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Abstract

The use of sound feedback to assist in learning and cor-
recting motor skills has some innate advantages. For exam-
ple, sound leaves a person’s eyes free for important tasks
like avoiding obstacles, and ample psychological evidence
shows a connection between the synthesis and perception
of motion and sound. When motion is periodic, as it is
with most forms of human locomotion, the sound feedback
should also be periodic, i.e., rhythmic and synchronized to
a person’s motion. We present a method to track an ath-
lete performing a known movement in real-time using an
RGB-D camera. We use a Kalman filter in conjunction with
iterative closest point to synchronize incoming data against
a known movement pattern and produce a musical rhythm.
The athlete and the rhythm move in phase with one another.
We call this process rhythmic sonification. We demonstrate
our method by tracking and rhythmically sonifying an ad-
vanced in-line speed skating movement called double-push.
Rhythmically sonified feedback provides a new opportunity
to teach and reinforce this and other athletic skills.

1. Introduction

It is now common to mount cameras on people’s bod-
ies, on flying drones, on vehicle dashboards and on spe-
cialized robots. Capturing footage of athletes in their en-
vironment is among the most prevalent applications pro-
vided by the increased portability and inexpensive nature
of these cameras. An interesting feedback loop can be cre-
ated whereby an athlete is able to receive computer analysis
and feedback of their movements in real-time in their envi-
ronment. We present a method to track an athlete perform-
ing a known repetitive movement and produce a rhythmic
sound feedback synchronized with the rhythm of the move-
ment. Our method is robust and provides ease of use and
setup. We demonstrate the method with speed skating ath-
letes performing an advanced technique on a speed skating
treadmill. The rhythmic sound is designed to reinforce the
movement pattern by creating an interactive feedback loop.
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Examples of the human ability to synchronize their mo-
tion with sound are found throughout many cultures. We see
examples when an audience claps their hands with a piece
of music, when dancers move together during a waltz, and
when soldiers march in step to a band. The association is
profound and can be exploited to help people acquire and
perfect new motor skills, or to recover normal motor skills
in clinical treatment.

In this paper, we build on prior work in the field of soni-
fication - the non-verbal representation of data in sound.
Most human locomotion, and many human activities, in-
volve periodic motions. We exploit this by creating soni-
fied feedback that is both rhythmic and synchronized to
a person’s motion. Figure 1 illustrates the concept. The
process begins with measurements of a person performing
a periodic motion acquired in real-time. These measure-
ments can come from any number of sensors including sen-
sors worn on the body like accelerometers or goniometers,
skeletal pose angles obtained from a motion capture sys-
tem, or (as proposed in this paper) from an RGB-D camera.
A computer model synchronizes its simulated motion with
the measurements from the person, which in turn provides
audio feedback. As the feedback helps the person to learn
or perfect a motor skill, the feedback also allows the per-
son to synchronize their motion with the computer model.
In effect, a process of mutual synchronization emerges that
allows the person and model to walk in step just as two or
more people walking side-by-side can adjust their gaits to
do the same.

The computer model can come from any number of
sources, but it must allow synchronization based on the real-
time measurements. Typically, we acquire a model from
another person who can already perform the motor skill -
we record the skilled performers movements to get typical
examples of the skill being performed correctly.

The emphasis on synchronization and rhythmic feedback
represents a change from conventional approaches to hu-
man motion analysis and pose estimation. The usual goal in
human motion analysis is pose estimation. The reasonable
assumption is that from a correctly computed pose, one can
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Figure 1. An illustration of the concept of synchronous sonified
feedback. A computer model synchronizes to real-time measure-
ments of a person engaged in a periodic motion. The system
produces sound feedback to help the person learn or restore the
motion. Because the person hears the sound feedback, they can
synchronize themselves to the model and sound. The process is
analogous to soldiers adjusting their strides to march in step.
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Figure 2. A skater on the treadmill is recorded with a kinect cam-
era, each new incoming point cloud is compared against point
clouds in the model movement library using the Iterative Clos-
est Point algorithm. The comparisons are combined into a single

phase estimate, ¢, which is tracked over time and drives rhythmic
auditory feedback completing the interactive feedback loop.

rhythmic sonification

derive whatever they need. In fact, we can synchronize from
skeletal pose angles from a Vicon [30] system as shown by
Boyd and Godbout [5], but the measurements need not be
so complex. Since our singular requirement is to produce
a reliable phase measurement, we can do this from other
measurements, obviating the need for a solution to pose es-
timation. However, the requirement for sonified feedback
introduces a new constraint - the phase estimate must be ac-
curate enough to keep timing errors in the rhythm within
human tolerances for the perception of rhythm. Given that
humans can hear small timing differences, this is a chal-
lenging requirement.

