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Abstract—In this study, we proposed a new method for
pedestrian safety named ObsSense that estimates the distance and
relative velocity of both static and mobile roadside obstacles using
probing signals emitted by an off-the-shelf smartphone carried by
a pedestrian. Sound-based estimation of the movement properties
of an obstacle has been actively studied in pervasive computing,
and generally provides the distance from a smartphone user to an
obstacle and the relative velocity of the obstacle. However, most
prior studies have focused on estimating the properties of either
static or mobile obstacles. Furthermore, they estimated either
the distance to obstacles or their relative velocity. Nonetheless,
both the distance and relative velocity of the oncoming obstacles
are necessary to derive the timing of a possible collision. To
address this issue, we proposed a new probing signal composed
of sine waves and sine sweeps, designed to acquire information
about both the distance and relative velocity of static and mobile
obstacles. In addition, we proposed a neural network model that
can jointly predict distance and relative velocity from reflected
sounds of the probing signal captured by a smartphone. The
proposed neural network was designed to consider the mobility
status of obstacles, i.e., whether they are mobile or static, in order
to select the most appropriate method to estimate their distance
and relative velocity. In addition, our method uses the relationship
between distance and velocity to increase the precision of its
estimations. For example, the distance can be estimated by
integrating the velocity-time curve. The performance of ObsSense
was evaluated using real-world data, and the experimental results
demonstrated the effectiveness of our proposed probing signal
and neural network architecture.

Index Terms—Active sound sensing, pedestrian safety, obsta-
cles

I. INTRODUCTION

A. Background

Due to the recent proliferation of smartphones and related
applications, the number of pedestrians that use such devices
for activities other than voice calls while walking has in-
creased, and uses such as browsing social media, sending and

receiving text messages, watching videos, playing games, and
navigation are common. These pedestrians tend to concentrate
on their smartphones rather than the road, and may collide
with various roadside obstacles, which could lead to serious
injuries and even death. As an example, Nasar et al. [1] showed
that 1506 injuries were estimated to have occurred in the US
in 2010 due to distracted pedestrians using their smartphones.
Furthermore, the American Academy of Orthopaedic Surgeons
(2015) found that 26% of respondents to a survey of 2000
adults had experienced accidents due to using their smart-
phones while walking, ranging from bumping into something
without injury, to falls, sprains or fractures [2].

In the field of pervasive computing, studies have been
actively conducted on detecting oncoming obstacles using data
from different onboard smartphone sensor modalities. The
footage from the rear-camera of a smartphone has been used
to recognize obstacles in front of the user [3]–[8]. However,
this method involves some inherent problems, such as limited
detection range due to the orientation of the device in use,
poor performance in dark environments, and privacy issues.
To address these problems, more recent works on obstacle
detection have focused on methods based on acoustic sensing.
Some previous studies have aimed to detect the presence of
obstacles in front of the user with which they may collide [9]–
[12]. Recent works have not only detected obstacles, but also
estimated other properties, such as their types [13], distance
from the user [11], [12], and relative velocity [13]. In this
study, we also focused on estimating properties of obstacles,
particularly the distance and relative velocity, because this
information is crucial to estimate the possible timing of
collisions and the level of risk of a given obstacle (e.g., high-
speed obstacles exhibit higher risk), which is used to issues
warnings to user.



B. Problems

Existing methods designed to estimate properties (distance
and relative velocity) of obstacles involve some limitations,
including i) limitations in types of obstacles and ii) limited
types of properties that can be estimated. As for the first
limitation, many previous studies have focused only on static
or slow-moving obstacles, such as walls, dustbins, donation
boxes, and signs. However, sidewalks often include numerous
mobile obstacles, such as pedestrians and bicycles, which
can be considered as high-risk obstacles. As for the second
limitation, most of the existing methods have focused only
on either the distance or relative velocity, although both are
crucial information for pedestrian safety, as mentioned above.

These limitations are attributed to the types of probing
signals used in these studies. Each of these works relied
on either sweep or sinusoidal signals. Although the short
pulses of sweep signals have been widely used to estimate the
distance between the user and a static obstacle by analyzing
reflected sounds [11], [14]–[17], estimating the velocity of
mobile obstacles with sweep signals is difficult. Some studies
have attempted to detect mobile obstacles and estimate their
velocity using time-series analysis of sweep signals, i.e., by
tracking the distance to an obstacle within each time window
[13], [18]. However, to track the mobility of high-speed ob-
stacles with high granularity, the number of sweeps generated
by the smartphone per second should be increased. Due to the
inherent characteristics of commercial speakers, when a large
number of sweeps are generated per second, the amplitude of
the sweeps falls, resulting in the limited sensing range [13].

