0.66m, 1.09m, 5.07m, 17.6m,

when X = 5m, 10m, 15m, 20m respectively. In a similar way,

in Figure 12h where X = 5m, the errors of calculated Y are

0.74m, 1.78m, 3.5m, 5.9m, when Y = 5m, 10m, 15m, 20m
respectively. Furthermore, when the distance increases, the

error of measured variance also increases, because SNR of

signals decreases. As a total, the ranging is less accurate which

motivates us to design the long-distance ranging scheme.
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Fig. 13. The mean and standard deviation of ranging and direction estimation for different users (a)(b)(c), placements (d)(e), smart devices (f)(g), and walking

paths (h)(i).

2) Number of Steps: The accuracy of the position estima-

tion depends on the number of walking steps. We compare the

results when the user walks for smaller number of steps n
s

in Figure 12e, 12f. The results show that the ranging errors

increase quickly when n
s

reduces. The reasons are: 1) the

user’s stride length varies occasionally. 2) User’s phone also

shifts left and right regularly, i.e., it does not move strictly in a

line, when the user holds the phone and walks. As these facts

will have less effects on the accuracy when n
s

is larger, it can

be foreseen that the accuracy will continue to be improved

when n
s

> 10, though it is already very accurate when

n
s

= 10.

The estimated direction is also affected by the smaller n
s

in Figure 12f. But it is still acceptable that the angle errors are

under 8

�
at the percentage of 80%, when n

s

= 6. As a whole,

when n
s

is small, the direction estimation is still accurate.

According to the experimental results, in Swadloon [18],

where the direction is estimated via the phone shaking move-

ment, the small displacement (< 10cm) of phone shaking can-

not be leveraged for ranging. Nevertheless, the displacement

can be used for direction estimation. In the case of virtual

shopping guide, the user can walk for more steps to get more

accurate relative position. An interesting note is that when the

user is walking closer to the speaker (for more steps), the

obtained position is more accurate. The changing accuracy

happens to meet the user’s practical requirement.

3) Users: Different users have different stride lengths and

user motions when users walk, which may affect the position-

ing result. Hence, we recruit 8 volunteers in this experiment:

each user walks in a line of about 6m for 35 times where
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(X,Y ) = (4, 4). We have the following observations in Figure

13: the standard deviations (std) of the ranging and direction

are small for most users. In Figure 13a, the person 1,2,4,6,7

have small stride lengths while the rest ones have bigger

length, but the result is similar among the users (except for

the person 6,7). The results imply that the stride length is very

stable and the positioning accuracy is not much affected by

variation of stride length, though the stride length between

different users may be much different.

4) Orientation of Speaker and Microphone: we consider

the cases when the speaker or the microphone faces to different

directions: (1) (default) the microphone faces to the sky, and

the speaker faces to the walking line. (2) microphone, facing

to the front. (3) microphone, perpendicular to the walking

direction and facing to the speaker. (4) microphone, facing

to the ground. (5) microphone, perpendicular to the walking

direction and speaker is at the back of the microphone. (6)

speaker, facing to the ground. The result in Figure 13d, 13e

shows that the std is small in all cases and the result is very

stable.

We also find that the mean value of distances increase when

the signals are weaker in case (2), (4) and decreases when

the signals are stronger in case (3). The reason is that when

the signals are weak, PLL will lose some signals and the

tracked displacement decreases, which makes the calculated

distance become larger. Hence, based on our measurements in

displacement tracking, we make calibrations on the calculated

PLL. Specifically, the displacement d = 1.22 v

a

2⇡f

��, if d > 0;

and d = 1.69 v

a

2⇡f

��, if d < 0, where �� is the tracked phase

shift. Note that we make calibration with a constant factor (i.e.,
1.22), for the environment has limited effects on the result

of PLL when the signals are strong enough. However, when

d < 0, which means the speaker is at the back of the walking

user, d is usually not used for position estimation if the tracked

phase is abnormal (e.g., WalkieLokie cannot detect pulses from

the tracked phase).

5) Device Diversity: We test several Commercial Off-the-

Shelf (COTS) smart devices as acoustic receivers: (1) Nexus

4, (2) Samsung Galaxy Note 2. (3) Nexus 7. We choose

(X,Y ) = (4, 4), and the error of position estimation is shown

in Figure 13f, 13g. The result shows that these smart devices

have similar performance.

