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Recent years have witnessed increasing attention from both academia and industry on contact-free acoustic sensing. Due to
the pervasiveness of audio devices and fine granularity of acoustic sensing, it has been applied in numerous fields, including
human-computer interaction and contact-free health sensing. Though promising, the limited working range hinders the wide
adoption of acoustic sensing in real life. To break the sensing range limit, we propose to deploy the acoustic device on a
moving platform (i.e., a robot) to support applications that require larger coverage and continuous sensing. In this paper,
we propose SonicBot, a system that enables contact-free acoustic sensing under device motion. We propose a sequence of
signal processing schemes to eliminate the impact of device motion and then obtain clean target movement information
that is previously overwhelmed by device movement. We implement SonicBot using commercial audio devices and conduct
extensive experiments to evaluate the performance of the proposed system. Experiment results show that our system can
achieve a median error of 1.11 ¢m and 1.31 mm for coarse-grained and fine-grained tracking, respectively. To showcase the
applicability of our proposed system in real-world settings, we perform two field studies, including coarse-grained gesture
sensing and fine-grained respiration monitoring when the acoustic device moves along with a robot.
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1 INTRODUCTION

Acoustic sensing that extends the primary use of speakers and microphones from audio playing and voice-based
interaction to contact-free motion tracking has been gaining a tremendous amount of attention from both academia
and industry recently. Acoustic sensing exhibits numerous advantages including pervasiveness [26, 29, 48] and
fine-grained sensing granularity [57, 60]. On one hand, speakers and microphones are essential components on a
variety of commodity devices in our daily life, including smartphones, smart speakers, smart TVs, etc. On the
other hand, owing to the inherent low propagation speed in the air (i.e., 340 m/s), acoustic sensing can achieve
a finer sensing granularity compared to other sensing modalities such as Wi-Fi sensing [30, 61, 65] and LoRa
sensing [62, 63]. Recent efforts have successfully pushed the granularity of acoustic sensing from centimeter-level
to millimeter-level [14, 54, 64]. As a result, acoustic sensing has enabled diverse applications, ranging from
coarse-grained motion sensing such as human tracking [16] and gesture recognition [14, 25] to fine-grained
activity sensing including finger tracking [28, 57, 60], lip reading [47, 66, 67], respiration monitoring [43, 55, 56],
and eye blink detection [21].

Although promising, the limited range of acoustic sensing hinders its wide adoption in real life. For example, the
state-of-the-art acoustic sensing systems can only achieve a sensing range of 2 m for respiration monitoring [55, 56]
and 4.5 m for gesture recognition [25]. The main reason is that signals experience large attenuation when reflected
from a target and become much weaker than the direct path signals. Researchers have endeavored to address this
issue by employing microphone arrays [14, 55] and machine learning techniques [24, 25]. However, the sensing
range is still limited to a few meters.

To break the sensing range limitation, we seek to deploy the acoustic sensing device on a mobile platform (e.g., a
robot) to support applications that require larger coverage and continuous sensing, as shown in Fig. 1. For example,
healthcare robots nowadays play an increasingly important role in providing well-being to both patients and
caregivers [1, 3, 5, 23, 34, 36, 37, 41, 45, 50, 51]. The caregivers can remotely monitor the vital signs of patients in
a contact-free manner, which reduces their risk of exposure to infectious diseases such as COVID-19. Healthcare
robots can follow the elderly or patients to provide 24-hour continuous care and supervision. As essential
components of voice-based human-computer interaction [3, 5, 34, 36, 37], the built-in speakers and microphones
on healthcare robots can therefore be leveraged to provide fine-grained human sensing in a contact-free manner.
Although most healthcare robots on the market [3, 36, 37] are equipped with other types of sensors such as
camera and LiDAR, these sensing modalities have their limitations on human activity sensing. LIDAR sensors on
robots are usually employed for detecting obstacles and identifying objects. While it can capture the shape of the
target, the range accuracy of LiDAR sensors is not high enough for fine-grained sensing. For example, the range
error of LIDAR sensors is usually 1-2% of the distance [44]. It indicates that, if the target is 2 m from the robot,
the range error would be 2 to 4 cm, which is too large for respiration sensing with a subtle chest displacement of
0.5 cm. Cameras are another common components of robots for detecting surrounding objects. However, due to
privacy concerns, people are usually unwilling to be continuously monitored by cameras. Compared with these
sensing modalities, acoustic signals can achieve fine-grained sensing on the scale of sub-millimeter and do not
raise privacy concerns. Therefore, we believe acoustic sensing well complements existing sensing modalities.
For example, a robot can first identify the human target with the help of LIDAR, and then initiate respiration
monitoring using acoustic sensing when it approaches the target.

The fundamental principle of acoustic sensing is that the target movement affects acoustic signals reflected
from the target, so we can obtain target movement information by analyzing signal variations. Yet, current
acoustic sensing is based on a critical assumption that the sensing device remains stationary [9, 19, 38, 43, 55, 56].
On the contrary, acoustic sensing under device motion (e.g., the acoustic device moves with a robot) is entirely
different from sensing with a stationary device. The reason is that when the acoustic device is stationary, the
signal variations are purely caused by target movements. However, the signal variations contain both target and
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(a) The stationary scenario. (b) The device motion scenario.

Fig. 1. Prior studies utilize stationary devices for contact-free acoustic sensing, resulting in a limited sensing range (green
area). Our system aims at breaking the limits of acoustic sensing range by employing a moving robot to achieve a larger
coverage and continuous sensing.

device movement information when the device is moving. Hence, we face critical challenges to make acoustic
sensing work under device motion.

The first challenge is how to extract clean target movement information when the signal variations are
caused by both target and device movements. Device movements can easily overwhelm target movements. One
straightforward way to address device motion is to introduce motion sensors such as inertial measurement
units (IMU) to capture the information of device motion. However, IMU-based solutions suffer from severe
accumulated errors and bring additional data fusion burden [7]. Therefore, we aim to seek a solution without
requiring any additional sensors.

To address this challenge, we leverage a static object in the environment as a reference to cancel out the
effect of device motion. The key intuition is that the signals reflected from a reference! only contain the device
movement information. In contrast, the signals reflected from the target contain both device and target movement
information. We can then eliminate the effect of device motion by subtracting the signal variation in the reference
reflection (containing only device movement) from that in the target reflection (containing both device and target
movements) to extract clean target movement information.

