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Abstract—In this paper, we propose a smartphone music
player called Runner’s Jukebox (RJ) that is especially effective
for walking and running activity. RJ consists of user pace
speed recognizer, music archive with feature data, and dual
music player. To show its effectiveness, we assume two
scenarios in this paper: (i) users are required to catch up with
music tempos of predefined playlist. (ii) Songs are played
dynamically or changed to match with the speed of user pace.
We present novel pace recognition algorithm that enables RJ
to recognize user pace in any orientations and even in the
pocket. Various methods for playing and selecting songs based
on user pace speed are presented. In addition, in order for
seamless playback of songs, two mixing schemes are presented
for music player. To evaluate the performance of our proposed
scheme, we carried out several experiments on an Android
platform. We report some of the results.

Keywords- Interactive music; Mobile application interface;
Pace tracking; Context-aware computing; Wearable computing.

. INTRODUCTION

Music can be used as a good stimulus for increasing
effects of physical exercise [1]-[3]. It helps exercisers to
have positive mood while workout and hence leads to better
performance. In other words, exerciser can use music as a
means to improve their exercise workout.

Explosively growing popularity of smartphone and
wearable devices has brought entirely new interfaces and
applications to human beings. Many studies have been done
recently based on these state-of-the-art technologies. For
instance, in the traditional music streaming services, users
play songs by just clicking or selecting the desired ones.
Hence, they should decide the playback list beforehand or
continuously, which makes them easily fed up with the tasks
or unsatisfied with the outcome.

In this paper, we present a smartphone music player called
Runner’s Jukebox (RJ), which takes different approaches to
playing music compared to the traditional one. By combining
the sensor data analysis of smartphone (or wearable devices)
and music feature extraction, the music player can play songs
to be matched with user pace and adjust the playback speed
dynamically to catch up with the pace afterwards. The idea
of music player tracking user pace is not novel in itself. A
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few studies have been done for tracking and synchronizing a
song to user’s pace [4-8]. The contribution of this paper
focuses on the practical implementation of music player
integrating aforementioned technologies on Android
smartphone and wearable devices and some evaluations of
actual user behaviors. The rest of this paper is organized as
follows: In Section 2, we present a brief overview of the
related works. Section 3 presents the overall system
architecture, music play modes and song mixing method.
Section 4 describes the experiments that we performed and
some of the results, and the last section concludes the paper.

Il.  RELATED WORKS

Wijnalda et al. [6] proposed the personalized music
system called IM4Sport. It helps select music that suits a
training program, changes playback to reflect or guide
current sport performance, and collects data for adapting
training programs and music selections. They proposed the
prototype system that consists of personal computer, a
portable music player, a heart sensor strap and a pedometer.
Moens et al. [7] presented D-Jogger, a music interface that
makes use of body movement to dynamically select music
and adapt its tempo to the user’s pace. While implementing
the interface, they focused on the entrainment which is the
synchronization of music and walking. Oliver et al. [8]
presented MPTrain, a mobile phone based system that helps
users to achieve their exercise goals. Using extra
physiological sensors of mobile hardware, the proposed
system allows the user to select desired exercise pattern such
as heart-rate goal. While several studies are based on their
own devices and systems, we focus on the development of
algorithms on popular and general mobile platforms such as
android platform without any additional devices

A few applications are already available for this purpose.
Recently, applications such as CruiseControl, TempoRun
and TrailMix are released to play and approximately match a
song to user pace. In the case of RockMyRun, mixed tracks
with certain tempo are provided to the user for better
efficiency of running or walking. However, it is designed to
provide pre-mixed track without any customization or
dynamic pace matching. In this paper, we focus on more
advanced features such as mixing songs continuously and
adaptively based on accurate user pace recognition to
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Figure 2. 3-axis acceleration changes of human pace

provide better exercise efficiency and convenience for
joggers.

I1l.  RUNNER’S JUKEBOX

A. Implementation

The RJ application consists of three main components:
(1) Pace recognizer based on device sensor data. (2) Music
archive that contains music features such as beat and tempo.
(3) Two music players and one mixer that support diverse
playing modes and music mixing. Its overall architecture is
shown in Fig. 1.

B. Pace Recognizer

In RJ, we suppose that the user holds the smartphone on
his hand or armband while the user walks or runs. Since the
smartphone gets acceleration while swinging his/her arm, the
pace can be detected by analyzing acceleration sensor data of
smartphone. Fig. 2 shows an example of acceleration
changes of human pace. Acceleration data may change
unpredictably while he/she walks or runs.

The Android platform provides hardware-based sensor
data for monitoring the motion of a device. For detecting the
pace, the accelerometer sensors in X, y and z axis are used.
The platform can monitor sensor data with short delays (Oms
to 60ms).