We also use normal dummy speakers as acoustic sources

when we conduct the experiment in a large shopping mall, for

we consider the case that the normal speakers serve as virtual

shopping guides.

Calibration of clock drift: We find that the normal speaker,

which is different from the previous smart devices, has serious

clock drift and needs to be calibrated. For instance, when

a speaker is supposed to broadcast signals at 19000Hz, the

actual frequency of the signals is 19007Hz. If the frequency

drift is 0.1Hz, the error of distance measuring is about

600*340*0.1/19000=1.07m, when the smart device works for

10 minutes. To solve this problem, our design of PLL measures

the precise clock offset when the receiver is static for seconds.

In this case, �
2

in Figure 6 rapidly converges to a constant

value. As �
2

equals the phase shift per sampling time T
s

, the

frequency offset equals

k2
2⇡T

s

. Hence, once we let the smart

device be static for seconds, the precise frequency offset is

obtained. Afterwards, we calibrate the clock drift in real-time

using the constant frequency offset.

6) Turning Directions: We also evaluate the performance

when user turns directions. In Figure 11b⇠g, we choose 6

different routes: b) straight line, c) walking forwards and

turning left (the turning angle is around 30

� ⇠ 40

�
), d)

walking forward and turning right, e) walking forward, turning

left, and turning back (forward), f) walking forward, turning

right, and turning back, g) walking randomly. We set the

speaker at (X,Y ) = (4, 4).
In Figure 13h,13i, the results show that relative positioning

is accurate in cases of different routes. Especially in case that

the user walks randomly, std of ranging and direction finding

are 0.39m and 4.8� respectively. Another observation is that

when the user turns left (e.g., case c,e), the accuracy increases,

e.g., the std of ranging and direction finding in case c) are

0.27m and 2.7� respectively. On the other hand, when the

user turns right (e.g., case d,f), the accuracy decreases, e.g.,
the std of ranging and direction finding in case d) are 0.62m

and 9.7� respectively. The reason is that when the user turns

right, the relative position changes, i.e., X decreases, and Y
increases, as shown in Figure 3. According Figure 12a,12b,

the error of ranging increases. Finally, the accuracy of relative

positioning is reduced. Though the errors vary according to

different turning angles, WalkieLokie is still practical that

when the user’s walking direction turns to the one that is close

to the speaker, the accuracy increases. On the other hand,

when the user turns the direction and walks far away from

the speaker, which implies that the user is not interested in

the information provided by the target, the positioning result

becomes less important and more coarse-grained.

7) Environments: We compare the accuracy of position

estimation in the empty room and at different locations in the

office. We find that they show the similar results. We further

evaluate the effects in a shopping mall in the latter subsection.

B. Long-Distance Positioning

1) Pulse Detection: In Figure 14, we choose 8 locations in

an empty room and the office to evaluate the performance of

pulse detection. Here, E32 means that the experiment is in the

room and the distance from the smart device to the speaker is

32m, and O16 means that it is in the office and the distance is

16m. In each position we test two cases: the phone is static or

moving back and forth without stop. For each case, the phone

records the audio for 100 seconds, which means there are 400

signals for pulse detection in the samples. Then, we evaluate

the accuracy of pulse detection. For easier understanding of

our results, the error of arrival time t
e

is converted to distance

measurement error l
e

= v
a

t
e

. For instance, if the error is

the time interval of 1 acoustic sample, i.e., t
e

=

1

44100

s, the

corresponding distance error is l
e

⇡ 0.8cm.

Since we find that there are occasional significant errors

(> 3m), we first set threshold l
t

= 80cm and evaluate ratio of

successful detection that l
e

< l
t

. In Figure 14a, the successful

detection rate is above 80% for most cases when the phone

is static. When the phone is moving, the performance is good
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Fig. 14. (a) Percentage of successful experiments at different locations, (b)

standard deviation.

as well if the distances are within 24m or 8m in the empty

room or office respectively. In some cases the rate is close to

100%.