Figure 3 describes the process that produces rhythmic
audio feedback. The synchronization process produces a
phase signal, ¢ that cycles from zero to one, repeating with
the period of the motion. We set one or more phase thresh-
olds, ¢. As ¢ crosses the phase threshold, the sonification
system produces a sound. We avoid continuous sounds -
they do not work well for audio feedback - so the sound
will be transient like a single note played on a piano, or a
single drum beat. The number and placement of the phase
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Figure 3. Rhythmic sonification: as a person performs a periodic
motion, the phase ¢ ramps from zero to one repeatedly. Each time
the phase crosses the phase threshold ¢, the systems triggers a
sound. Because of the perodic nature of the phase, the resulting
sound pattern is rhythmic, and synchronized to the person’s mo-
tion.

thresholds determines the rhythmic pattern that the sonifica-
tion system plays. Variations in the pitches associated with
the thresholds controls the repeating melody. This allows
us to design a sound feedback pattern that reinforces correct
performance of a motion, emphasizing important elements
of timing.

2. Background
2.1. Perception and Synthesis of Motion

The study of human motion perception through vision
provides insight that is useful in the design of motion feed-
back systems. Johansson’s seminal work with moving light
displays demonstrated that the visual perception of human
motion is reliable and fast: “after the first one or two
steps: this is a walking human being! This perceptual ef-
fect has been observed without exception” [18]. Blake and
Shiffrar [4] provide a survey of results covering several
decades of research in this area. They point to the body
of evidence regarding the robustness of human motion per-
ception in the presence of numerous confounding factors.
Among the few factors that can interfere with this robust
phenomenon is a distortion of the timing or phase relation-
ships in the motion [!] — when the temporal phase of the
motion of moving lights is scrambled, the perception of hu-
man motion is lost.

Blake and Shiffrar [4] also point to “converging lines of
evidence” that the human ability to perceive human mo-
tion results at least in part from experience in producing
one’s own motion. Neurological evidence points to the ex-
istence of mirror neurons that activate both when an ac-
tion is performed, and when the same action is perceived
in others [22, 21]. Furthermore, these mirror neurons
also respond to the sound associated with an action, even
in the absence of the corresponding visual stimulus [21].
Bidet-Caulet et al. [3] identified a similar response to au-
ditory footsteps. They draw the conclusion that there is a



“supramodal area” of the brain that is “involved in human
motion recognition, irrespective of the sensory modality in-
put.”

In the context of the work presented here, we highlight
the following salient points.

1. Humans have a specialized ability to perceive human
motion.

This specialized ability is connected to our experience
synthesizing our own motion.

. The perception of motion extends beyond vision to in-
clude sound.

2.2. Sonification

Sonification refers to the non-verbal representation of
data with sound [15]. It is a diverse field involving psy-
chology, music, kinesiology, computer science, and engi-
neering.

Within the portion of sonification that involves sport,
the concept is particularly attractive because communicat-
ing through sound does not interfere with an athlete’s vi-
sion, maintaining required visual stimuli for performance
and safety. Examples of sonification in sport are numerous.
Godbout and Boyd [ 1] introduced sonification to the sport
of speed skating, describing an application that provided
real-time feedback to correct lost cross-over technique of
a specific skater. Stienstra et al. [27] demonstrated a soni-
fication technique that mapped data from force sensors em-
bedded in speed skates to audio feedback for the skater to
improve technique. Godbout et al. [12] demonstrated soni-
fication of accelerometer data from a consumer-grade wear-
able sensor, the Armour 39 [29].