In this paper, we employ the chirp signal design to separate signal reflections from the target and reference.
The chirp signal design has a fine resolution (e.g., 4.25 cm for a signal bandwidth of 4 kHz) in resolving reflectors
located at different distances. Reflectors separated by more than 4.25 cm will be placed into different range bins.
In this case, we can obtain the signal reflection from the target and from the reference separately. However,
we encounter the second challenge during the process of tracking the target and reference, i.e., the reflections
become unstable when the device is moving. The desired target and reference reflections sometimes become
weak, while the undesired multipath from other uninterested objects become strong. This phenomenon will
cause the range information of the target and reference wrongly estimated.

To address the second challenge, we leverage the spatial continuity of movement to mitigate the effect of
unstable reflections. Even though the noise and undesired multipath sometimes can be strong to interfere with
the target and reference tracking, we observe that they appear randomly and can be eliminated as outliers. In
contrast, the target and reference reflection can form two continuous trajectories owing to spatial continuity.

The third challenge we encounter is the insufficient phase sampling rate under device motion. Specifically,
we can obtain one phase sample from each single chirp. Since the phase measurement is wrapped within the
interval [, 7], we need to unwrap the phase measurement to recover the true distance change between the

1We term the static object as the “reference” hereafter.

2The phase sampling rate mentioned here is different from the 48 kHz audio signal sampling rate in our system. The phase sampling rate is
the number of transmitted chirps per second.
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device and target. When the device moves slowly, the phase measurement can be correctly unwrapped. However,
if the device moves fast, the values of two consecutive phase measurements will be more than 7, making phase
measurements wrongly unwrapped. Intuitively, we can increase the phase sampling rate by shortening the chirp
duration to avoid this issue. However, a short chirp will severely decrease the sensing range, resulting in poor
sensing performance.

To address the third challenge, we propose a new chirp transmitting scheme to deliberately make adjacent
chirps overlap to increase the phase sampling rate. Unlike traditional chirp sending schemes in which one chirp
will only be sent after the previous chirp is completely sent out, we start transmitting the second chirp before the
transmission of the first chirp is completed. With this novel design, the phase sampling rate can be increased,
breaking the device speed constraint on sensing under device motion.

In this paper, we propose a system named SonicBot to explore the capability of acoustic sensing under device
motion. We implement SonicBot on a development platform for extensive experiments. We demonstrate the
feasibility and reliability of the proposed system using two representative sensing applications, coarse-grained
gesture recognition and fine-grained respiration monitoring. Our contributions are summarized as follows:

o To the best of our knowledge, this is the first time that device motion is considered in acoustic sensing. We
believe sensing under device motion is a critical step towards real-world adoption of acoustic sensing.

e We propose a device motion cancellation scheme to extract the target movement in the presence of device
motion. We propose a chirp transmitting scheme that can increase the phase sampling rate to address the
phase unwrapping issue caused by device motion.

e We implement our system on a pair of commodity speaker and microphone, and conduct comprehensive
experiments to evaluate its performance. We showcase our system with two representative applications.
Experiment results demonstrate the effectiveness of the proposed solution in real-world settings.

2 RELATED WORK

As an integration of acoustic sensing with healthcare robots, SonicBot is closely related to contact-free acoustic
sensing and sensing on healthcare robots. In this section, we discuss the literature most related to our study.

2.1 Acoustic Sensing

In the last decade, acoustic sensing has enabled plentiful sensing applications, which can be divided into two
categories in terms of sensing granularity: coarse-grained and fine-grained activity sensing.

2.1.1 Coarse-grained Activity Sensing. Coarse-grained activity sensing aims at sensing large movements such as
meter-level human walking [16, 17] and decimeter-level hand gesture [19, 25, 38, 58]. Acoustic sensing systems can
capture target movement information by continuously tracking the relative distance between target and sensing
device. For example, EchoSpot [16] achieves human tracking using a single pair of speaker and microphone in an
indoor environment. Due to the large reflection area of human body, the reflected signals are strong enough to be
captured within a room. However, room-scale hand tracking is a non-trivial task since hand is much smaller than
human body, resulting in a much weaker reflection [14, 58]. Therefore, RTrack [25] combines signal processing
techniques with recurrent neural network (RNN) to push hand tracking range to 4.5 m.

2.1.2  Fine-grained Activity Sensing. Different from sensing large movements, fine-grained activity sensing focuses
on sensing subtle displacement such as respiration [43, 55, 56] and movement of small body parts such as finger
tapping [28, 46, 57, 60] and eye blink [21]. Even though subtle movement cannot cause apparent distance change
as that caused by large movement, it can still induce signal variations that delicate signal processing schemes can
resolve. For example, a 5 mm chest displacement during breathing induces an obvious signal phase variation,
which is significant enough to be detected [43, 55]. However, existing acoustic sensing systems can only achieve
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fine-grained activity sensing within a limited range. For example, C-FMCW [56] achieves a maximum respiration
sensing range of 2 m. Compared with coarse-grained activity, the sensing range of fine-grained activity is much
shorter since the signal variation induced by subtle displacement could be easily buried in noise.

To push the range boundary of acoustic sensing, we propose to deploy the sensing device on a moving robot to
enable applications that require large coverage and continuous sensing. One typical application is the healthcare
robot, which continuously senses the target’s physical status.

2.2 Sensing on Healthcare Robots

As the aging problem becomes more severe worldwide, there is an increasing demand for healthcare robots to
help relieve the heavy burden of elderly care. Besides, the current COVID-19 pandemic has also stimulated a great
need for contact-free nursing. We envision contact-free sensing on healthcare robots to become a general trend.
Here, we introduce two functions of healthcare robots, i.e., physical rehabilitation and respiration monitoring,
which are closely related to the coarse-grained and fine-grained activity sensing mentioned above, respectively.

2.2.1 Physical Rehabilitation. Many healthcare robots provide engaging physical rehabilitation of upper-limb
function for patients with Parkinson’s disease, Alzheimer’s disease, or stroke [1, 40, 41, 49]. They aim at improving
the patients’ upper-limb performance by asking them to perform gestures to interact with the healthcare robot [4].
For example, iRebot [41] is a gesture-controlled robot that can provide physical rehabilitation with entertainment.
However, it requires patients to wear customized sensors on their wrists, causing an extra burden on patients. To
avoid adding wearable sensors on patients, Rijanto et al. [35] employ computer vision for rehabilitation on a
robot, but camera-based methods cannot work well in poor lighting conditions and also raise privacy concerns.

2.2.2  Respiration Monitoring. Continuous vital sign sensing such as respiration monitoring is a critical function
on healthcare robots for patients with respiratory diseases and the elderly who need 24/7 surveillance, especially
under the COVID-19 pandemic [12, 27]. Most healthcare robots still employ traditional contact-based sensors
such as oximeter to measure the respiration rate [12, 13], which is cumbersome and will result in a high
risk of cross-infection. Dedicated sensors such as remote photoplethysmography (rPPG) [42, 52] and infrared
thermometer [27, 32] are employed for contact-free respiration monitoring. Yet, these methods are sensitive to
motion and cannot achieve continuous sensing under device motion.