In this paper, we propose an algorithm for recognizing
the pace. Fig. 3 shows the detailed steps for pace recognition.
First, 3-axis acceleration sensor data in sample window is
acquired from device. In order to remove gravity or
unnecessary acceleration, three dimensional data are
normalized to zero-center, respectively. Similarly to the
method presented in [7], low-pass filter based on
Butterworth IR filter is applied to remove noises. In order to
observe the periodicity of user pace, an auto-correlation
function is computed from each axis sensor data. Three auto-
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Figure 3. Recognizing pace from acceleration sensor data

correlation functions (ACF) are fused together using the
following equation to calculate their ACFF:

ACFF (r)= 3 var(d)x ACF, (r) @

de{x,y,z}

where var(d) is the variance of d-axis sensor data within
a window. Among the three axis sensor data, we consider the
axis with the largest variance has more primary information
for recognizing periodicity. This approach makes the pace
recognition independent of any orientation of the sensors.
This is important since user’s gripping style and orientations
of wearable device can be different.

In order to represent the speed of user pace quantitatively,
we define SWing Per Minute (SWPM).The period of swings
can be observed by finding the lag having the first local
maximum value of auto-correlation function. The following
equation shows how to calculate the SWPM from the period.

SWPM = — 60 @)
FirstPeaklLag(ACFF)

The value of SWPM indicates how fast the user walks or
runs. For instance, we empirically found that the SWPM of
typical walking adults is between 10 and 40. The detailed
experiment for SWPM values will be described in later
section.

Typical time taken for a human to swing his arm is less
than 3 seconds. Therefore, we calculated the SWPM using 3
seconds of window in every 20 milliseconds. User can speed
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up or down instantly for synchronizing his/her pace to the
playing song. To make the SWPM closer to user speed, we
used the moving average window method.

C. Music Archive Construction

In order to synchronize song to user pace or play music
continuously, beats within a song should be tracked. In this
paper, we employed BeatRoot, the java based beat tracking
system that proposed in [9]. Beats are tracked and their
timestamps are stored as a text file in a personal computer as
shown in Fig. 1. Subsequently, tempo in terms of beats per

minutes (BPM) is calculated by the average intervals of beats.

D. Music Player

While songs are played in RJ, their tempo needs to be
adjusted according to the user’s SWPM. Since the SWPM is
correlated to an arm swing of two footsteps, the proper
tempo of song is calculated by the following equation

BPM = 2x SWPM 3)

SoundTouch, which is a sound processing library
implemented on C++ platform, is employed for adjusting
playback speed without pitch variation [10]. Java native
interface is used to enable the library on java platform. Using
the library, songs can be played with its playback speed
adjusted dynamically according to user SWPM.

The RJ player provides two modes for music selection
and two options in each mode for adapting its playback to
the user pace.

1) User Mode

In this mode, the player plays songs in the playlist which
was made by the user beforehand. This mode provides two
particular options: fixed and dynamic pace. With the fixed
pace option, tempo of all songs in the playlist is changed to
some fixed BPM. On the other hand, with the dynamic pace
option, the songs in the playlist are played sequentially and
its playback speed is changed dynamically depending on
user SWPM.

2) System Mode

In this mode, the playlist is made automatically by the
system and two options are supported: Beat-aware and
program. With the beat-aware option, the system monitors
user SWPM continuously. When any change is detected in
the user SWPM, the player finds songs having the most
similar tempo. In other words, if the user changes his/her
speed up or down beyond the adjustable tempo range of
current music, the player stops current music and plays
another song with corresponding tempo. Another option is
program where songs are played based on the predefined
programs. For instance, if the user defines a program that
consists of 5 minute run and 5 minute walk with 5 repeats,
the system automatically prepares a playlist of songs
appropriate for the program.

3) Song Mixing

Copyright (c) IARIA, 2015. ISBN: 978-1-61208-400-8

70 13
s DESIRED

s 60 SWPM
Q .
= SWPM+MA
@ 50 T
|
|
40 !
100 150 200 250 300 350
Time(s)
(a) Fixed BPM
920 T T
80 af %
s Mmf/ A"
a i by
2 70 ,f/" %%m
0 M iy !
& gy
0 200 400 600 800 1000
Time(s)
(b) Gradual BPM
920 F
. I
80
Z [ | |
7 | :
60 ¢
50 :
200 400 600 800 1000

Time(s)
(c) Stepwise BPM

Figure 4. Examples of pace matching to music tempo

RJ has two player modules for music mixing to support
seamless play. In other words, they play songs seamlessly in
such a way that songs are sounded like one. The two player
modules synchronize their music play based on the beat
feature in the music archive. There are two options for song
mixing: crossfading and cutting. In the crossfading mix, two
songs are mixed gradually by volume transition over time.
This method can be used when the SWPM is steady. In the
cutting mix, a new song starts as soon as current song ends.
This method is used for mixing music when the SWPM
changes suddenly.