In the sport of running, Eriksson et al. [9] describe a soni-
fication system that provides real-time feedback to help im-
prove running economy. Hockman et al. [17] use a runner’s
pace to control the time scaling of a phase vocoder to syn-
chronize music playback. This enables synchronized music
playback to become part of a runner’s workout. Godbout et
al. [12] use a phase synchronization system to sonify virtual
footfalls. Their goal is to encourage runners to to increase
their cadence and shorten their stride, thereby reducing heal
striking. As the runner approaches the desired cadence, the
virtual footfalls coincide with the actual footfalls, reinforc-
ing the correct motion.

Schaffert et al. [25, 24] apply sonification to rowing by
sonifying force feedback to the athletes. Their research
shows significant improvements in mean boat velocity, and
anecdotally this research is associated with a successful
Olympic rowing team. Wolf et al. [32] sonify a motion error
signal to provide feedback. However, they observe that the
sonified error signal does not help one to learn motor skills.
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We note that this seems to be true in general of error sonifi-
cation, possibly because sonified errors do not normally tell
a person how to correct the error.

In addition to these sports, karate [28], swimming [16]
and golf [26] have all be successfully sonified as part of an
interactive experience.

2.3. Rhythmic Sonification

Parameter mapping in sonification refers to the mapping
of values from input sensors to one or more audio param-
eters for data display [14]. For example, one could map
the force measured by a sensor to the pitch of a sound, or
map the distance to an object to loudness. The technique is
common in sonification for sports. For example, consider
accelerometer data — in golf [26], karate [28] and rowing
[25, 24] the mapping of acceleration to musical pitch al-
lows the users to perceive the level of force being applied.
Sensor data has been parameter mapped to sound character-
istics to allow users to perceive changes in their posture [9]
or orientation of their equipment [32].

However, parameter mapping does not innately capture
the important phase and timing data that is critical in hu-
man motion. For example, consider the rowing sonifica-
tion system described by Schaffert and Mattes [24]. The
system maps a number of force and acceleration measure-
ments to sound parameters. Although the mapping does not
explicitly consider rthythm, the sounds produced are rhyth-
mic because the human motion of rowing is periodic, which
leads to periodic measurements, which finally leads to peri-
odic sounds (i.e., rhythms). Schaffert and Mattes report that
the success of their system is at least in part due to rhyth-
mic sounds. The rowers can synchronize to the sound, and
thereby row in unison to increase efficiency and speed.

Godbout and Boyd [1 1] proposed rhythmic sonification,
which differs from simple parameter mapping by explicitly
modelling the periodicity of human motion and sensor data
derived from human motion [11]. Figures 1 and 3 in Sec-
tion 1 describe the concept. To illustrate the process, we re-
cap some results from Godbout and Boyd [ 1]. The context
was a speed skater that had lost his ability to do crossovers
while in corners on an oval track — for unknown reasons
he was dropping his right toe as he set the skate down,
which caused instability and loss of speed. Referring to
Figure 1, the model was a set of ankle angle measurements
representing a single cycle of a corner speed skating stride
as demonstrated by an accomplished skater. The measure-
ments came from a simple goniometer that could measure
ankle movement in real-time, worn by the skater. The sub-
ject skater then wore the goniometer as a small computer
carried by the skater synchronized the live measurements
with the recorded model. The synchronization algorithm
was a brute-force search over phase and cadence space to
maximize the cross correlation between model and live data



at any moment in time. The algorithm could therefore ad-
just to a skater’s change in cadence while producing a phase
signal like that illustrated in Figure 3.

The sonification has two components. First, a set of four
phase thresholds (¢ in Figure 3) trigger notes on a C-major
arpeggio. So when the subject skater matched the model
well, he would hear the C-major arpeggio played in four-
quarter time. This rhythmic feedback had the most signif-
icance, and quickly helped the skater to recover a correct
rhythm in his stride. Second, the sonification system pro-
duced a buzzing sound when the ankle angle was too large
just before the skate contacts the ice. This is trivial with
the synchronization system — phase is known, so it is easy
to identify the moment before the blade sets down, and ap-
ply parameter mapping to the ankle angle at that specific
moment.