3 PRELIMINARY
3.1 Chirp Signal Primer

Chirp signal is a continuous wave whose frequency increases linearly with time as fy + %t, where fy, B, and T are
the initial frequency, bandwidth, and chirp duration, respectively. The transmitted chirp can be represented as

x(t) = cos (Zﬂ(ﬁ)t + %tz)). (1)

Considering a simple scenario where there only exists one reflector in the environment. The transmitted chirp
is reflected from the reflector, and then received at the microphone. As shown in Fig. 2a, the received chirp is a
delayed version of the transmitted chirp, which can be represented as

y(t) = acos (Zﬂ(ﬁ)(t—r)+%(t—r)2)), @)

where « is the signal attenuation, and 7 is the time-of-flight (ToF) of the signal in the air. 7 can be used to
calculate the distance of the reflector with respect to the speaker-microphone pair as d = T;/S , where V; is
the speed of the sound. To obtain the distance information of the reflector, we obtain the mixed signal by

multiplying the received chirp with the transmitted chirp. After applying the product-to-sum formula cos A cos B =
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Frequency 4 Power
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— T — Time di  d; d3; Rangebin
(a) The transmitted chirp and the received chirps. (b) The FFT result of the mixed signal.

Fig. 2. The transmitted chirp (a) travels through multiple paths with different delays and (b) falls into different range bins.

(cos(A — B) + cos(A + B))/2 and filtering out the high frequency component cos(A + B), the mixed signal can be
represented as
1 B B
m(t) = S cos (Zn(frt+for— ﬁrz)). (3)
We further simplify the mixed signal as

m(t) = %acos(Zﬂft+(p), (4)

where f = 27 is the beat frequency, and ¢ = 27(fyr — Z-1%) ~ 277 is the initial phase. In a typical setting,
fo >> %T, so we can omit the quadratic term. Taking multipath into consideration, the mixed signal can be
written as a superposition of reflections from N paths

N
m(t) = Z lai cos(2xfit + ¢;), (5)
=2
where a;, f;, and ¢; denote the signal attenuation, beat frequency, and initial phase for the i-th path, respectively.
The beat frequency can present us a coarse-grained estimate of the absolute distance (i.e., the ranging information)
of the reflector with respect to the device. Specifically, the signals reflected from reflectors at different distances
have different ToFs, leading to different beat frequencies. Therefore, we can calculate the target’s coarse-grained
distance d based on the beat frequency as
d= stT. (6)
2B

The beat frequency can be obtained by performing Fast Fourier Transform (FFT) on the mixed signals. Then,
multiple signals reflected from reflectors at different distances can be separated into different range bins as shown
in Fig. 2b. The size of the range bin is relevant to the range resolution, which is determined by the frequency
bandwidth B of the chirp and can be calculated as ;’—E. That means if two reflectors are located ;—E apart with
respect to the device, the two reflections will fall into two different range bins. Without loss of generality, we
consider a bandwidth of 4 kHz, which yields a range resolution of 4.25 cm. If the moving distance of the reflector
exceeds the size of the range bin, the reflector moves from one range bin to another and thus we can calculate
the distance change. In contrast, if the moving distance of the reflector is less than one range bin, we need to
refer to the phase change to track its movement.

The initial phase contains fine-grained information to track the displacement Ad of the reflector with respect
to the device. The displacement Ad from distance d, to d; can be represented as

nVs Vs Vs
-2 =2 -1). 7
- = (0 n) ™)

Adzdl—d():
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(a) The range profile under the stationary scenario. (b) The range profile under the device motion scenario.
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(c) The phase change under the stationary scenario. (d) The phase change under the device motion scenario.

Fig. 3. In the stationary scenario, (a) hand gesture can be recognized based on the range information of the hand, and (c)
respiration pattern can be obtained from the phase information extracted from the the range bin of the human body. While
in the device motion scenario, (b) the range bin of the human hand keeps changing, and (d) the phase variation induced by
respiration is overwhelmed by device motion.

Since the initial phase mentioned above is represented as ¢ ~ 27 fyz, we can obtain the relationship between the
displacement Ad and the phase variation Ag as

Vi VA
Ad= (2 Py 0P (®)
2 2xfy 2nfy 4 fo
To summarize, the range information can be adopted for coarse-grained motion sensing. In contrast, the phase
information can imply the subtle displacement that happens within a range bin, which can be employed for

fine-grained activity sensing.

3.2 Sensing with Stationary Device

In this subsection, we introduce how contact-free acoustic sensing systems work with stationary devices.

3.2.1 Coarse-grained Activity. Since the coarse-grained activity such as hand gesture usually involves a movement
scale larger than the size of a range bin, it can be sensed using the absolute distance information. Specifically, the
target reflection can be observed on the range profile with high energy as shown in Fig. 3a. Suppose that a human
target sitting in front of the device performs a “push” gesture. We can observe that the hand gets closer from the
range profile shown in Fig. 3a. Therefore, we can achieve gesture recognition based on the range information.

3.2.2  Fine-grained Activity. Despite the range information can imply the target movement, it is not enough
for fine-grained activity sensing since the displacement of fine-grained activity is smaller than one range bin.
In this case, we need to employ the phase information for subtle movement sensing. We first detect the range
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bin in which the target is located and then zoom into it to extract the phase variation. We employ respiration
sensing as an example to illustrate fine-grained activity sensing. When sensing with a stationary device, since the
distance between the device and the target is relatively fixed and the 5 mm chest movement is within a range bin
of 4.25 cm, the range bin of the human body will not change during the sensing process, which can be observed
in Fig. 3a. Therefore, we can take a one-time effort to identify the target reflection and then zoom into the target
range bin to obtain the phase change caused by chest movement. As Eq. 8 depicts, the fine-grained movement
causes the initial phase of the mixed signals to vary. The 5 mm chest movement causes the reflection path length
change and induces around a phase variation of 3.69 rad. By measuring the phase variation, we can obtain the
respiration pattern of the target as shown in Fig. 3c.

3.3 Sensing under Device Motion

Acoustic sensing under device motion is dramatically different from sensing with a stationary device. We introduce
the impact of device motion on coarse-grained and fine-grained activity sensing, respectively.

3.3.1 Coarse-grained Activity. For coarse-grained gesture recognition, we can see from Fig. 3b that the push
gesture is distorted by device motion. The reason is that besides the target movement, device motion is also
contained in target reflection. Thus, the push gesture cannot be accurately recognized under device motion.

