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ABSTRACT

Motivated by many potential applications that could be enabled by
acoustic motion tracking, in this paper we systematically examine
the factors that limit the accuracy of acoustic tracking in practical
scenarios. We identify three main challenges: (i) high mobility,
(if) low SNR, and (iii) hardware frequency response. We further
show that the last two issues may exacerbate the performance issue
under high mobility. We develop effective approaches to address the
issues. In particular, to address high mobility, we tackle phase wrap-
around using the derivative of the phase; we further estimate the
Doppler shift under diverse scenarios and compensate the Doppler
in channel impulse response (CIR). To address low SNR, we use a
novel approach to estimate the phase shift between consecutive
time intervals to effectively support time-domain beamforming and
increase SNR. To tackle the uneven frequency response, we show
that it is important to estimate and compensate the phase as well as
the amplitude of the frequency response. Our extensive evaluation
shows that each of our techniques is effective and putting them
together significantly enhances the accuracy of acoustic motion
tracking in general scenarios.
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1 INTRODUCTION

Background: Device free acoustic tracking technologies can enable
a wide variety of interesting applications, such as motion based
gaming, Augmented Reality (AR), Virtual Reality (VR), touchless
user interface (UI) for IoT, breathing and heart-rate monitoring, and
indoor localization.

Recently there have been a range of interesting device-free acous-
tic tracking algorithms proposed. They can be broadly classified
into four categories: time-of-arrival (TOA) based [46, 51, 68, 77],
Doppler based [4, 6, 17], FMCW based [45, 78], and phase based [32,
60, 66, 69, 74]. Among them, the resolution of the first three ap-
proaches is limited by sampling rate and bandwidth. In comparison,
phase-based tracking is attractive since the phase has a much higher
resolution (e.g., 1mm movement results in 0.74 radian phase change
in device-free tracking at 20KHz).

Directly using the phase of received signal is vulnerable under
multipath. In order to deal with multipath, Strata [74] proposes a
novel technique that estimates the channel impulse response (CIR),
which gives the channel coefficient of each channel tap, and uses the
phase of an appropriate channel tap for motion tracking. Since then,
there have been several interesting extensions (e.g., [34, 60, 76]).
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Figure 1: An example of the rapid motion problem. (a) When user’s finger is
moving with speeds below the limit, the phase-based tracking schemes can
estimate the trajectory accurately. (b) Once the moving speed exceeds the limit,
tracking accuracy degrades significantly.

Limitations of existing work: In this work, through extensive
measurements we identify several limitations of existing phase-
based motion tracking: (i) fast movement of target, (ii) low SNR,
and (iii) frequency response of hardware.

The first issue is that current phase based tracking methods
only works under slow motion. Specifically, as shown in Fig. 1(a),
Strata [74] performs well most time, but incurs high errors and
sometimes even moves in an opposite direction when the move-
ment speed exceeds a limit (e.g., 0.8m/s) as shown in Fig. 1(b).
Like Strata, other existing phase based tracking schemes, such as
LLAP [69] and VSkin [60], have similar performance issues under
high speeds: LLAP and VSkin can work only below 0.25m/s and
0.12m/s, respectively. It is quite common to have motion exceed
these speeds. [18, 30, 59] report a typical speed of human interac-
tion locomotion ranges between 1.5 — 2m/s and the highest moving
speed is around 2.7m/s [8]. To the best of our knowledge, no prior
works on acoustic-based tracking can effectively support speed
beyond 1m/s.

The second issue is that the reflected signals decays rapidly over
distance and leads to low SNR beyond 1m in a smartphone setup.
Due to the error accumulation of phase [58], the tracking perfor-
mance degrades significantly once the device moves outside 1m.
Previous works [41, 66] cannot be directly applied to the high mo-
bility scenarios and usually require a microphone array for spatial
beamforming (infeasible for COTS mobile phones).

Another issue is that the uneven frequency response of the
speaker and microphone will distort the received signal. While
the previous works (e.g., [39, 42]) have reported that the frequency
response at the inaudible acoustic frequency is highly heteroge-
neous and propose to compensate the amplitude of the frequency
response, we find that the uneven frequency response involves
both uneven amplitude and uneven phase, both of which lead to
significant distortion to the received signals and cause degradation
in tracking accuracy.

Our approach: We first closely examine the traces under fast move-
ment and have the following observations: (i) Under fast movement,
the phase change exceeds 27 between two consecutive updates,
which results in ambiguity in the phase change. We propose a novel
scheme based on the phase derivative to avoid the under-sampling
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issue. We formally show that the ambiguity of phase derivative
is determined by the acceleration instead of the velocity and that
the target’s acceleration wraps around at a much higher threshold
(well below the human’s acceleration) than the velocity and hence
is more robust against the under-sampling issue. (ii) Fast movement
also introduces Doppler shift, which distorts the phase change. We
develop a simple yet effective method to estimate and compensate
for the Doppler shift in CIR on mobile devices in real-time.

To address the low SNR, inspired by time domain beamform-
ing [41], we constructively add up CIR profiles to enhance SNR.
However, due to movement, we must compensate for the phase
change incurred by the movement between the two measurement
periods before adding up. We develop a practical method to esti-
mate and compensate for the phase change based on the maximum
entropy with only one microphone.

Next we examine the impact of the hardware frequency response.
A natural way to handle the frequency response is to measure the
speaker’s frequency response and compensate for the frequency re-
sponse at either the transmitter or receiver side by multiplying the
inverse of the frequency response so that the resulting amplitude
is flat. This type of amplitude-based frequency response compen-
sation has been used earlier. Interestingly, through our systematic
examination, we show that the phase of the frequency response is
also important to compensate and is less sensitive to noise. Hence
we propose frequency response compensation using both phase
and magnitude.

We implement the above techniques (named SwIFTTRACK) on
Android phones to enable fine-grained and robust fast motion track-
ing with acoustic signals at 1.5m away. Our extensive evaluation
validates the effectiveness of each individual technique. We further
compare the performance of our system with the existing works
including LLAP, Strata, and VSkin. Our results show that, when the
moving velocity ranges from 5cm/s to 240cm/s, the median error
of the estimated absolute distance is 0.63cm, outperforming Strata,
VSkin, and LLAP by 253%, 327%, and 1114%, respectively. Our work
develops systematic approaches to address several important prac-
tical challenges and uses real implementation to demonstrate its
benefits.