Variations on the theme of rhythmic sonification includ-
ing using multiple sensor data streams, such as skeletal pose
angles from a motion capture system [5], or using data from
consumer grade wearable sensors [12]. The key features of
rhythmic sonification are:

1. synchronization of sensor data to model data to pro-
duce a phase signal, and

2. mapping of phase threshold to trigger sounds.

In short, rhythmic sonification does not simply map a data
value, but also maps temporal information in the data to
sound. When viewed in the context of the psychological and
neurological evidence cited in Section 2.1, rhythmic sonifi-
cation is an ideal tool for assisting people to learn or recover
motor skills.

While it is still a subject of research, rhythmic sonifica-
tion has potential beyond sports in the area of clinical treat-
ments, as seen in research on treatments for Parkinson’s
patients. For example, del Olmo and Cudeiro [8] showed
the coefficient of variability in the gait of Parkinson’s pa-
tients improved with rhythmic sound stimuli. Willems et
al. [31] investigate the use of rhythmic auditory cues for
Parkinson’s patients. Nombela et al. [20] present a survey
of results in the application of rhythm to the treatment of
Parkinson’s.

3. Visual Synchronization with RGB-Depth
Camera

In recent years RGB-Depth (RGB-D) cameras have be-
come common. The addition of depth/disparity data to
conventional video offers many advantages. RGB-D data
improves segmentation, view invariance and robustness in
phase estimation. The double-push stride in in-line skat-
ing serves as a context for demonstration. Capturing and
analyzing speed skating athletes presents an interesting ap-
plication domain for visual tracking. Speed skating uses a
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(a) Glide Left (b) Push Left (c) double-push Right

(d) Glide Right

(e) Push Right (f) double-push Left
Figure 4. Phases of Speed Skating with double-push. Traditional

skating has glide and push phases (a, b, d, ). double-push skating
adds in an extra push using the exterior edge of the blade (c, f).

push with the blades to the side of the body to produce for-
ward propulsion and a subsequent side to side swaying of
the athletes.

We use speed skating to refer to both in-line speed skat-
ing (roller skates with wheels in alignment) and ice speed
skating (traditional ice skating). The two types of speed
skating share many of the same characteristics, however
double-push is typically only executed within in-line skat-
ing. The components of the double push are outlined in
Figure 4.

We hypothesize that rhythmic sonification based on syn-
chronization between the skater and the particular model
skater they wish to emulate will aid the skater. While teach-
ing and training the rhythm of double-push is a practical
and desirable goal, it is easy to see that the same techniques
can apply to other periodic movements in which a subject
is attempting to mimic an established or known movement
pattern.

3.1. Methods

The work presented here uses a specialized speed skat-
ing treadmill. Ultimately, we seek to implement our method
using a mobile apparatus such as that demonstrated by
Boyd, et al [6]. This apparatus featured an RGB-D cam-
era mounted on a mobile autonomous vehicle to both fol-
low and capture depth images of speed skating athletes.
The depth camera allows for easy segmentation using a
connected components approach, and a best hypothesis
multiple-target tracker [7] is able to track objects given the
segmented object’s centroid. Because the vehicle is de-
signed to keep the target in the same relative position with
respect to the camera, the best hypothesis multiple target
tracker can use a Kalman filter with a constant-position
model to resolve the trajectories. The work here uses the
same system to track objects, but focuses on tracking a
skater on a treadmill with a stationary camera. While there



may be small movements within the view frame due to the
nature of the speed skating movement the same constant-
position model assumption of the object centroid is a rea-
sonable approximation.

3.1.1 Phase from Depth

In prior work producing phase from periodic motion [11,

, 5], the incoming data is compared against a set of mod-
els built using the same sensor setup. The best matching
model influences the current phase estimate in the move-
ment. Iterative Closest Point (ICP) is a method for regis-
tering point clouds [2, 33, 13]. The ICP algorithm finds
corresponding points between two point clouds and creates
a rigid body transformation to minimize the distance and
then iteratively continues until convergence at a local mini-
mum.