There is also an exception that at location E8 when the

phone is static, the rate is only 61.0%, while it reaches 100%

at the same place when the phone is moving. Hence, we

conduct the experiment again at the same place, and the result

is close to the previous one. We suppose it is caused by the

multipath effects: the phase �
r

changes according to the mixed

signals and becomes stable when it is static, which affects the

result of pulse matching. The reason of high successful rate

in case of moving phone is that: though it is also affected by

multipath, the phases of reflected signals at different positions

are irregular. In other words, the PLL locks the phase of the

signals directly from the speaker, i.e., the multipath signals

are regarded as noises by PLL. Hence, the performance is

better when the phone is moving. We find the location E4,

E8, E16 also have the same phenomenon, which validates our

hypothesis. Actually, this is a good result for WalkieLokie:

when the user is walking, the result of pulse detection is very

good and can be directly used for synthesizing; when the user

is walking, as the successful detection rate is above 60%,

WalkieLokie collects enough samples and then determines the

most possible receiving time. In Figure 14b, we show the

standard deviation of results in case of successful detections.

The std in most cases are around 10cm except that the std

are 30.9cm and 49.2cm when the phone is moving at O4 and

O16 respectively.

2) Long-Distance Ranging and Direction Estimation: We

emulate the process that the user walks for a long period where

the synthesizing cannot work due to large accumulated errors

in ranging. Then, we evaluate the performance of long-distance

relative positioning by the experiment as follows:

1) The user walks in a line where the initial coordinate of

the speaker is (4, 4). In this step, we calculate the distance

through position estimation and then calculate the sending

time of periodical signals s
2

(t) by pulse detection.

2) The user then turns, walks and stops at the position where

relative coordinate of speaker is (X,Y ). In this step,

WalkieLokie does not perform any acoustic processing.

3) The user walks again for about 6m. The position, which

is supposed to be (X,Y ), is then computed according

to the sending time and the acoustic and inertial sensor

samples.
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Fig. 15. (a)(b) Positioning after pulse detection. (c) Result of relative and

absolute positioning. (d) The shopping mall and the dummy speaker.

We conduct the experiment in the empty room and the

office. Specifically, we set (X,Y ) = (4, 12) and (4, 20) in

the empty room to gather the samples and (4, 8) and (4, 16)
in the office.

In Figure 15a, the ranging errors are under 0.32m and

0.66m at the percentage of 80% and 90% for most cases.

There are also occasional errors for each cases which are

greater than 2m. They are caused by the multipath effects

in pulse detection. Especially for the case of Y = 12m in the

empty room, the big errors are at the percentage of 12%. We

can find the corresponding results at E8 and E16 shown in

Figure 14a, where the successful detection rate is also much

lower than other cases in pulse detection. Actually, since the

successful detection rate in pulse detection is above 80% for

most cases, the result would converge to the correct value and

the abnormal result would be eliminated, if enough sampling

time is given.

C. Putting it All Together in a Severe Environment

We evaluate WalkieLokie in a shopping mall, where the

environment is quite severe for acoustic based systems: the

shopping mall itself is broadcasting loud audios; there are

always people walking around who block the sight line of

speakers or block the road that we have to turn walking

direction. Furthermore, as it may affect the business if we set

up speakers on the ceiling and conduct frequent debugging

(which may have better results), we only put the speakers at

the side of the aisles, as shown in Figure V-C, 15d.

We evaluate the performance of positioning in two cases:

a) relative positioning by one speaker. b) absolute positioning

by 5 speakers (like normal indoor localization). We choose

a 35m ⇥ 17m area (about 600m2

) in Figure V-C, and put 5

normal dummy speakers in this area. Each speaker broadcasts

signals at different central frequencies, which are inaudible
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Fig. 16. The map of the shopping mall.

and not discovered by surrounding customers. We emulate

the behavior of normal shopping users in evaluation: the

experimenter stands at a test point and walks for a few steps

(less than 6m) in a line; then he stops or turns the direction

and continues walking, and so on. We gather 8 samples per

spot. Hence, we can evaluate the performance when leveraging

all the walking segments with different walking directions to

get the position.

We set the central frequency of the speakers to 17000Hz,

18000Hz, 19000Hz, 20000Hz, 21000Hz, respectively. The

smart device differentiates the signals by using the subcompo-

nent BPF in the Figure 2. For example, if we need to analyze

the signals of the second speaker (18000Hz), we set the

frequency band of BPF which filters the signals at 18000Hz,

and other signals are attenuated. Note that in practice the

central frequency can be detected according to FFT, and the

corresponding parameters of the BPF can be set automatically.