The rest of this paper is organized as follows. We give an overview
to CIR-based motion tracking method in Section 2 and introduce
three major challenges in motion tracking in Section 3. We describe
our approach in Section 4. Note that SWIFTTRACK combines a se-
ries of algorithms to achieve fine-grained and robust fast motion
tracking in the real-world. Then we evaluate its performance in
Section 5, review related work in Section 6, discuss in Section 7,
and conclude in Section 8.

2 PRELIMINARY

In this section, we provide an overview of CIR-based acoustic track-
ing schemes used in [60, 74] that can achieve high tracking accuracy
and separate multiple targets with different delays.

2.1 Channel Estimation

The transmitter sends a known acoustic sequence for channel es-
timation at the inaudible band (e.g., above 17kHz). Many pseudo-
random sequences (e.g., GSM [15], Gold [62], Barker [13], and
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Figure 2: Illustration of phase unwrapping concept and two major issues that cause the ambiguity. (a) The true phase (right) can be unwrapped losslessly from the
wrapped phase (left) if there is no phase ambiguity. (b) The insufficient sampling rate of phase may cause ambiguity. (c) Noise may cause ambiguity.

Zadoff-Chu (ZC) [52]) can be used for channel estimation. We
choose the ZC sequence as our training sequence since it is widely
adopted in modern cellular systems, including LTE and 5G NR [3].
Note that our observations and solutions also apply to other se-
quences. A ZC sequence has the following expression:

)

mun(n+1)

ZC[n] = exp(=j 1

Nzc
where Nzc is its sequence length, 0 < n < Nz¢, 0 < g < Nzc and
ged(Nzc, p) = 1.

To make the acoustic signals inaudible, we need to fit its signal
within the inaudible band. First, we perform a fast Fourier transform
(FFT) to convert the time-domain root ZC sequence to the frequency
domain and pad zeros to keep its bandwidth within the inaudible
band (e.g., 17 — 23KHz). Then, we perform the inverse fast Fourier
transform (IFFT) to convert it back to the time domain. The length
of the baseband signal ZCr[n] is N = Nzc X Bf—sw, where f; is
the sampling rate. Finally, we up-convert the base-band signal to
the inaudible band by multiplying it by exp(2zf:t), where f; is a
central frequency (e.g., 20KHz when 17 — 23KHz is used).

After capturing the reflected acoustic signal by the receiver
(e.g., the built-in microphone on a smartphone), we perform down-
conversion to obtain the base-band signal (ZCg|n, t]). Because the
receiver is a Linear Time-Invariant (LTI) system, the received base-
band signal can be modeled as:

ZCglt] = ) A ZCrt ~m(D] = hlt] + ZCr[1] - (2)
l
where * denotes the convolution operator, i denotes the index of
the propagation path, and A; and z; are the channel attenuation
and delay for the i-th propagation path, respectively.
Let h[n] denote the discrete output of h[t], which can be ex-
pressed as:

hln] = ) Ai(m)d[n ~7i(n)] ©)
1

where &[n] is a discrete Dirac’s delta function [48], which is non-
zero only when n = 7;(t). Evidently, the phase change at the target
tap is proportional to the delay change of the target, making it pos-
sible to track the moving objects using the phase of CIR. Following
the existing works [60, 76], we estimate the channel response h[n]
by correlating the received signal ZCg[n] with the transmission
signal ZCr [n].

Before estimating the distance of the target, we first remove the
background multipath, including the direct path from the speaker
to microphone and reflections from static surroundings. There
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are many background removal algorithms in literature, such as
LEVD [69], DDBR [70], and direct subtraction [32]. We use the
direct subtraction for simplicity. We measure the background in-
terference when there is no target and then subtract it from the
estimated channel (h[n]) when there is a target, similar to the
methodology in [32, 41].

2.2 Distance Estimation

Coarse-grained ToF estimation: The channel tap 7 that maxi-
mizes the magnitude of the CIR corresponds to the delay of the
signal. Therefore, we can derive the delay based on 7. However, due
to the limited audio sampling frequency, noise, and multipath inter-
ference, this estimation is inaccurate. So we only use it to provide
a coarse estimation of the initial position.

Fine-grained displacement estimation: The phase of the se-
lected tap is more accurate and provides a fine-grained displacement
estimation of the target. According to [60, 74], the displacement
can be derived from the phase as follow:

AP
Adist = £ APhase
f

c

1

2

©)

21

where the result is divided by 2 because we consider the round-trip
flight in a device-free system.

We further combine the coarse-grained initial position and fine-
grained displacement to derive the current position [60, 74].

3 CHALLENGES

3.1 Consequences of Fast Movement

Fast movement introduces two issues: phase ambiguity and Doppler
shift, which will be elaborated below.

3.1.1  Phase Unwrapping and Phase Ambiguity. Our measured phase
from channel h[n] in Eq. 3 is wrapped around and constrained to
(—m, 7). Phase unwrapping refers to recovery of the original phase
value from the wrapped phase value [11]. Let us consider the basic
1-dimensional phase unwrapping problem. As shown in Fig. 2(a),
when the phase is wrapped around, we should reconstruct the cor-
rect phase by removing the “phase jumps”. Itoh [26] shows that
the original phase can be reconstructed as long as the smoothness
condition is satisfied:

|Agn| < 7 ©)
Refer to [11, 26] for the detailed phase unwrapping algorithm.

Fig. 2(b) shows that if there are no sufficient phase samples, the true
phase change might be larger than x, leading to the failure of phase
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Figure 3: Accuracy change with the decrease of SNR

unwrapping. Fig. 2(c) shows that the sudden phase change caused
by noise may also introduce phase ambiguity. The fast movement
problem will lead to an insufficient sampling rate of phase mea-
surement, which will result in phase ambiguity. The noise may also
introduce phase ambiguity due to a sudden phase change.

Many advanced phase unwrapping techniques, like Path Follow-
ing Algorithm (PFA) [10, 22, 23] and Quality-Guided Algorithm
(QGA) [10, 29, 35], have been widely adopted to avoid phase ambi-
guity. However, they are primarily two-dimensional phase unwrap-
ping techniques, which rely on the carefully selected unwrapping
path to bypass the damaged regions (i.e., the regions with ambigu-
ity). For two-dimensional phase data, ambiguity can be effectively
detected with closed path loops [10]. On the contrary, for one-
dimensional phase data, we cannot determine damaged regions
with closed loops and have only one unwrapping path, which is
more challenging with the presence of ambiguity.