The termination criteria of ICP, minimized euclidean
squared distance between sets of matching points in two
point clouds, is a measure of the similarity between the two
point clouds. The Point Cloud Libary (PCL) has imple-
mented a version of ICP that takes advantage of a number
of optimizations and estimations designed to reduce com-
putational complexity [23], however, the algorithm remains
computationally intensive. ICP returns the similarity, f, be-
tween two point clouds (p; and p2): f = ICP(p1,p2).

We use a Microsoft kinect to record a model of the
double-push movement. The model is a set of point clouds,
G, recorded from an experienced in-line skater during one
period of the repetitive movement. We search within G us-
ing ICP to find model point clouds that match the current
data, and from the matches infer the current phase. Due to
the computational complexity of the ICP algorithm we rely
on a modified Kalman filter [10] to track and predict the
phase of the movement.

Following the algorithm presented in Alg. 1, let xy
[Pk, (i)k}T be the state and z;, = [y, (i)O]T be the measure-
ment of a skater at time k. ¢ is the phase of the skater within
the double-push movement, ¢y, is the measured phase, ¢y, is
the rate of change of ¢ and (ﬁo is a typical cadence, a tune-
able parameter. We have the following process and mea-
surement models:

ey

X = FXg_1 + Wg_1,and

2, = HXp + i, (2)
where
1 At
FZ{O . } 3)
H=1, “4)

and wi_1 and vj are the process and measurement noise
respectively. The state covariance is:
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Algorithm 1: Tracking Point Clouds with Kalman fil-
tering and ICP
input : py: current point cloud sample,
G ={(¢1,91), s (D, gm)}: Model set of
(phase, point cloud) pairs.
output: Updated State Estimate f(z, Updated Error
Covariance P,j
1. Extrapolate:
X, = Fx |
P; =FPf  FT+Q
. Monte Carlo Measurment:
2.1 Select Sample Domain:
if Oy, <04 . then

Dmin = (ZS/; - gg¢mma¢mar = @b]; + %%mm
else
d)min = ¢]; - %O—¢ka¢maz = (b; + %O—Qﬁk

2.2 Monte Carlo Sampling:
for i=1—mn do
select random j s.t. (¢, g;) € G and
¢min < ¢j < ¢ma:r

f=1CP(gj,p)
Bi = exp(—f?/20%)
i = @;

end

Bi= sgri=1,.im

2.2 Weighted Average:

3. Update:
K =P HTHP HTR]™!
%7 =%, + Kz — HY; |
Pl =[I-KH|P,

Consider p, a point cloud obtained from an RGB-D cam-
era monitoring a subject performing a periodic movement.
To obtain a measurement vector for p, the algorithm com-
pares p to a set of model point clouds, G, using ICP. Each
~v € G is a pair: (¢, g) containing a model point cloud, g,
and the corresponding phase, ¢.

We can perform n calls to the ICP algorithm within a
fixed period of time, to determine a best match, n < |G/|.
We estimate a search domain within the phase domain of G
as ¢, £ go - and sample that portion of the ¢ domain in
a Monte Carlo fashion to obtain a search set, .J, with size



n. Note, it is essential that the range of ¢ values sampled
should not be too small, since this is equivalent to testing
only a single model point cloud. Therefore, we force o,
Opmin L0, < 04, (Algorithm 1: 2.2). We set n as large
as possible while maintaining real-time performance.

For each phase ¢;, we select g;, the model point cloud
nearest to ¢;, and compute f = ICP(g,,p). f is weighted
according to a normal distribution: 3 = exp(—f?/207%).
oy is estimated based on the range of IC'P. We normalize
B’ to get (3 such that ) " | 8; = 1. Finally, our measure-
ment, Zy, is the sum of the weighted similarities:

e[

92’0 is a constant parameter representing a typical cadence.
The state extrapolation (X;, ), error covariance extrapolation
(P, ), gain (K) and updates ()2:, P,j ), follow the standard
kalman filter [10]:

(6)

X, = Fxi_y, 7

P, =FPl FT +Q, )

K =P, H'[HP, H'R]~ 9)

X5 =%, + K|z, — HX;, ], and (10)

Pt =[I-KH|P_, (11)

where () is the process noise covariance, and R is the mea-
surement noise covariance:

" (¢ —p): 0
R: ijl((bé ¢k) S ’ (12)
o<
®o
where 02 is the uncertainty in QSO, set as 03) = 0.1. The
system is 1n1t1al1zed with:
N 0.5 0.1 0
XO[%}P“ [0 0.01]‘ (13)

A successful tracking of a periodic movement produces
a consistent ramping of phase, ¢, from 0 to I and a tracking
of gb that is biased towards <Z50 but responds well to changes
in pacing.