The results show that these speakers have much different

performances in relative positioning, though they are the same

product model. The signals of speaker at 17000Hz only cover

13% of the area, but the signals of speaker at 19000 and

20000 cover about 54% and 51% of the area. This diversity

may be caused by several facts: anchor positions, quality of

different anchor speakers, etc. The main reason is that the

sound signal sent by speakers has been greatly attenuated when

the frequency is higher than 8Hz [20], and the amplitude of

attenuation is different among different speakers. We leave the

study on configuration of speakers in our future work. Totally,

the overall coverage per speaker is 38%, which is about 222m2

in our specific area.

We show the accuracy of relative positioning when using

one speaker in Figure 15c. Note that we only evaluate the

accuracy of the relative position where the starting point is

covered by the signals of the speaker. In case of NLoS effects,

we simply leverage the inertial sensors (e.g., the step counter

and gyroscope) to estimate the real-time position, instead of

acoustic processing. Though we can still estimate position

according to the historical positioning result when there are no

signals, we exclude the results of this case. The results show

that for one speaker, the position errors are under 1.2m, 2m
at the percentage of 50% and 80%. The mean error of relative

positioning is 1.28m.

As mentioned earlier, in order to support more concurrent

speakers in virtual shopping guide, we propose the localization

scheme using sparse deployed speakers as anchors. Here, we

also evaluate the accuracy of calculating the absolute position

of the user when all 5 speakers are used, where the absolute

positions of the speakers are given as input. We evaluate

the accuracy at all test points and the results show that the

position errors are under 1.5m at the percentage of 90%. Since

the average coverage per speaker is 38%, the smart device

can receive audio from 38% ⇤ 5 ⇡ 2 speakers on average.

Therefore, the accuracy is better when using multiple signals

for positioning.

D. Overhead

The computation overhead is mainly caused by 3 com-

ponents: displacement tracking (Including BPF, AGC, PLL),

pulse detection and position estimation. We run WalkieLokie

using matlab R2013a, and the CPU is 3.1GHz Intel Core

i5. For 1 second of received samples, phase tracking, pulse

detection, and position estimation take 0.09s, 0.12s, 0.05s

respectively. For the computer-vision based annotation system,

a convincing way [33] is to leverage Google’s Project Tango,

which presents the premise that tomorrow’s hardware might

have computational and (therefore) visual sensory powers far

beyond anything on the marketplace today. Comparatively,

the COTS desktop computer is sufficient for data processing

in WalkieLokie. In fact, there is a trade-off between the

overhead and accuracy. For example, we can use infinite BPF

instead of finite BPF, which reduces the computation overhead

significantly, but incurs larger errors. For the smart devices, it

is recommended to send the recorded samples to cloud server,

and obtains the result from the cloud, which requires much less

computation overhead, meanwhile with low energy consump-

tion. In this case, the major communication overhead is caused

by sending acoustic samples (44.1KHz), while the overhead of

sending inertial samples can be ignored (0.2KHz). According

to our experiments, the receiver Nexus 4 can work for about

180 minutes, and Samsung Galaxy Note 2 can broadcast audio

for about 240 minutes. To reduce the communication overhead,

another practical solution is to use the smart device to track

the displacement via signal processing, and use the cloud

to receive the result of tracked displacement and perform

the rest of the data processing. Moreover, WalkieLokie can

be launched on-demand with energy-efficient context sensing,

e.g., [26], which can further reduce the energy cost.

VI. RELATED WORK

WalkieLokie can perform both ranging and direction finding

where only a speaker is required, which is achieved by lever-

aging walking motion of users. It can be used for both relative

positioning and indoor localization. As shown in Table I, we

compare WalkieLokie with other systems as follows.

A. Ranging

Recent ranging systems [9], [35], [38], [39] require special

hardware for the synchronization purpose. A general idea is

that the audio sender and receiver records the sending time

and the receiving time of the pulses in the audio respectively,
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TABLE I

COMPARISON WITH EXISTING APPROACHES.