3.1.2  Doppler Effect. Assuming a target is moving at a speed of
2m/s and the frequency of sound waves is 20kHz, it will cause a
frequency shift of around 233Hz in a round-trip. If the speaker
sends periodical signals with period 10ms, the spacing of each
frequency will be 100Hz. That is, a 2m/s movement will cause the
received signal to have non-negligible frequency shift (i.e., 233Hz),
which in turn affects the down-conversion and leads to distortion
in the channel response h[n]. Thus, this pulse distortion introduces
significant uncertainty in tap selection and phase measurement.

3.2 Low SNR

It is well known that the SNR has significant impact on the tracking
accuracy. For phase based methods, the error will be accumulated
because we have to integrate the phase change over time to get
the distance estimation [58]. Figure 3 shows that when the SNR
decreases from 15dB (corresponding to a distance at 30cm between
the target and the phone) to —25dB (corresponding to 150cm), the
distance estimation error of Strata increases significantly from
0.93cm to 4.25cm.

3.3 Hardware Frequency Response

For commodity mobile devices, the frequencies above 15kHz are
hardly audible and are not optimized. Their speaker and micro-
phone have uneven frequency response. The uneven response in-
troduces significant distortion to signals and errors to the generated
channel impulse response in Eq. 3. Several previous works (e.g.,
[39, 40]) have identified and compensated for the uneven amplitude
across the frequencies. Our work identifies the uneven phase across
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Figure 4: Frequency response of 5 different devices.

different frequencies. In particular, as shown in Figure 4, the phase
changes significantly across the frequencies. Such a large change
in the phase introduces tracking errors. Therefore, it is important
to measure and compensate for the uneven phase as well as the
uneven amplitude.

4 OUR APPROACH

In this section, we describe our approaches to address fast move-
ment, low SNR, and uneven frequency response.

4.1 Fast Movement

Existing frame-based methods work well under slow motion, but
degrade under fast movement. In this section, we show fast move-
ment introduces two issues in motion tracking: (i) phase ambiguity
and (ii) Doppler shift. Then we present our methods to address both
challenges.

4.1.1  Phase Ambiguity Caused by Fast Movement. The small wave-
length of inaudible acoustic signal enables fine-grained motion
tracking. On the other hand, it also means that the phase can easily
wrap around. A displacement of only 1.73cm will cause the phase
at 20k Hz to change by 27, which leads to the phase wrap-around.
To derive the actual displacement, we should unwrap the phase. To
avoid phase ambiguity, we should ensure that the phase change
satisfies the smoothness condition in Eq. 5.

The phase measurement ¢4[¢] is related to the distance d[¢] as
follow: ¢4[t] = —@d[t] X2 = —MTf‘d[t]. To satisfy the smooth-
ness condition, we have:

¢alt] = dalt =1l < m

#M[t]—d[t—l]l <
AT dlt) - dle-1]
c T
el < 1
C
C
lo[t]] < 4f7 (6)

Considering ¢ = 343m/s, fo = 20kHz, and T = 10ms, the maxi-
mum velocity during this interval should satisfy: |o[t]| < 0.43m/s.
Hand movement can reach 2.7m/s [8]. Therefore the phase change
may easily exceed x in this case, and cause distance estimation
to be off. Fast movement may cause phase measurements to
be under-sampled and introduces ambiguity in the phase
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change. Actually, this phenomenon is severe in acoustic sensing
since the moving speed can easily exceed 0.43m/s. This problem
does not arise in the radar community because RF signals propagate
much faster than acoustic signals.

4.1.2  Addressing Phase Under-Sampling Issue. A natural way to ad-
dress the under-sampling issue is to decrease the length of the frame
used for channel estimation. To support velocities up to 2.7m/s,
we can reduce the frame length to 1.25ms. However, reducing the
frame length will reduce both the detection range and SNR [28, 63].
Another way to increase the sampling frequency while keeping the
frame duration is to slide the window by a portion of the frame. This
approach is used in [2, 60]. However, this significantly increases
the computation overhead, since fast movement also introduces
Doppler shift and it is expensive to estimate Doppler shift. Estimat-
ing Doppler shifts multiple times within a frame is very expensive.
For example, we try to estimate the Doppler shift every 1.25ms dur-
ing each frame on the 5 COTS devices. The average processing time
is around 22.5ms but the frame duration is only 10ms, which means
it cannot be processed in real-time on mobile devices. Therefore, we
seek to avoid phase wrap-around while using a reasonable frame
length (e.g., 10ms) and channel estimation interval (e.g., 10ms).

4.1.3  Use Phase Derivative to Avoid Under-Sampling Issue. We ob-
served that the quotient between the phases of two consecutive
taps can be also used to estimate motion, which is:

plt]
’ = £
p'lt] oT-1]
_ _lpl]] o i 2 (d()-d(1-1))
lplt—1]]
_nfeT
= |p/[t]]le™/ 2@ ()

where ¢, [] denotes the phase of p’[t]. We can see that computing
the quotient of two complex numbers will result in differentiating
the phase.

Interestingly, if we track motion using acceleration, phase will
not wrap around until a much higher threshold. Specifically, we
have

|golt] = polt —1]] < 7

@k}[t] —o[t-1]|<sn
4ch2|U[t] —o[t- 1]I <1
c T
2
YT <1
c
la[t]] < —4f:T2 ()

This shows that there is no phase ambiguity as long as the accelera-
tion is lower than 42.3m/s? during a 10ms frame. The peak acceler-
ation of human hand motion can only achieve around 30m/s? [8],
which is below 42.3m/s%. This suggests that using phase derivative
for motion tracking will not incur phase ambiguity. In a nutshell,
performing phase unwrapping on the first-order phase de-
rivative will avoid the under-sampling issue caused by fast
movement for human mobility. Note that, we can simply assume
that the target starts moving from a static position (i.e., with zero
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Figure 5: CIR estimations are severely distorted by motion due to the sig-
nificant Doppler effect. The red dots are the selected taps according to the
maximum channel taps.

initial velocity and acceleration). Moreover, this approach can be
potentially applied to a higher-order derivative of phase to support
even higher mobility. For example, we can estimate the second-
order derivative when the acceleration exceeds the threshold.

4.1.4 Doppler Shift. Another main issue introduced by the fast
movement is Doppler shift. If it were not considered, it would distort
phase changes during the passband to baseband conversion and
lead to significant errors. If we knew the ground truth velocity and
compensated the resulting Doppler shift, tracking accuracy can
remain high, assuming a high enough sampling rate. The major
challenge is to determine how much Doppler shift to compensate.