3.3.2  Fine-grained Activity. In the device motion scenario, the respiration pattern can no longer be extracted by
the approach used in the stationary scenario. Specifically, the device motion has the following two main effects
on respiration sensing:

(1) The range bin of the target changes. Under device motion, the distance between the target and the device
varies significantly, which is much larger than the size of one range bin (i.e., 4.25 cm), thus the range bin
where the target is located continuously changes from one to another as shown in Fig. 3b. Consequently,
the chest movement occurs in different range bins as the device moves, which requires us to continuously
detect the target’s range bin.

(2) The target movement is overwhelmed by device motion. Even though we can accurately identify the
target’s range bin, the phase variation extracted from the target reflection contains the chest movement and
the device motion information. Both chest movement and device motion contribute to the reflection path
length change, causing phase variations to be superimposed. We show the phase variation extracted from
the target’s range bin in Fig. 3d. We can see that the phase variation no longer indicates the respiration
pattern under device motion.

In summary, device motion degrades sensing performance and even causes failure of existing sensing systems.
We therefore propose SonicBot to address the issue of device motion in acoustic sensing.

4 DEVICE MOTION CANCELLATION

Our basic idea is to employ a static object in the environment as a reference to extract the signal variation caused
by the device motion, which can be removed to obtain clean target movement information. This section introduces
the principle of the proposed solution and conducts experiments to evaluate its feasibility and effectiveness.

4.1 Principle
Suppose there exist two reflectors in the environment, which are the target and the reference. We denote the
target reflection and reference reflection as mr,, and mpg.y, respectively

1
mTar(t) = EaTar COS(ZJIfTart + (pTar), (9)
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Fig. 4. An illustration of applying the proposed motion cancellation scheme for acoustic sensing under device motion.

1
Mper(t) = EaRef coS(27freft + PRef)s (10)

where frar, fref contain the range information, and @74, @, are the phase information of the target and the
reference, respectively.

Since the reference is static, the variation of range and phase information obtained from the reference reflection
is purely induced by device motion. Therefore, we can infer the device motion information from reference
reflection. On the other hand, the target reflection contains both target movement information and device motion
information. So we can recover clean target-induced signal variation by subtracting the signal variation in the
reference reflection from that in the target reflection. Based on Eq. 6, the coarse-grained target moving distance
Ad?gfr %¢ can be recovered from the range information as

VT

Ad%‘z’f’se =3 (Afrar — Dfges)- (11)

If the target movement is within a range bin, we need to further involve the phase information for fine-grained
displacement measurement Ad;(‘l’;e, which can be calculated based on Eq. 8 as

; 4
adjine = 220

(A(pTar - A(pRef)- (12)

Through the above subtraction operation, the impact of device motion can be eliminated and clean target
movement information can be recovered.
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Fig. 5. lllustration for (a) wrongly-estimated range information, (b) selected candidate peaks, and (c) the clustering result of
target and reference detection.

4.2  Feasibility Evaluation

We conduct experiments to evaluate the effectiveness of the device motion cancellation scheme. The device
is placed on a linear guide slide and moves back and forth for 20 cm at a constant speed of 5 cm/s. We use a
cardboard with a size of 8 X 15 cm? as target and attach it to a cozmo robot to control its movement, and the
target is placed 0.6 m away from the device. We adopt a 19 x 19 cm? cardboard box as the reference and put it
1 m away from device. To evaluate coarse-grained activity sensing, we let the cozmo robot move forward and
backward for 20 ¢cm to simulate the “push” and “pull” gesture, respectively. To evaluate the fine-grained activity
sensing, we let the cozmo robot move back and forth for 5 mm to simulate the chest movement.

Fig. 4 shows the effect of applying the device motion cancellation scheme on coarse-grained and fine-grained
movement sensing. From Fig. 4a, we can see that the coarse-grained target movement is severely distorted by
the device motion. However, it can be accurately recovered by subtracting the range change of the reference
reflection from that of the target reflection as shown in Fig. 4c. For fine-grained activity sensing as shown in
Fig. 4b, the fine-grained target movement cannot be recovered from the range information. We can recover the
subtle movement pattern of the target by subtracting the phase change of the reference reflection from that of
the target reflection as demonstrated in Fig. 4d.

In brief, utilizing a static object in the environment as a reference to cancel out device motion is an effective
scheme for recovering both coarse-grained and fine-grained target movement information.

5 ESTIMATING RANGE INFORMATION OF THE TARGET AND THE REFERENCE

To apply the device motion cancellation scheme proposed in Sec. 4, accurate range information of the target and
the reference is critical. This section introduces the problem encountered during the process of estimating the
range information and addresses the problem by applying spatial continuity to constrain target movements.

5.1 Problem Description

We employ range profiles to localize and track reflectors in the environment. The range profile shows a high-
energy trajectory which implies the location of the reflector at different timestamps as shown in Fig. 5a. However,
due to rich multipath in indoor environment, we can observe several other peaks on the range profile, which
means that there exist other undesired multipath reflections besides the target and reference we are interested.
To eliminate the undesired multipath interference including the direct path and reflections from other static
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objects, prior studies [14, 25] adopt background subtraction to make the interested reflection stand out on the
range profile. Although background subtraction works effectively under the stationary scenario, it does not work
under device motion due to the following reasons.

First, in a multipath-rich environment, the multipath conditions at two locations might be dramatically different.
During the process of device motion, the multipath condition keeps varying and some undesired multipath
would appear randomly on the range profile. Fig. 5a shows a range profile under device motion. The device
moves forward and backward for 20 ¢cm. The human target sits in front of the device at 1 m and there is a wall
behind the human target at 2 m with respect to the device. From the figure, we can observe that the undesired
multipaths pinpointed by arrows vary over chirps and are strong enough to interfere with target range estimation.
In stationary scenario, the multipath reflected from static objects are relatively stable over chirps, and thus, can
be removed by a subtraction operation between range profiles of two adjacent chirps. However, this background
subtraction method does not work well in the device motion scenario due to varying multipath. Second, device
motion causes the signal reflected by the target or the reference at certain locations to be very weak. As we can
see from Fig. 5a, several dark gaps marked in the dashed boxes make the target’s trajectory discontinuous on the
range profile. Both of these two reasons cause wrongly estimated target/reference range which further impacts
device motion cancellation.

5.2 Spatial Continuity of Movement

We propose a method to eliminate the wrongly-estimated target/reference range information caused by device
motion. The proposed method is based on the fact that the movement of an object is continuous in space. Thus,
we can rule out the undesired multipath which randomly appears on the range profile and remedy those gaps
where the reflections from the target or the reference are weak through the following steps.