System

Requirements of

targets or anchors

Relative

Positioning

Ranging /

Direction

Long Range

(>20m)

Density of

Anchors

Mean Error

WalkieLokie A Dummy Speaker Yes Both Yes 5 in 600m2
1.28m in localization

Swadloon [18] Dummy Speakers No Direction Yes 6 in 108m2
0.5m in localization

BeepBeep [20] Smartphone No Ranging No N/A 0.02m in ranging

Guoguo [9] Speakers + Sync No Ranging No 9 in 16m2
0.1m in localization

RSSI [11], [34] Wifi or bluetooth No Ranging Yes N/A meter-level

Bat [35] Speaker + Networks No Ranging No 100 in 280 m3
0.05m in localization

[36] Smartphone Yes Both No N/A 0.19m in positioning

[37] WIFI AP No Direction Yes N/A 30

�
in direction

and the distance is calculated according to the difference of

the time. In this case, synchronization among the sender and

the receiver is required, e.g., exchanging the time information

via networks. In Bat System [35], the base-station uses radio

channel and communications for synchronization. Cricket [38]

uses special device to send the RF signal together with the

ultrasound signal at the same time. Then the receiver obtains

the distance according to the different traveling time of the

two signals. Guoguo [9] uses RF signals to synchronize all

the acoustic anchors, the location can be obtained according

to the difference of the receiving time by the phone. BeepBeep

[20] calculates the distance between the phones. It solves the

synchronization problem by letting two phones emit acoustic

signals and exchange the sending and receiving time via

wireless channel.

Other indoor localization systems perform coarse-grained

ranging via Received Signal Strength Indicator (RSSI), e.g.,
Wifi-based System, [10]–[14], or bluetooth iBeacon [34]. The

advantage is that no special infrastructure is required to be

deployed. Specially, for some simple location-based services,

such as AR advertising, users can get the services when

they come near an iBeacon. However, like other ranging

systems, at least 3 anchors are required for localization, while

WalkieLokie only requires one speaker.

B. Direction Estimation

The popular direction estimation systems use specialized

hardware, such as directional antenna [40]–[42] or antenna

array [8], [41], [43]. There have been proposals without

requirement of specialized hardware as well. [37] emulates

the functionality of a directional antenna by rotating the phone

around the user’s body, to locate outdoor APs. [36] leverages

multiple microphones of the smartphone and communication

channels for positioning within 4 meters, which is used for

short-distance positioning and phone-to-phone games. Some

other methods leverage Doppler effects by swinging [44] or

shaking [18] the phone. [45] calculates direction by head

nodding or shaking using smart glasses. They are based on dif-

ferent frequency shifts when the phone is moving at different

directions. Compares to [18], [44], WalkieLokie makes further

steps that a user can obtain direction without any additional

actions on the phone so that she/he can get the real-time

direction while walking. Recall that Swadloon [18] cannot

calculate the distance but only the direction from a smartphone

to a single acoustic source, due to the short displacement

of phone-shaking movement. WalkieLokie performs ranging

by leveraging the longer displacement of the walking motion

via acoustic signal processing. WalkieLokie also adds more

signals in the acoustic wave for additionally supporting long-

distance ranging, without the loss of accuracy in displacement

tracking via acoustic signals. Furthermore, the bandwidth of

the signals is narrowed for supporting multiple concurrent

sources.

VII. DISCUSSION

Though WalkieLokie improves the ubiquity for it only re-

quires a dummy speaker to enable relative positioning, it is not

the best in every aspect when it is directly applied to ranging

or the indoor localization. Compared with the ranging system

BeepBeep [20], WalkieLokie does not achieve centimeter-

level accuracy, though it can additionally perform direction

finding and the target does not require rich functionalities, i.e.,
audio recording, computation, or wireless communications.

WalkieLokie outperforms the existing anchor-based indoor

localization systems [9] that it requires less anchors to achieve

sub-meter accuracy, since WalkieLokie can calculate both

directions and distances. However, many indoor localization

systems only require the pre-deployed infrastructures, such

as Wifi [10]–[15], Visible Light [16], [17]. Hence, we will

explore more ubiquitous positioning systems in our future

work.

VIII. CONCLUSION

We propose WalkieLokie to calculate relative position from

a user to a target. WalkieLokie can be launched as long as

the target is in sight, and the target only needs a dummy

speaker that emits acoustic signals at inaudible frequency. Due

to its improved ubiquity, it not only can be used for normal

indoor localization, but also can be directly applied to new

AR applications.
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