The impact of rapid motion on the pulse of CIR estimation can
be modeled by the following equation:

hin] = g[n] * h(n] ©)
where h[n] is the true CIR, fl[n] is the estimated CIR, and * denotes
the convolution operator. The term g[n] is the impact of motion.
The profile in Fig. 5(a) is generated by a hand-sized object moving
in the range from 20cm to 55cm. The reflected signals affected by
the rapid motion are very likely to severely distort the CIR profiles.
Therefore fast movement makes the tap selection challenging and
introduces errors in the phase measurement.

To address the issue, we develop an algorithm to compensate for
the Doppler shift, as show in Alg. 1. This algorithm processes the
baseband complex signal by enumerating different Doppler shifts
and choosing the one that maximizes the peak value of CIR profiles.
The basic idea of our compensation scheme is developed based on
the widely used frequency synchronization technique in digital
communication systems [43, 47]. The Doppler shift caused by the
maximum supported velocity in Eq. 6 can be computed as follows:

(10)

2 X Umax 1 1
FS:— = — =-A
c fe 2T 2 f
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where vmax = élfﬁ represents the maximum velocity supported by
the system without introducing phase ambiguity in Eq. 6. Let us con-
sider the round-trip motion and Af = % is the frequency spacing
of periodical signals [48]. It tells us that the fast movement will
not affect the phase measurement of the peak channel taps
if the Doppler shift is less than half of the frequency spacing.
This observation shows that our Doppler compensation results can
be relatively coarse. We only need to ensure a frequency shift be-
tween the compensated and template frames to be smaller than half
of the frequency spacing. Therefore, we can search for the velocity
using a step size empirically set to 10cm/s. Furthermore, since the
peak acceleration of human arms is around 30m/s?, we know that
the maximum velocity change between two consecutive frames is
around 30cm/s. Due to the round-trip propagation in device-free
tracking, we set the search range to (ve — 60cm/s, v, + 60cm/s),
where v, is the last estimation and the initial velocity is 0 because
we assume the target moves from a stationary position. Finally, we
use the frequency domain cross-correlation [20] to speed up the
cross-correlation step. Recent studies [5, 57] show that the time
domain cross correlation is memory efficient, but the frequency
domain cross correlation is time efficient. Furthermore, we use the
FFTW library [9] to speed up the FFT computation. Our algorithm
for Doppler compensation is shown in Alg. 1.

4.1.5 Summary. Putting together, we first mitigate pulse distor-
tions by compensating the Doppler shift, then apply the phase
derivative to calculate the current velocity and estimate the dis-
tance using integration. Applying Doppler compensation to COTS
mobile devices introduces considerable overhead. We deal with this
issue in three aspects: (i) Alg. 1 is only executed once in each frame
since phase derivative provides enough phase samples even under
fast motions, (ii) we observe that the frequency shift estimation
can be very coarse for tracking purpose, (iii) we use the frequency
domain cross-correlation to speed up the computation. Our phase

Algorithm 1: Doppler Compensation Algorithm

Input: Baseband signal, rx[n,t],n=0...N-1,t=0...T
Output: Compensated CIR, k[n]
1 Initialize v, [0]: initial velocity, k[0]: initial tap number,
zc[n]: template ZC sequence.
2 fort < 1toT do

3 /*Search for the velocity with a step size of 10cm/s*/
4 for v « ve[t — 1] — 60cm/s tove[t — 1] + 60cm/s do
5 /+Find the correlation peak.x/

6 R =corr(rx[n,t] - ejzn(%ﬂ).%,zc[n])

7 Rpks[v] < max(|R[taps around k[t —1]]|)

8 end

9 /* Compensate Doppler with the best v.x/
10 ve[t] « argmax(Ryks[0])
_ jom (el fe) 2
1 h[n] = corr(rx[n] - e c fs, ze[n])
12 /*Update taps=/
13 k[t] « argmax(|h[taps around k[t — 1],t]|)

11 end

15 return;
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derivative approach differs from the conventional path following
algorithms (PFA) and quality-guided algorithms (QGA) in two as-
pects: (i) our approach can be applied to one-dimension phase data,
and (ii) we directly apply the basic unwrapping algorithm to the
phase derivative without ambiguity detections.

During the implementation of the above algorithms, we further
find that: (i) a significant sudden phase change (caused by insuf-
ficient SNR or signal distortion), as shown in Fig. 2(c), may also
cause the failure of phase unwrapping, producing errors when in-
tegrating velocity to distance, (ii) low SNR conditions may cause
the failure of the Doppler compensation algorithm. We observe
that these two phenomena can be attributed to fast attenuation of
acoustic signals and the distortion of hardware frequency response,
which are also two practical challenges for motion tracking, not
only for the fast movement but also for the general scenarios. Thus,
we address these two practical challenges in Sec. 4.2 and Sec. 4.3 to
achieve more robust fast motion tracking.

4.2 Enhancing SNR

The SNR can be low due to fast attenuation of reflected signal and
limited power of the speaker on a mobile device. In this case, the
taps corresponding to the target are prone to noise, leading to the
noisy phase measurement, as shown in Fig. 6(a), which causes errors
in both Doppler estimation and phase measurement.

Specifically, the CIR is modeled as follows:

h[n] = g[n] * h[n] +w[n] (11)

where w[n] represents the noise, fl[n] is the CIR measurement, and
g[n] is the distortion introduced by Doppler shift. Our goal is to
reduce w[n] in fl[n].

The intuition behind our scheme is that the CIRs between two
consecutive frames are rotated by a certain phase, which is caused
by motion. If we can compensate the phase change, the CIRs can
be added up constructively and strengthened. This idea is inspired
by antenna beamforming where signals received at different times-
tamps can be added up to improve SNR after compensating the
phase difference caused by their different positions [41]. Our time-
domain beamforming works even when there is one microphone
because the CIRs are summed up across time from each microphone.