3.1.2 Sound from Phase

Rhythmic feedback is created by triggering sounds at evenly
distributed intervals as the phase ramp crosses predefined
thresholds in the phase space. Based on the duration of the
double-push movement we divide the movement into four
sections placing sonic triggers at each phase threshold be-
tween the sections, as in Figure 5. The four musical tones
are based on a D major arpeggio, with notes in order: Dy,
F}, Ay and Ds.
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Figure 5. Rhythmic feedback is synchronized to the skating move-
ment. As the subject progresses through the movement, ¢ ad-
vances in sync and as it passes each of the four thresholds the
corresponding musical note is broadcast.

The notes are evenly spaced in the model movement and
so a perfect matching of subject to model results in the mu-
sical notes being triggered at even intervals. The arpeggio
sonically implies an order to the feedback.

3.2. Testing

We tested our system using a skating treadmill with
two accomplished speed skating athletes, one acting as the
model and the other as the subject. A kinect camera is set
up at the front of the treadmill and the rhythmic auditory
feedback is provided via wireless headphones. We instruct
our skaters that a perfect matching of their movement to
model movement produces an even distribution in the 4-
note rhythmic auditory feedback. We are looking for a con-
sistent phase ramp in sync with the subject’s movement.

As detailed in Section 2.1, humans are innately able to
perceive synchronization between movement and sound and
especially one’s own movement. We rely on this ability and
consider it as the gold standard for determining synchro-
nization between rhythm and movement. We determine that
our phase estimate is synchronized with a subject by ask-
ing the subject to assess the registration between the sounds
they hear and the movements they perform, i.e., we ask
them if the musical rhythm occurs at the same time in their
movement each repetition. As observers we do the same,
listening to the rthythm while monitoring the movements of
the subject. We used the following test procedure:

1. Record the model: The skating treadmill is set to 22
kilometers per hour, a relaxed, realistic pace for in-
line skating. The first skater performs numerous rep-
etitions of the double-push skating movement, which



is recorded with the depth camera. A speed skating
coach picks out one cycle of the movement to be the
model, G.

Synchronize model skater vs recorded model: The
first skater again skates on the treadmill. Now the in-
coming depth images are compared against the pre-
viously recorded model and the phase of the move-
ment is computed. When the phase crosses the evenly
spaced phase thresholds the corresponding musical
note is broadcast. The skater changes pace of move-
ment and the treadmill belt pace is adjusted between
18 and 24 kilometers per hour. The skater’s perception
of synchronization between movement and rhythm is
held as the standard for evaluating the system. The
signals are considered to be synchronized if the rhyth-
mic auditory feedback occurs at perceptually consis-
tent phases of the movement for both the skater and
observers.

Synchronize subject skater vs recorded model: A
second skater, the subject, skates on the treadmill
performing in-line double-push. The treadmill speed
varies between 18 and 24 kilometers per hour and
the skater varies their cadence. Again, the skater’s
perception of synchronization between movement and
rhythm is held as the standard for evaluating the sys-
tem. The signals are considered to be synchronized if
the rhythmic auditory feedback occurs at perceptually
consistent phases of the movement for both the skater
and observers.

3.3. Observations

In the case of each subject, the system was able to syn-
chronize against their movements and thus produce rhyth-
mic auditory feedback (Figure 7). After the tests we manu-
ally observe the video frame by frame and select an identi-
fiable point in each skating stride repetition the correspond-
ing total phase (unnormalized) is then observed and pre-
sented in Figure 6. The subjects each commented that they
could easily determine that the rhythmic auditory feedback
was synchronized with, and under the control of their move-
ments. The subjects each indicated that the system was easy
to use and easy to understand.