IV. EVALUATION

To evaluate the performance of our scheme, we
performed several experiments for 10 females and 10 males.
15 of them are 20s and the others are 30s. Also, 5 of them are
daily exerciser and 12 of them exercise regularly. The others
exercise rarely. We collected 100 songs (MP3 files) of
various genres from a song streaming service, which include
electronic, hip-hop, pop and rock. Since our evaluation is
related to exercise, we collected the user’s custom playlists
that were programmed for their exercise or workout.

A. SWPM Ranges

Based on the proposed pace metric (SWPM), we
collected the actual walking/running records from 20
subjects. The subjects were asked to walk or run about 2km
with their own pace. Average SWPMs of walking and
running are 52.6 and 82.9, respectively. We implemented a
prototype Runner’s jukebox and tested it on two android
smartphones: LG Optimus G (Snapdragon S4 Pro 1.5GHz
Quad-core processor and Android OS v4.1) and Samsung
Google Nexus S (Cortex-A8 1GHz processor Android OS
v2.3).
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B. User Pace Matching to Music Tempo

In the first experiment, we evaluated the performance of
the pace recognizer. In the experiment, users are required to
catch up with music tempos of predefined playlist. Based on
the average SWPM, we generated music clips having
dynamic BPM ranging from 110 to 170 and played to them.
We defined three different types of BPM modes: fixed,
gradual and stepwise. We generate music clips according to
the BPM modes and then asked subjects to walk or run to the
music clips. Fig. 4 (a) shows the result of pace recognition
under fixed BPM. Fig. 4 (b) shows the result of user pace
recognition under gradual BPM. Finally, Fig. 4 (c) shows the
result of user pace recognition under stepwise BPM. To
evaluate their accuracy, we calculate their average difference
using the following equation.

D" [SWPM; — (bpm/ 2)

ieSWPM samples (4)

AvgDifference =
#of SWPM samples

In addition, we measured their standard devation and
minimum -maximum differences. The results are shown in
Table 1. SWPM+MA is the result of moving average (MA)
window after SWPM measurement.
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Figure 5. SWPM tracking result in different recognition conditions
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Figure 6. SWPM tracking result of a subject

D. Song Playing Method

In this experiment, we measured the effect of music
playing on the exercise or workout. Subjects are asked to
keep their own pace as much as possible while jogging 2km
course. For the comparison, we considered 4 different
jogging conditions: no music, randomly selected music,
fixed bpm music and user pace matching music. The
measurement is carried out every other day for each subject.
Fig. 6 shows SWPM tracking result of a subject for 4
different conditions. Table 3 shows their average SWPMs
and the standard deviation (STD).

TABLE 1. SWPM DIFFERENCES MEASURED
Average Standard Min ~ Max
Difference Deviation Difference
SWPM 2.05% 1.654 -49.5~15.0
SWPM+MA 1.88% 0.905 -20.7~12.1

C. Pace Recognizing Conditions

Since our proposed scheme aims to assist exercise or
workout, its robustness to the external conditions is very
important. To this end, we evaluated the accuracy of pace
recognition under three different conditions: smartphone is
held in exerciser’s hand, armband and pocket. Subjects are
asked to keep pace 85 SWPM while jogging. Fig. 5 shows
the SWPM tracking results of three different conditions.
Table 2 shows their comparison in terms of average SWPM
difference.

TABLE II. COMPARISON OF RECOGNITION CONDITIONS
Average SWPM difference (85 SWPM)
Hand 1.74%
Armband 1.35%
Pocket 4.51%

As shown in Fig. 5 and Table Il, the proposed scheme
can recognize user pace quietly correctly in all conditions.
Even with the device in the pocket, our scheme can
recognize user pace quite accurately. This is interesting
because this is not related to user’s swinging action.
According to the experiment result, we got the best pace
recognition accuracy using the armband.
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TABLE III. AVERAGES AND AVERAGE STANDARD DEVIATIONS OF
SWPM
SWPM SWPM STD
No music 78.8 4.33
Randomly selected music 75.8 381
Fixed bpm(170) music 85.4 1.17
Pace matching music 85.1 1.91

From the result, we can observe that controlled music
plays such as fixed bpm and pace matching give better
exercise effect in term of SWPM. Also, they show less
variation than randomly selected music or no music. This
means that music can be used to maintain or keep up the
effectiveness of exercise or workout.

V. CONCLUSION

In this paper, we proposed Runner’s Jukebox, a
smartphone music player to improve the user’s experience
and performance of typical exercises such as walking and
running. Based on user pace detection and music feature
analysis, our proposed music player retrieves songs and
adjusts their playback speed according to the detected user
pace. We presented a practical implementation on an
Android platform. In addition, for seamless music playback,
we proposed music mixing methods. To evaluate the
effectiveness of our system, we performed several
experiments and showed that our system can work on
Android platform with accurate recognition and positive
effect on user workout.
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