The remaining issue is how to determine the phase change during
the interval to compensate. We observe the relationship between
two consecutive CIRs can be modeled by:

hln] = h[n - 1]e/? (12)

where ¢ is the phase change caused by motion. This equation
holds when there is one moving object. However, when there are
multiple well-separated moving objects, each object affects a subset
of taps and the equation holds for the set of the taps next to each
object. Then we estimate the next CIR based on the measurement
in the current frame using exponential weighted moving average
(EWMA) [21] as follow:

2[n] = (1= K) x z[n— 1]e/® + K x i[n] (13)

where z[n] is the SNR-enhanced CIR, l:z[n] is the measurement, and

z[0] = h[0]. K is a weighting factor, which is empirically set to be
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Figure 6: Time domain beamforming effective improves the SNR of the CIR profile

0.3. g{; is the best phase estimation that makes z[n — 1]e/¢ closest
to fl[n]

To find q§ we develop the following optimization model based
on the maximum entropy principle [16]:

argmaxH(normalized(|fl[n] = z[n]] - 1z[n]]) (14)

where H(-) is the Shannon entropy and Z[n] = z[n — 1]e/¢ is
the prediction of the next channel. The term |fz[n] — z[n]| is the
amplitude of the complex error between the measured CIR and
the predicted CIR, and is a vector across all taps. We perform dot-
product between |ﬁ[n] — 2[n]| and |Z[n]| because |Z[n]| is largest
at the tap next to the target and it is more important to minimize
the component in |l;[n] — Z[n]| that is closest to the target. The
maximum entropy principle states that if we do not have the prior
knowledge of a distribution, the best way is to assign a distribution
which has the maximum entropy. Hence, we maximize the Shannon
entropy of the error function to distribute the weighted residual
errors evenly across each tap. We employ the iterative gradient
descend algorithm to solve this optimization problem. An example
of the SNR-enhanced profile is shown in Fig. 6(b), where the noise
is effectively suppressed.

Note that we use the previous best estimation as the current
initial point, and it is natural to assume the object starts moving
from a stationary state with a zero initial phase change (i.e., ¢ = 0).
Moreover, as shown in Figure 6(b), our SNR enhancing algorithm
can suppress the residual multipath of the background noise, which
may have considerable impact on the tracking accuracy for long-
range detection.

Algorithm 2: SNR Enhancing Algorithm
Input: Baseband signal, rx[n,t],n=0...N—-1,t=0...T
Output: SNR-Improved CIR, z[n, t];

1 Initialize ¢[0]: initial phase change, zc: ZC sequence.

2 fort < 1t0T do

3 h[n] « Compute the CIR profile.

4 (]E[t] « Solve the optimization problem in Eq. 14.

5 z[n] < Combine the predicted CIR and measured CIR.

6 end

7 return;
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Figure 7: Different hardware frequency compensation schemes.

Two consecutive CIR profiles are likely to be affected by a similar
Doppler distortion g[n], given the short frame duration in between
(i.e., 10ms). Thus, Eq. 12 holds with the presence of g[n], which
means our SNR enhancement algorithm also works under Doppler
shift. After obtaining the SNR-enhanced CIR profile, z[n, t], we
have to convert the CIR profiles to baseband signal in order to
compensate the Doppler distortion g[n] according to Alg 1. Inspired
by the frequency domain cross correlation, we find that we can
approximately compute the baseband signal from a CIR profile as
follows:

rx|n,t] ~ iFFT(FFT(z[n,t]) - FFT(zc[n])) (15)
Then we can compensate the Doppler shift in rx[n, t] and convert
it back to a CIR profile as shown in Fig. 6(c).

4.3 Hardware Frequency Response

It is common for speakers and microphones to have an uneven
frequency response. Essentially, the received signal r is affected by
both wireless channel and hardware frequency response as follow:
ZCgr[n] = h[n] * hy, % ZC[n], where hy, is the hardware frequency
response. Note that hy, is a complex number, which implies that the
hardware frequency response affects both the amplitude and phase
of the received signal.

Existing works (e.g., [39, 40]) focus on the amplitude of the hard-
ware frequency response. We find that the phase of the frequency
response is also important. Without hardware distortion, the phase
response should be linear in terms of frequency. Hardware distor-
tion causes a nonlinear phase response [64].
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Fig. 7 compares the performance of different frequency com-
pensation schemes at 17 — 23KHz on Google Pixel3: (i) compen-
sate phase response alone, Zhy, (ii) compensate amplitude response
alone | hy,|, and (iii) compensate both phase and amplitude responses,
hy,. The purple line represents the raw CIR profile. Without compen-
sation, we observe (i) the energy of the main lobe decreases, leading
to lower SNR and (ii) the energy of side lobe increases, which may
introduce more distortions and makes it difficult to correctly esti-
mate the Doppler and select the tap. If we compensate the amplitude
response alone as adopted by previous works [39, 40], we see some
improvement. However, if we compensate the phase response, the
main lobe becomes narrower and the side lobes also become smaller.
Moreover, if we compensate both of them, we observe the highest
peak value. Therefore, we compensate for the phase response as
well as the amplitude response to tackle hardware distortions. We
further evaluate various compensation schemes on different phones
and different frequencies in Section 5 and show that their relative
performance depend on the hardware and frequencies. Neverthe-
less, it is important to compensate for the phase of the frequency
response in all cases.

4.4 Final Algorithm

Basically, the phase derivative approach is sufficient to solve phase
ambiguity issue caused by fast movement in theory. However, in
real world, the phase gradient may be corrupted by noise, Doppler
distortion, and hardware imperfection. Therefore, we develop and
combine a series of algorithms to address the fast movement of
human motions. During the process, we find that our single-channel
SNR enhancement algorithm and hardware frequency response
compensation can also be easily integrated into other acoustic
tracking systems to improve the SNR of received signals.

The final algorithm is shown in Alg. 3. We first compensate both
the amplitude and phase of hardware frequency response, followed
by SNR enhancement and Doppler compensation. We enhance SNR
so that we can more accurately estimate the Doppler shift. Note that
SNR enhancement is applied to CIR while Doppler compensation
is applied to the raw signal, so we need to perform baseband to
CIR twice. Finally, we apply phase derivative to avoid the phase
ambiguity and measure the fine-grained motion.

Algorithm 3: Final algorithm to handle fast movement

Input: Baseband signal, rx[n,t],n=0...N-1,t=0...T
Output: Fine-grained velocity, v[¢]

1 forti—0toT do

2 rx[n,t] < Compensate frequency response.

3 h[n] < SNR enhancement, Alg. 2.

4 CIR to baseband signal, Eq. 15.

5 h[n] < Doppler compensation, Alg. 1.

6 Use phase derivative to compute v[t] and d[¢]

7 end

8 return;
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4.5 Position Estimation

In this section, we describe how to estimate the 1D position and
2D position of our target.