First, we assume that the range bin of the target and the reference do not change within a short time window (e.g.,
0.2 s). We can remove the random noise and partial undesired multipath by summing up the range profiles from
multiple chirp measurements within this time window.

Second, we pick a certain number of peaks with high reflection signal strength as candidates from the summed
range profile of each time window as shown in Fig. 5b since they indicate the possible locations of the target and
the reference. We empirically set the number of candidate peaks as 5 [11]. There are two factors we take into
consideration for selecting candidates. (i) The direct path has much stronger power than the reflection paths,
so the candidate searching starts from the distance of 0.3 m to eliminate influence of the direct path. (ii) One
reflector may cause two to three adjacent range bins to have high energy on the range profile, so we regard them
as one candidate.

Third, there are still some undesired multipath reflections that have intense reflection energy. Therefore, we
apply the DBSCAN algorithm to the selected candidates to rule out the residual undesired multipath. According
to spatial continuity, the range points of the target and the reference are recognized as two classes while the
random points caused by undesired multipath are regarded as outliers. Thus, we can obtain two clear trajectories
corresponding to the target and the reference, respectively, as shown in Fig. 5c. Last but not least, if there are still
some range information missing in the trajectories due to the weak reflections, we then remedy those missing
range information by predicting them according to the anterior and posterior range information.

To sum up, the spatial continuity helps us eliminate interference from the undesired multipath reflections to
achieve robust identification of the target and the reference.

6 IMPROVING THE PHASE SAMPLE RATE

So far, accurately estimating the range information of target and reference is enough for coarse-grained activity
sensing such as gesture recognition, whose displacement is in the range of 10 to 30 cm. Yet, the range information
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Fig. 6. (a) The phase change induced by respiration between two samples is within & under the stationary scenario since
the chest movement is only 5 mm and its speed is slow. (b) However, the phase change under the device motion scenario is
induced by respiration plus device motion which will cause a significant phase change between two samples, resulting in the
phase being wrongly-unwrapped.

is not enough to sense finer-grained movements such as respiration because a 5 mm displacement of the chest is
much smaller than the size of a range bin, i.e., 4.25 cm. As a result, we need to further extract the phase information
that contains fine-grained movement information. However, there exists an insufficient phase sampling rate
problem in chirp signal design which severely limits the capability of fine-grained activity sensing under device
motion. This section first introduces the insufficient phase sampling rate problem. Then, we propose an overlapped
chirp transmitting scheme to mitigate the effect caused by this problem.

6.1 Problem Description

Phase information is widely adopted for respiration monitoring since it can provide fine-grained displacement
measurements [43, 55]. We can obtain one phase sample from every single chirp. For example, if the chirp duration
is 0.04 s, the acoustic sensing system can transmit 25 chirps per second, which means that we can obtain 25 phase
samples within one second for sensing. When the device is stationary, the target reflection only contains the
chest movement. According to Eq. 8, a 5 mm chest displacement causes a phase change of 3.69 rad. In this case,
the phase changes on the I-Q plane as illustrated in Fig. 6a. The phase rotates clockwise when the chest moves
towards the device and counter-clockwise when the chest moves away. By measuring the phase change, we can
recover the respiration pattern.

In contrast, the phase change under device motion is induced by both target and device. The device motion
is much larger than the chest movement and it causes the phase wrapping problem because the phase change
between two consecutive chirps can be more than 7, resulting in the displacement being wrongly estimated as
shown in Fig. 6b.

Specifically, in order to avoid the phase wrapping problem, the phase change between two consecutive samples
cannot be more than 7, which corresponds to a displacement of 4.25 mm. Hence, to make respiration sensing
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Therefore, the chirp duration should not exceed 0.0213 s to meet the required phase sampling rate. The typical
chirp duration setting for activity sensing is 0.04 s [14, 25], which cannot meet the phase sampling rate required
under device motion. If we decrease the chirp duration to 0.0213 s, the sensing range would also be decreased. As
a result, we cannot simply shorten the chirp duration to improve the phase sampling rate.

work under a device moving speed of 0.2 m/s>, the phase sampling rate should be at least

6.2 Overlapped Chirp Transmitting Scheme

We propose an overlapped chirp transmitting scheme that deliberately makes the adjacent chirps overlap, which
can increase the phase sampling rate without decreasing the sensing range. Unlike traditional chirp sending
scheme shown in Fig. 7a, in which one chirp will only be sent after the previous chirp is completely sent out, we
start transmitting the second chirp before the transmission of the first chirp is completed as shown in Fig. 7b.
Since chirps overlap with each other, we call it overlapped chirp transmitting scheme. Through transmitting
overlapped chirps, we increase the number of transmitted chirps per second, improving the phase sampling rate.

3The safe speed of the healthcare robot for human-robot interaction is no more than 0.2 /s within a distance of 2 m [2].
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Fig. 9. Range profiles when different chirp transmitting schemes are adopted.

The workflow of overlapped chirp transmitting scheme is shown in Fig. 8. Specifically, the overlapped chirps
are transmitted from the speaker, reflected by the target, and then received by the microphone. We mix the
received overlapped chirps one by one with a single transmitted chirp (i.e., the mixing template as shown in
Fig. 8c) to obtain the mixed signals. Note that the overlap would create an aliasing peak from the next chirp,
which is 3.43 m further away with respect to the true peak for a gap of 0.02 s between overlapped chirps as
shown in Fig. 8d. As the targeted sensing range in this work is 3 m, the aliasing peak can be filtered out since it is
out of the sensing range. After getting the mixed signals of target reflection, we can further obtain the phase
information for each chirp.

The phase sampling rate can be calculated by the time shift between the start timestamps of two consecutive
chirps. For example, if we employ overlapped 0.04 s chirps with a time shift of 0.02 s, then the phase sampling
rate is 55~ = 50 Hz, which is doubled compared with 55~ = 25 Hz using traditional 0.04 s chirps. Although
repeating a 0.02 s chirp twice can achieve the same phase sampling rate as overlapped 0.04 s chirps, the later
achieves a better sensing performance. This is because the reflected signal strength is related to (i) the SNR of
the received signals and (ii) the number of mixed samples [15, 25, 53], i.e., the size of the grey areas shown in
Fig. 9. Another way to increase the SNR is to employ the cross correlation method [56]. However, compared with
the proposed scheme, the sensing granularity of the cross correlation method is coarser, and its computational
complexity is relatively higher.