One subject described the system as “simple yet surpris-
ingly immersive” noting that he quickly became entrained
with and focused on the rhythm. The lowest note (Dy4) oc-
curred at the start of the left foot push and one subject men-
tioned the feedback occurred when his wheels went over
a ridge in the treadmill belt and it gave the sensation that
his push was casting aside some object. The other skater
mentioned he could hear differences in the rhythm between
left and right double-push allowing him to establish an even
rhythm and symmetry in his stride.
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Figure 6. Manual visual selection of left foot set-down and the
computer generated total phase value (unnormalized). The left
foot set-down was selected manually in a video sequence of 10
skating strides and the subsequent computer generated phase is
examined. A strong correlation is observed.
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Figure 7. Example phase plots of the two subjects. Phase ramps
from O to 1 as the subjects proceed through the double push. (a) is
our model skater synchronized against his own model recording.
(b) is our subject skater synchronized against the model recording.
The sample rate is approximately 18Hz.

The phase estimate was responsive to the changes in pac-
ing, including the typical rests, starts and stops the ath-
letes undertook. There were no identifiable synchroniza-
tion issues associated with the changes in treadmill belt
speed, nor changes in individual subject cadence. How-
ever, maintaining a minimum o4, (Eq. 5) is essential.
Without this requirement the tracker can become too confi-
dent in its predications when synchronization has occurred



for some duration, i.e., o4, becomes too small. Enforc-
ing o0y, >= 04,.., allows the tracker to continue sam-
pling from a broad enough phase range to ensure phase
lock. This is especially important when a subject abruptly
changes pace, such as during resting, starting and stopping.

3.4. Discussion

As was the case with previous work in rhythmic sonifi-
cation, the model requirements are not strict - almost any
reasonable example of a cycle of the motion will do. Al-
though there is variation in the ways people perform peri-
odic motions, these variations are not large enough to pre-
vent these (and other) synchronization methods from esti-
mating a phase trajectory that is accurate to within the re-
quirements of human perception.

We have not provided any empirical evaluation of the
phase signal derived by our algorithms. This is in part due to
a lack of ground truth data - we do not know the true phase
and therefore cannot compare. However, since our ultimate
goal is to provide sonic feedback that a person will perceive
as synchronized, we have relied on the subjective reports
of participants in our experiments. We maintain that this is
sufficient, particularly because the human ability to perceive
synchronization is well documented in science and culture.
The ultimate test will be in patient and athlete outcomes that
are beyond the scope of this paper.

One of our subjects has requested additional training
time with the system. This person, a high-performance
athlete, has expressed difficulty in maintaining and self-
evaluating his technical efficiency during extreme training
efforts. Outside of the scope of our original vision for best
uses of rhythmic auditory feedback, the subject notes an in-
terest in “listening” to how his skating technique degrades
as fatigue sets in, something he mentions is difficult to cur-
rently assess and correct in real-time.

While we have shown how to produce rhythmic feedback
that reinforces correct movement, we have yet to establish
protocols for clinical treatment, nor for teaching a motor
skill to an athlete. With severe gait disorders, a patient
might not be able to walk well enough to synchronize with
amodel gait. In this case, we speculate that a progression of
models designed to challenge a patient incrementally might
work better than pushing a patient to synchronize with a
normal gait. The same may also be true for teaching an
athletic motor skill. For example, the double-push might be
taught by synchronizing to an intermediate model that exag-
gerates a glide phase before turning that glide into an extra
push.

Currently, clinical apparatus to provide sonic feedback to
patients is large and expensive. For example, Motek Med-
ical’s [19] CAREN system requires a major infrastructure
installation limiting it to inpatient use. The work presented
here offers the potential for sonified feedback for outpa-
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tients. A computer, camera and treadmill are well within
what is affordable and physically practical for use at home.

4. Conclusion

We have demonstrated a system to synchronize and cre-
ate rhythmic sonic feedback of human locomotion based on
depth/disparity cameras. The system exhibits an ability to
synchronize sound to within tolerances for humans to per-
ceive that the sound is synchronized to their motion. The
rhythmic feedback reinforces the correct performance of the
motion, and opens the door to applications for clinical treat-
ments, and for new training methods for athletes.
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