4.5.1 1D Postion Estimation. We derive two estimates of 1D posi-
tion: an absolute distance based on the largest magnitudes in CIR
profile, denoted as d? [t] and a relative distance derived from the
fine-grained velocity estimation using the first-order phase deriva-
tive, denoted as o? [t]. Then we combine these two estimations as
follows:

d[t] = paP[t] + (1= f) (P [T +d[t - 1]) (16)

where f is a weighting factor in the range of [0, 1], which is set to be
0.1, because we rely more on the fine-grained velocity estimation.

4.5.2 2D Position Estimation. Given the phone form factor, we
know the relative positions of the speaker and two microphones. We
can compute the path length from the speaker to one microphone.
Therefore, the possible locations of our targets should be on the
ellipse in the 2D space whose foci are the speaker and microphone.
Using two microphones, the target is located at the intersections
of two eclipses [46, 69, 74]. There are two intersections of these
ellipses, and we select the one in front of the tracking device, which
is a common region for the user’s hand.

5 EVALUATION
5.1 Experiment Setup

To extensively evaluate the performance of our schemes, we develop
an Android app SWIFTTRACK and test it on the following five COTS
devices: SamSung S7, Google Pixel 3, Xiaomi K20 Pro, Honor 20 Pro
1, and Honor 20 Pro 2. Our app performs entire signal processing
locally on the smartphones in real-time. The speaker volume was
set at 80% of the maximum and the microphone sampling frequency
was fixed at 48 kHz. We set the ZC sequence frame length T = 10ms,
corresponding to a maximum unambiguous range of around 1.7m.
This operating range is large enough for the interaction of human
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hand movement, and signals outside this range are negligible. Given
the 4kHz bandwidth and 10msx48kHz = 480 samples in each frame,
we set Nzc = 39 and the root of ZC sequence p = (Nz —1)/2 = 19.

To better control the moving speed, we mounted a hand-sized
reflector on a 1.6m long track to randomly push it back and forth
with human arms, as shown in Fig. 8(a). We placed a Real-Sense
D435i [25] in front of the track to get the ground truth of target
movements. However, due to the smaller range of the depth error,
we place the object as close to the depth sensor as possible and
strictly follow the instruction [14] to tune the parameters of the
depth sensor to achieve the best performance. We also evaluate
our schemes with users” hands as shown in Fig. 8(b). We attach a
red marker to the center of the user’s palm, which facilitates the
Real-Sense to get ground-truth positions.

5.2 Micro-Benchmark

5.2.1 Impact of Phase Derivative. We first evaluate our approach
using the phase derivative to address fast movement. We perform
experiments using a moving track and compensate the Doppler
shift using the ground truth velocities. The average velocity is
0.88m/s;in 76% of time, the velocities are larger than 0.45m/s, which
cause phase ambiguities. Then we derive the distance from the
selected taps’ phase in two ways: (i) directly unwrap the measured
phase without phase derivative and (ii) perform phase unwrapping
on the first-order phase derivative and integrate the estimated
velocity to get the final displacement. The results are shown in
Fig. 9(a). Due to phase ambiguities caused by the under-sampling
issue, the direct phase unwrapping cannot reconstruct the actual
displacement, leading to significant errors. As we can see, the first-
order phase derivative efficiently solves the under-sampling issue
and reduces the median error by 96% from 11.27cm to 0.46cm, 90th
percentile error from 21.73cm to 0.72cm, thereby supporting fast
movement.

5.2.2  Doppler shift compensation. We evaluate the impact of pulse
distortions on tracking performance. Since the pulse distortion is
related to the moving speed and high moving speed will cause an
insufficient phase sampling rate, we apply the circular shift-based
up-sampling scheme to decouple the pulse distortion and sampling
interval. Then the tracking performance is mainly determined by
the pulse distortion. Fig. 9(b) shows that the median error is reduced
from 7.67cm to 0.49cm and the 90" percentile error is reduced from
18.56¢cm to 0.79cm, with the Doppler compensation. The result
implies that even if the under-sampling issue is solved, the pulse
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distortion will also cause the failure of tracking rapid motion. Since
the distorted pulse makes tap selection challenging, we also evaluate
its impact on the absolute distance measurement corresponding to
the selected taps. As shown in Fig. 9(c), the median absolute error
is reduced from 6.37cm to 0.79cm and the 90" percentile error is
reduced from 9.27cm to 1.53c¢m, with the Doppler compensation,
implying a significant influence from the pulse distortion.

5.2.3 Enhancing SNR. We evaluate the performance of our SNR
enhancement algorithm when the low SNR is low. The SNR is
—3dB when the target is 50cm from the phone and reduced to
—16dB at 1m. In this experiment, we move the target between
1m to 1.3m with a speed lower than 20cm/s to ensure the signal
is mainly affected by the noise. Then we compare the tracking
accuracy with and without applying our algorithm. The results
are shown in Figure 9(d). We can see that our SNR enhancement
algorithm reduces the median displacement error by 70% from
1.54cm to 0.46cm, and more importantly it significantly improves
the tail performance (reducing the 90th percentile error by 87%
from 6.98cm to 0.91cm).

5.2.4 Hardware frequency response. The frequency response varies
with devices, and different frequency responses impact the ex-
perimental results differently. To evaluate the impact of the fre-
quency response compensation method, we compare the results
in the following conditions: (i) do not compensate for frequency
response (labeled as “Raw” in Fig. 10 (a) and (b)), (ii) compensate for
amplitude response (“Amp”), (iii) compensate for phase response
(“Phase”), and (iv) compensate for both phase and amplitude re-
sponse (“Phase + Amp”). Moreover, the amplitude response may
significantly suppress energy in some frequencies, as depicted in
Fig. 4. Therefore, we conduct two experiments. In the first exper-
iment, we use the frequency from 17kHz to 21kHz for Fig. 10(a).
We use 17kHz to 23kHz in the second experiment for Fig. 10(b).
Compensating for the amplitude response may degrade the accu-
racy because it will magnify the energy of noise for the frequencies
above 22kHz. In comparison, the phase compensation always has
significant improvement. Thus, we use the both the phase and am-
plitude compensation scheme in the frequency band from 17kHz
to 21kHz in our implementation.