We conduct experiments4 to show the performance difference for three schemes, i.e., (a) traditional scheme
with 0.04 s chirps, (b) traditional scheme with 0.02 s chirps, and (c) overlapped 0.04 s chirps. We can see from Fig. 9
that the reflections of using 0.04 s chirps (i.e., Fig. 9a and Fig. 9c) are stronger than that of using 0.02 s (Fig. 9b).
Scheme (c) achieves similar signal strength as scheme (a). On the other hand, scheme (c) obtains more phase
samples within the same time window and therefore can track a target with a larger speed.

Although we can further increase the phase sampling rate by shortening the time shift, i.e., increasing
the overlap between two sending chirps, there exists a boundary that limits the improvement of the phase
sampling rate. The reason is two-fold. First, the upper bound of the phase sampling rate depends on the required

4We put a cozmo robot 2 m away from the sensing device. The robot moves back and forth for 5 mm and the sensing device is stationary.
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Fig. 10. (a) Different initial phase values from different range bins cause the phase change to be discontinuous. (b) According
to the spatial continuity of movement, we can eliminate the initial phase difference and make the phase change continuous.
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sensing range. If the targeted sensing range is 3 m, the time shift between adjacent chirps cannot be less than
g 4’; rZ /i = 0.017 s. Otherwise, we cannot receive the reflected chirp before the next chirp is transmitted. Second,
the total transmission power of the speaker is fixed. If we transmit too many chirps within a time window, the
energy of each chirp will severely decrease, degrading the sensing range. As a result, there is a trade-off between
phase sampling rate and sensing range. In our system, we employ a chirp duration of 0.04 s with a time shift of
0.02 s. Under this setting, we can achieve respiration sensing under a device moving speed of 0.2 m/s and still

maintain a sensing range of 3 m.

6.3 Splice Phase from Different Range Bins

As mentioned in Sec. 4, we need the knowledge of the phase information from the range bins of the target and
the reference for fine-grained movement sensing. Since the chest movement occurs in different range bins under
device motion, the phase variation caused by chest movement is included in different rang bins. Therefore, we
need to splice the phase measurements from multiple range bins.

However, the initial phase values are different for different range bins according to Eq. 4, thus the phase change
between two different range bins is discontinuous as shown in Fig. 10a. We propose a simple yet effective method
to eliminate the effect of different initial values by connecting their head and tail. The reason is that the target
movement is continuous in space, so the phase variation induced by the target movement is continuous as well.
Fig. 10b shows that the phase change extracted from different range bins are continuous after applying the
proposed method.

In complex multipath environments, the composite signal contains not only the target reflection but also
reflections from static objects in the environment [30, 53]. The extra component caused by the static objects will

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 6, No. 3, Article 128. Publication date: September 2022.



128:16 « Liuand Li, et al.

507 | — Traditional scheme 67 — Overlapped scheme
€ € 4
E E
(0] [0 2
2 2o
T T
(%2} 0
a a2

- -4

0 200 400 600 800 0 400 800 1200 1600
Chirp index Chirp index

(a) The traditional chirp transmitting scheme. (b) Our overlapped chirp transmitting scheme.

Fig. 12. (a) Due to insufficient phase sampling rate, target movement cannot be accurately sensed using the traditional
chirp transmitting scheme under device motion. (b) The overlapped chirp transmitted scheme is used to increase the phase
sampling rate without sacrificing the sensing range.

move the composite signal samples away from the origin as shown in Fig. 11. In this case, if we calculate the
phase variation with respect to the origin of the coordinate, we are not able to obtain the true phase variation
induced by motions. To address this issue, we notice that within a short time interval (e.g., 0.1 s), the extra
component caused by the static objects can be assumed as a constant. The phase variations are caused mainly by
the device and target movements. We can therefore apply a circle fitting algorithm [33] to find the center of the
circle which corresponds to the extra component induced by static objects. By taking the center of the circle as
the new coordinate origin, the impact of reflections from static objects can be removed.

After increasing the phase sampling rate and splicing the phase change, we can recover the target movement
by subtracting the phase change in the reference reflection from that in the target reflection under device motion.
Fig. 12 shows the result of recovering a 5 mm target movement under the 0.2 m/s device moving speed. We can
see that the phase wrapping problem occurs if we utilize the traditional chirp transmitting scheme, causing the
target movement to be undetectable as shown in Fig. 12a. In contrast, our overlapped chirp transmitting scheme
can provide a sufficient phase sampling rate to successfully recover the target movement as shown in Fig. 12b.

6.4 Address the Phase Inconsistency Issue

In practical scenarios, there may be a certain angle between the robot moving direction and the reference surface
as illustrated in Fig. 13, which results in inconsistency between target reflection path length change and reference
reflection path length change. Suppose the target and the reference are located at different directions with
respect to the device moving direction. As shown in Fig. 13, we denote the direction difference between the
device moving direction and device-target direction as a; and that between the device moving direction and
device-reference direction as «,, respectively. Now if the device moves a distance of AL, the reflection paths
from the target/reference will change from the dashed lines to the solid lines as marked in the figure. We denote
the reflection path length change as AP; and AP, for the target and the reference, respectively, which can be
approximated as AP; = AL cos a;y and AP, = AL cos a,. We can see that if a; # «,, the path length changes are
not equal. Thus the phase variations caused by the device motion at the target and at the reference are different,
which means the impact of device motion at the target cannot be fully eliminated by the device motion captured
at the reference.

To address this problem, we propose an optimization-based phase compensation scheme to convert the phase
variation at the reference to be the same as that at the target for cancellation. For a small time interval, we can
assume the device moves at a constant speed. For each time interval, we denote the compensation weight w as

o Ap; APy ALcosa; cosa;

Ap, AP, ALcosa, cosa,
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Fig. 13. The path length variations caused by target moving at the target and at the reference are different.

By applying the weight on the phase variation at the reference, we can address the phase inconsistency issue
caused by different angles (directions), and the device motion can be eliminated.

However, without the knowledge of a; and «,, how to estimate the compensation weight is non-trivial. In this
paper, we turn it into an optimization problem. Suppose there are N chirps within a time interval, we denote
the phase measurements of the n-th chirp of the target reflection and the reference reflection as ¢,, and ¢,,,
respectively. To find the best weight w for each time interval, we optimize the following function

N
arg mwaéx ‘ nZ::‘ eJ((w¢rn+C)—¢zn) |, (14)

where C is a constant value. The function obtains the weight w and the constant offset C that can minimize the
difference between the phase of reference reflection and the phase of target reflection after compensation [59].
The size of the time interval determines the number of chirps N within a time interval. Note that a smaller
interval brings more frequent weight estimation and therefore we try to set a larger interval. For applications
with slower movements such as respiration, the time interval can be set to a larger value (e.g., 3 s). For fast
movement such as hand tremor caused by Parkinson’s disease, we can set a smaller time interval (e.g., 100 ms).