5.2.5 Tracking rapid motion with combined schemes. We evaluate
the performance of the combined schemes. Since the Doppler com-
pensation scheme and SNR enhancement scheme can work indepen-
dently to improve the tracking accuracy, we conduct two separate
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experiments under different conditions to evaluate their perfor-
mance. The results are shown in Fig. 10 (c) and (d). We compare
the improvement after adding more schemes. PD, Freq, Doppler,
and SNR represent phase derivative, frequency response compen-
sation, Doppler compensation, and SNR enhancement schemes,
respectively. The Doppler compensation scheme is applied when
the target is close to the phone (30cm) and moves fast. Fig. 10(c)
shows that the Doppler compensation significantly improves the
tracking performance by 68% in the near field, and adding the fre-
quency response compensation can further reduce the median error
by 12%.

The SNR enhancement scheme is applied when the target is far
from the phone (120cm) but moves slowly. In Fig. 10(d), we can see
that both the SNR enhancement and frequency response compensa-
tion schemes significantly improve the accuracy by around 65% in
the far field, respectively. Combining all schemes further improves
the performance by 15%.

5.3 Overall Comparison

In this section, we compare the performance of our system with the
the following previous work: Strata [74], VSkin [60], and LLAP [69].
For fair comparison, we use the signals with the same frame length:
T = 10ms. Because Strata, VSkin, and our system are channel-based
methods, they share the same traces. Since LLAP measures the
phase of each frequency independently, we set the initial phase of
each frequency to zero before playing the audio out by the speaker.
We mounted a hand-sized reflector on a 1.6m long track to better
control the maximum speed. We push this reflector in one direction
for each movement while varying the maximum speed from 5c¢m/s
to 240m/s.
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Figure 12: Impact of distances at low speed range (< 20cm/s), medium speed
range (20cm/s ~ 80cm/s) and high speed range (> 80cm/s).

Fig. 11(a) shows the absolute distance estimation errors of the
four schemes. SWIFTTRACK achieves a median error of 0.63cm, out-
performing Strata, VSkin, and LLAP by 253%, 327%, and 1114%,
respectively. Moreover, the tail performance is significantly im-
proved. The 95th percentile error of SWIFTTRACK is reduced by
353%, 537%, and 1215%, respectively.

5.3.1 Impact of velocities. We further evaluate SWIFTTRACK un-
der various scenarios. We first compare the tracking errors under
various velocities from 5cm/s to 240cm/s to cover the speed range
of human hand motion. Since human arm’s movement is unpre-
dictable in real scenarios and the errors caused by fast motions
may accumulate over time, we calculate the mean error of each
trace and the maximum velocity. Fig. 11(b) shows the results. When
the speed is low (i.e. < 10cm/s), these four schemes have similar
performance. When the speed exceeds 40cm/s, Strata and VSkin
degrade significantly. This is because for a frame length of 10ms, the
maximum supported speed is 45cm/s according to the Eq. 6. When
the moving speed is 240cm/s, the errors of Strata and VSkin are
23.67cm and 30.41cm, respectively, while the error of SWIFTTRACK
remains small (3.69cm).

5.3.2  Impact of distances. We test the system performance at var-
ious distances from 30cm to 1.5m with a step size of 30cm. We
conducted three sets of experiments under low speed (< 20cm/s),
medium speed (20cm/s ~ 80cm/s), and high speed (> 80cm/s),
respectively. The results are shown in Fig. 12. We can make the
following two observations. First, when the speed is high, only
SwIFTTRACK works well at various distances, while the other meth-
ods suffer from fast motion. Second, when the speed is low or
medium, thanks to the SNR enhancement and frequency response
compensation schemes, SWIFTTRACK can still out-perform the other
methods.
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5.3.3  Impact of devices. We evaluate the tracking performance
on different COTS devices with low-speed (< 20cm/s), medium-
speed(20cm ~ 80cm), and high-speed (= 80cm/s) motion. The
results are shown in Fig. 13. When the speed is high, the perfor-
mance is mainly determined by the velocity, and only SwirTTRACK
works well. In the medium-speed range, both SWIFTTRACK and
Strata work well, but SWIFTTRACK have better performance due to
the compensation of hardware response. When the speed is low,
we can see that the four methods work similarly on Honor 20 Pro 1,
Honor 20 Pro 2, and Xiaomi K20 Pro; however, SWIFTTRACK outper-
forms Strata, VSkin, and LLAP by 36%-119% on Google Pixel 3 and
Samsung S7 because the uneven frequency response is more pro-
nounced on Google Pixel 3 and Samsung S7 than the other phones
as shown in Fig. 4.

5.3.4 Impact of locations. To study the impact of different locations,
we test our system at four different locations: our lab, a narrow
corridor, a conference room, and an outdoor public space. The re-
sults are similar across different locations as shown in Fig. 14(a).
The reasons are two-fold. First, the reflections of the environment
are measured and removed by the background subtraction. Second,
the slowly changed background residuals mainly affect the perfor-
mance in low SNR regions, which can be effectively removed by
our SNR enhancement algorithm.

5.3.5 Impact of ambient sounds. We evaluate SWIFTTRACK with
different ambient sounds. Specifically, we conduct experiments in
three scenarios: (i) a quiet environment (labeled as “Q” in Fig. 14(b)),
(ii) an environment with people talking (“T”), and (iii) an environ-
ment with music playing (“M”). We place the noise source at 0.5m
from the tracking device, and 2 different volume levels are consid-
ered for (ii) and (iii). The results of the 5 scenarios are shown in
Fig. 14(b), which shows similar performance across different scenar-
ios. The results are not surprising because we use the frequencies
beyond the audible frequency range of human ears and are not
affected by audible ambient sound.
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Figure 16: 2D and 3D drawing samples. “RS” represents the trajectories cap-
tured by Real-Sense as reference. “SwiftTrack” represents the proposed
method and “Baseline” represents disabling the phase derivative, SNR en-
hancement, frequency response compensation, and Doppler compensation.

5.3.6  Impact of users. We evaluate SWIFTTRACK in real usage sce-
narios. We recruit seven users to conduct experiments (with IRB
approval). They are encouraged to freely move their arms back and
forth. They are undergraduate and graduate students, from 21 to 27
year old, with 1 female and 6 male. As shown in Fig. 14(c), the track-
ing accuracy across different users is similar. The median error over
the seven participants is 0.74cm, which is slightly higher than that
of a hand-sized reflector (0.63cm). The slightly higher error is likely
because arms introduce additional reflection and arms’ movement
may differ from that of the hands’, which are our targets.