7 EVALUATION

In this section, we evaluate the performance of the proposed system through benchmark experiments and real-
world applications. Benchmark experiments are employed to verify the effectiveness of the proposed schemes
and study the impact of varying parameters and conditions. Furthermore, we showcase gesture recognition
as coarse-grained sensing and respiration monitoring as fine-grained sensing with the proposed system to
demonstrate sensing under device motion in real-world scenarios.

7.1 Implementation

The prototype of SonicBot is shown in Fig. 14. There are three components in the prototype, i.e., the sensing
device, the moving platform, and the ground truth collector. We introduce the implementation details below.

7.1.1  Sensing Device. We adopt a general-purpose speaker (i.e., STAPEZ low distortion speaker) [18] for trans-
mitting inaudible acoustic chirp signals, and a Seeed ReSpeaker 6-Mic Circular Array [39] as the receiver. Both
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Fig. 16. The CDF of the relative displacement error under device motion.

speaker and microphone array are connected on an Raspberry Pi 3 B+ platform and we control the Raspberry Pi to
transmit and receive acoustic signals. Note that although the receiver has six microphones, only one microphone
is used for sensing.

7.1.2  Moving Platform. We employ the ZiiROBOT smart active cart [68] to carry the sensing device. It is
programmable to tune its moving distance, direction, and speed. To make sure the sensing device is at a suitable
height for hand tracking and respiration sensing, we add two boxes to raise its height to 0.8 m.

7.1.3  Signal Parameter Settings. We adopt the frequency band from 18 kHz to 22 kHz (4 kHz bandwidth) which
is inaudible for human ears for sensing. We set the chirp duration as 40 ms. The speaker and microphone audio
sampling rate is 48 kHz. The signals are processed and analyzed by MATLAB on a MacBook Pro equipped with
an Intel i7 processor and 16 GB memory.

7.1.4  Ground Truth Measurements. In benchmark experiment, we place the target on a 40 cm FUYU FSL40 linear
guide slide [6], which is controlled by an Arduino UNO board. The accuracy of the linear guide slide is 0.03 mm
and we use the moving distance of the slide as the ground truth. In field studies, we utilize the Hexoskin wearable
smart clothing [10] to record the ground truth of the respiration rate of our participants, and manually record the
push and pull gestures performed by our participants.

7.2 Benchmark Experiments

We verify the effectiveness of SonicBot by varying the parameters and conditions to study the impact of different
factors on the sensing performance.

7.2.1 Experiment Setup. We show the benchmark experiment setup in Fig. 15. The details of the default setup
are described as follows. We use an 8 cm X 15 cm cardboard as the target and place it on the linear guide slide. We
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adopt a 19 cm X 19 cm cardboard box as the reference. According to the survey, the acceptable minimum distance
between human target and an assistive robot [2] is 0.92 m. Thus, we set the distance between the target and the
device as 1.5 m and let the robot approach the target until the distance is 1 m. We place the reference 2 m away.
We let the robot continuously approach and move away from the target with a moving distance of 0.5 m. The
default moving speed of the robot is 0.15 m/s. The time shift of the overlapped transmitting scheme is set as
0.02 s. Experiments are conducted in a hall. Each data collection process lasts for 30 seconds, and we repeat the
experiment 20 times for each setting. We let the target move forward and backward with a displacement of 20 cm
and 5 mm to simulate coarse-grained and fine-grained movements, respectively.

7.2.2  Overall Performance. We use the relative displacement error as the metric to evaluate the performance
of our system. As shown in Fig. 16, our system can achieve a median error of 1.11 ¢m and 1.31 mm for tracking
coarse-grained and fine-grained movements, respectively.

7.2.3 Impact of Device Moving Speed. To explore the impact of device moving speed for fine-grained target
movement, we conduct experiments under different speed settings, i.e., 5, 10, 15, 20 and 25 cm/s. We compare
the displacement errors between using the traditional chirp transmitting scheme and the proposed overlapped
scheme. As shown in Fig. 17, the displacement error increases with the speed goes up. The reason is that as the
device moving speed increases, the number of the phase samples becomes insufficient. Fortunately, we can double
the phase sampling rate by applying the overlapped transmitting scheme with a time shift of half chirp length,
achieving a median error of 1.98 mm under the speed of 20 cm/s, significantly outperforming the traditional
transmitting scheme. Note that for healthcare robot, the maximum safe speed is usually 20 cm/s [2]. We observe
that the performance degrades when we further increase the speed to 25 cm/s. This is because the 0.02 s time
shift between two consecutive chirps still cannot meet the required phase sampling rate at 25 cm/s. If large
sensing distance is not required, more time shift can be applied to further increase the phase sampling rate.
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Fig. 21. Displacement error under different target-device distances.

7.2.4  Impact of Relative Distance between the Reference and the Target. To explore the impact of relative distance
between the reference and the target, we conduct experiments under different distances of the reference with
respect to the target, i.e., -0.5, -0.3, 0.3, 0.5, 0.8 and 1 m. The negative relative distance means the reference is in
front of the target and the positive distance indicates the reference is behind the target. The results are shown
in Fig. 18. We can observe from the results that the average median displacement error is 1.46 mm when the
reference is within 0.5 m with respect to the target. However, the error slightly increases as the reference is further
away. We believe this is because there is a delay between the target reflection and the reference reflection and
this delay is larger as the relative distance increases. Therefore, the reflection from the target and the reflection
from the reference might not represent the movements happening at the same time, causing an inconsistency
between the target reflections and the reference reflection.

7.2.5 Impact of Reference Angle of Direction. To explore the impact of reference angle of direction with respect
to the device, we conduct experiments under different angles from -60 degrees to 60 degrees at a step size of
15 degrees. We define the device moving direction as 0 degrees. We can observe from Fig. 19 that the median
displacement error increases with the reference’s angle of direction becomes larger. This is caused by the phase
inconsistency as we analyzed in Sec. 6.4. After applying our phase compensation method, the error is reduced,
proving the effectiveness of the proposed method. However, we still observe a slight error increase as the angle
becomes larger. The reason is that the reference reflection becomes weaker due to the speaker’s radiation pattern.
We further conduct an experiment to demonstrate the feasibility of the phase compensation method in real-world
settings. We program the robot to move following an S-shaped trajectory and keep the other setup as default. If
the proposed compensation method is not applied, the median displacement error is 6.87 mm. After the proposed
compensation method is applied, the error is reduced to 2.25 mm.

7.2.6 Impact of Distance. We conduct experiments to evaluate the effect of different distances between the
sensing device and the target. The distance between the target and the device is increased from 0.5 m to 2.5 m
at a step size of 0.5 m. The reference is 0.5 m further than the target with respect to the device. The results are
shown in Fig. 21. We can observe that the error goes up as the distance increases because the SNR of the reflected
signal becomes lower. However, we can see that the achieved distance error is still relatively small, i.e., 2.81 mm
at a distance of 2.5 m.

7.2.7 Impact of Reference Type. To explore the impact of reference type, we employ different objects as the
reference, including the cardboard box, wall, table, metal cabinet, wooden cabinet, fabric couch, plastic trash bin,
and computer monitor. The results are shown in Fig. 20. The wall achieves the best performance since it has a
large reflection area and flat surface. When the fabric couch is chosen as the reference, the median displacement
error is higher than other reference types. The reason is that different materials have different sound reflection
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Fig. 22. Experiment results for multi-target sensing.

capabilities. Also, flat and smooth surfaces are able to reflect more signal. Therefore, the wall is a good reference
and it is also the most common reflector in indoor environments.

7.2.8 Impact of Ambient Noise. We conduct experiments under different ambient noises to evaluate their impact.
We consider music and human speech as two sound sources and evaluate two different volume levels for each
sound type. We use the Decibel X app [22] on iPhone 11 Pro to measure the sound pressure level of the environment
and place it behind the sensing device. Note that the motor on the moving platform has an inherent noise level of
39.7 dB. We can observe from the results shown in Fig. 24 that the errors under different sound pressure levels
are similar. The reason is that the frequency the ambient noise is below 14 kHz and therefore does not interfere
with the signal in the range of 18-22 kHz we adopt for sensing.

7.2.9 Impact of Multiple Targets. We evaluate the performance of SonicBot on multi-target sensing. The experi-
ment setup is shown in Fig. 22a. Target 1, target 2, and reference are placed at a distance of 1.2 m, 1.8 m, and 2 m,
respectively with respect to SonicBot. Target 1 and target 2 move back and forth for a same displacement of 5 mm
but in different patterns. Specifically, target 1 moves along a linear guide slide and its phase variation pattern is a
triangle shape as shown in Fig. 22b, while target 2 is carried by the cozmo robot and the phase variation pattern
is a square shape as shown in Fig. 22c. The ground-truth phase variation patterns are marked as dashed lines. As
Fig. 22 shows, although the extracted target movements are slightly interfered when there are multiple targets,
both movement patterns of target 1 and 2 can still be accurately recovered.

7.2.10  Impact of Varying Speeds. We conduct experiments to evaluate the performance of SonicBot under varying
speeds. Specifically, we program the moving platform to move at varying speeds (lower than 0.2 m/s) and other
experiment settings are kept the same as default. The result is shown in Fig. 23 and we can see that SonicBot can
successfully recover the target movement information, demonstrating the feasibility of SonicBot under varying
speeds.
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7.3 Field Studies

We recruit five participants (including four males and one female, aged from 19 to 29) to evaluate the performance
of our system on gesture recognition and respiration sensing in different indoor environments.

7.3.1 Experiment Setup. Experiments are conducted in three different environments. For gesture recognition, we
present the confusion matrix of push and pull gesture recognition. We ask the participants to perform push and
pull gestures five times during each 30-second data collection period. For respiration monitoring, we compare
the measured respiration rate with the ground truth. We ask the participants to breathe naturally sitting in a
chair or couch. Each data collection period lasts for 1 minute, and we repeat it for 10 times. A demonstration
of the setup in the living room is shown in Fig. 25. We conduct experiments with both stationary device and
moving device. The device moving parameters are the same as those described in the benchmark experiments.
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7.3.2  Overall Performance. We show the confusion matrix of push and pull gesture recognition in Fig. 26.
We compare the performance before applying the device motion cancellation scheme (Fig. 26a) and after the
cancellation (Fig. 26b). The hand movements are overwhelmed by device motion without cancellation, resulting
in a low accuracy of 52.4%. After applying the proposed scheme, we can effectively eliminate device motion and
achieve an accuracy of 100%.

We evaluate the respiration sensing under device motion and compare the performance with that obtained
when the device is stationary. The results are shown in Fig. 27. The respiration rate of most human beings falls
in the range of 12 to 20 bpm. The absolute error of commodity respiration monitoring devices is required to be
below 1 bpm [20, 55, 56]. SonicBot can achieve a respiration rate error of 0.27 bpm when the device is static and
0.85 bpm when the device is moving, satisfying the requirement.

7.3.3 Impact of User. Fig. 28 shows the respiration rate error of different participants. Our system can achieve
an average error of 0.85 bpm among all participants. We can observe that participant 4 has a lower respiration
error compared with other participants. The reason is that the chest movement of that participant’s respiration is
more significant than other participants. We also show the relative error of different users in Fig. 30. We can see
that the relative errors are always lower than 5% [8, 31].

7.3.4  Impact of Environment. We conduct experiments in three different environments, including a 3 m wide
corridor, a 5.5 m X 6 m office, and a 3.4 m X 4 m living room. Fig. 29 shows the respiration rate error in different
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environments. In the corridor, SonicBot obtains a strong reflection from the wall as reference, resulting in a low
respiration error. In the office, the environment is more complex compared with the other two environments
since there are different types of furniture, resulting in a slightly higher error.

8 DISCUSSION

Large open space. The proposed system aims to serve as a healthcare robot for the elderly and patients in
indoor environments such as homes and hospital wards. Due to the fast attenuation over distance for acoustic
signals [14, 25], the proposed method may have difficulty working in a large open space. While this work focuses
on dealing with device motion, we would like to mention that some recent studies [15, 25] proposed advanced
signal processing and machine learning schemes to increase the sensing range.

Varying reference. Our system works under the assumption that we can obtain a stable reflection from the
surrounding static object as the reference for eliminating the device motion. However, according to our observa-
tion from real-life experiments, when there are multiple static objects, the best reference may change. Hence,
dynamically selecting the high-quality static object as the reference and seamlessly switching between references
remains an interesting future work.

Limited device moving speed. Although our overlapped chirp transmitting scheme can mitigate the problem
caused by device moving speed, due to the trade-off between sensing distance and phase sampling rate, the
maximum device speed under which our system can work well is still limited given a particular sensing range
requirement. We leave this problem as our important future work.

9 CONCLUSION

In this paper, we introduce a novel scheme that enables contact-free acoustic sensing on a moving robot. To
achieve this goal, we study the reasons why traditional sensing methods become invalid under device motion,
and propose a device motion cancellation scheme to support acoustic sensing under device motion. With an
increasing demand for contact-free sensing on a moving robot for the elderly, COVID-19 patients, and caregivers,
we believe the proposed system herein opens up a new pathway towards ubiquitous contact-free sensing.
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