5.4 Motion Statistics

We measure the speed distribution and acceleration distribution
during the experiments. The results are shown in Fig. 15. We see
the maximum speed is 2.47m/s and the maximum acceleration
is 35.94m/s%. We have two observations. First, nearly half of the
occurrences exceed 0.8m/s, which is the maximum speed supported
by the previous works. Second, the maximum acceleration is less
than 43m/s?, which indicaties the phase derivative algorithm can
handle fast human motion tracking.

5.5 Drawing Samples

We build a draw-in-the-air interface based on SWIFTTRACK to show
its drawing capability in 2D and 3D spaces. Since tracking in 3D
space requires at least 3 mics, we use external mics for data col-
lection. The point cloud data produced by Real-Sense are used to
generate reference trajectory [1]. We draw circles quickly with our
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All
6.67ms

SNR enhancement | Others
1.26ms 1.04ms

Table 1: Processing time of each part.

Doppler Shift
4.37ms

hands in the air (the 3D example) or on the desk (the 2D exam-
ple). The maximum velocity is 132cm/s. Fig. 16 gives the drawing
examples with fast motion. We can see that the baseline deviates
significantly from the reference trajectories while SWIFTTRACK
follows.

5.6 System Latency

We measure the time for SWIFTTRACK to process each 10ms frame
on Google Pixel 3 and report the median time after running it for
30 minutes in Table 1. Note that since the computation of the phase
derivative and frequency compensation schemes are simple, their
process time is close to Oms. The Doppler compensation scheme and
SNR enhancement schemes take 4.37ms and 1.26ms, respectively.
The total processing time is 6.67ms. Therefore SWIFTTRACK can
process each 10ms frame in real-time.

6 RELATED WORKS

We classify related works into (i) device-free acoustic tracking,
(ii) device-based acoustic tracking, (iii) RF-based tracking, and (iv)
phase unwrapping techniques.

Device-free (Contactless) Acoustic Tracking: Acoustic-based
tracking schemes only use speakers and microphones, which are
widely equipped on most COTS mobile devices, and can achieve
high tracking accuracy. FingerIO [46] provides device-free track-
ing on COTS mobile devices by computing the Time-of-Arrival
(TOA) of the reflected signals. They utilize the cyclic suffix property
of OFDM symbols to find the TOA of reflected signals. However,
the sampling rate of the microphone limits the range resolution,
and the slope of phase change in the frequency domain is suscep-
tible to noise and interferences. LLAP [69] employs continuous
waves (CW) to track the target. The measured phase of CW sig-
nals is less susceptible to noise and provides good range resolution.
Nevertheless, its performance is highly susceptible to multipath
interferences. Strata [74] addresses this issue by leveraging channel
impulse response and using the phase of the appropriate channel
tap for tracking. RTrack [41] proposes an interesting approach that
combines signal processing with machine learning to significantly
increase the sensing range. FMTrack [32] achieves multi-target
tracking by iteratively searching for optimal parameters of their
signal models.

Device-based acoustic tracking Unlike contactless tracking, users
can hold a device to enable motion tracking. Device-based tracking
enjoys higher SNR and less impact from multipath interference
than device-free tracking. AAMouse [73] combines the Doppler
shift measured across several frequencies to turn a mobile device
into a mouse in the air. CAT [38] and Rabbit [42] utilize the property
of chirp signals to estimate the distance between the transmitter
and receiver. SoundTrack [75] measures the phase information of
CW signals to locate a customized finger ring in 3D space. Mil-
lisonic [65] leverages the phase of mixed chirp signal in the time
domain to track multiple devices.
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RF-based tracking Radio Frequency (RF) signals, such as WiFi,
RFID, and mmWave, have been used for localization and track-
ing. For example, ArrayTrack [71] measures the phase of the re-
ceived signal and achieves a median error of 23cm using 16 anten-
nas. RF-IDraw [67] and WiDraw [61] achieve several centimeter
tracking errors. Increasing the frequency to around 60GHz can
improve the tracking performance, such as mTrack [70], Soli [33],
and mmVib [27], but they require customized hardware.

Phase Unwrapping Techniques Phase unwrapping techniques
have been widely used in research fields, such as optical interferom-
etry [44, 49], streak projection profilometry [19], synthetic aperture
radar (SAR) [7, 55], magnetic resonance imaging (MRI) [31, 53, 54],
etc. In these cases, determining the singularities of two-dimensional
phase data (i.e., points that do not satisfy the smoothness condition)
is the key to phase unwrapping. There are two basic approaches:
residual theorem [10, 22, 23] and quality map [10, 29, 35]. The sin-
gularities can be determined by coherence [24, 56], gray-level co-
occurrence matrix [50], and phase derivative variance [36, 37]. After
finding singularities, we can carefully select the unwrapping path
to avoid those regions by using path following algorithms [12, 72].
Note, however, that for the one-dimensional phase unwrapping
problem in the tracking system, it is difficult to identify and bypass
singularities and to choose a different unwrapping path.

7 DISCUSSION

SWIFTTRACK can effectively improve tracking accuracy and robust-
ness under fast motions and be easily integrated into other tracking
systems to enhance SNR and deal with uneven frequency response.
Although the results for fast human motion tracking are promising,
there still exist several challenges to be addressed in the future:
(i) extend the SNR enhancement scheme to multiple channels to
further improve performance, and (ii) support other objects’ fast
movement.

8 CONCLUSION

In this work, we identify several limitations of existing phase-
based acoustic motion tracking, including the phase ambiguity and
Doppler shift caused by fast movement, non-uniform frequency
response compensation, and low SNR. We gain the following im-
portant insights: (i) Fast movement may cause phase measurements
to be under-sampled and introduce ambiguity in the phase change.
Performing phase unwrapping on the first-order phase derivative
can avoid the under-sampling issue caused by fast movement for
human mobility. (ii) To enhance the SNR, we can add up the signals
in consecutive time intervals after compensating for the phase shift
during these time intervals. We can find the best phase shift to com-
pensate by maximizing the entropy of the error function between
our measurement and estimation. (iii) Hardware frequency response
varies across devices. We find that compensating the phase response
is more reliable than compensating the amplitude response since
the latter may significantly increase the noise. We develop effective
solutions for each issue and experimentally demonstrate their effec-
tiveness using Android implementation. We evaluate SWIFTTRACK
with the velocity ranging from 5cm/s to 240cm/s and observe a a
median error of 0.63cm.
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