By contrast, continuous sinusoidal signals (sine waves) have
been employed to capture the Doppler shifts created by mobile
obstacles to estimate their velocity [19], [20]. However, this
approach is not suitable to estimate the distance to an obstacle.
In addition, estimating the relative velocity of static obstacles
with this approach is difficult because they do not create
characteristic Doppler shifts.

As noted above, to the best of our knowledge, no study has
attempted to estimate both the distance and velocity of both
static and mobile obstacles in a single framework.

C. Approach

To overcome the abovementioned limitations, we proposed a
new method named ObsSense, which is designed to estimate
the distance and relative velocity of both static and mobile
obstacles using an off-the-shelf-smartphone. The main features
of ObsSense include i) novel inaudible probing sound signals
composed of sweep signals and sine waves, which enable
joint estimation of the distance and velocity of both static and
mobile obstacles, and ii) a novel neural network architecture
that efficiently fuses features of the reflected sounds of the
probing signal to estimate both the distance and velocity of a
given obstacle.

As for the first feature, the probing signal was designed
such that i) the signal composed of sine wave and sine sweep
is continuous in the frequency domain, which prevents audible
sound noises in the signal due to signal power leakage caused

by discrete frequency generation by the speaker [21], and ii)
our probing signal maintains a constant volume over both
sweep and sine wave components, which facilitates capturing
distant obstacles.

As for the second, the most appropriate strategy to estimate
distance and velocity depends on the movement status of an
obstacle, i.e., whether it is static or mobile. For example,
reflected sine-wave signals, which contain information about
Doppler shift, are more useful in predicting the velocity of
a mobile obstacle. By contrast, reflected sweep signals are
more effective in predicting the velocity of a static obstacle.
Therefore, our proposed neural network is equipped with a
motion detection module that identifies the movement status of
an obstacle as static or mobile. By leveraging the intermediate
outputs of the module, we accelerate the training of the neural
network so that it learns an appropriate strategy to estimate
the distance and velocity of obstacles depending on their
movement status. In addition, our network is designed to
estimate the distance and velocity by fusing reflected signals of
sweep signals and sine waves. For example, reflected signals of
sweep signals are useful to predict the distance to an obstacle
while they are sparse and noisy. Our network is designed to
leverage reflected signals of sine waves, i.e., Doppler shift,
as a supplement to predict the distance because the distance
at time t can also be estimated based on the distance at time
t−1 and the velocity at that time, i.e., using integration, which
enables us to improve the distance prediction performance.

D. Contributions

i) This study is the first to estimate the distance and
relative velocity of both static and mobile obstacles using
active acoustic sensing on a smartphone. ii) We proposed a
novel probing signal that facilitates both acoustic ranging and
velocity estimation. iii) We proposed a novel neural network
architecture designed to estimate the mobility of the detected
obstacles and used this knowledge to effectively fuse sound
features to estimate their distance and relative velocity.

II. RELATED WORK

In the pervasive computing community, smartphone sounds
have been used for various real-world context recognition,
e.g., prediction of room-level indoor location semantics [22],
[23], event detection of indoor objects such as doors [24],
recognition/understanding of indoor activities such as tooth
brushing [25], and obstacle detection. Here we introduce prior
studies on sound-based obstacle detection. Generally, studies
on obstacle detection can be divided into two major groups
according to the nature of the targeted obstacles; (i) static
obstacle detection methods, (ii) mobile obstacle detection
methods.

A. Static obstacle detection and distance estimation

Low-cost ultrasonic sensors have been employed to de-
tect and estimate the distance to obstacles [9], [26], [27].
However, these methods require additional attachments to the
smartphone or special devices. Recently, active sound sensing



has been widely adapted to perform static obstacle detection
and distance estimation on smartphone devices. Some studies
have detected obstacles with a possibility of collision by
employing the camera as well as active sound sensing [12]
and active sound sensing with two onboard microphones [11].
In addition, the distance between a smartphone user and a
static obstacle was estimated using sound probes. Specifically,
Tung et al. [12] used a smartphone speaker to emit short pulses
of sine waves and record the reflections with the microphone.
They then calculated the impulse response of the reflections
to estimate the distance to obstacles. This was performed
by accurately calculating the traveling time of the emitted
signal between the user and the obstacle using a threshold-
based method to detect the peaks created by the obstacle
in the calculated impulse response. More recently, Wang et
al. [11] used a smartphone to emit inaudible sweep signals
and estimate the distance to obstacles in front of a user by
calculating the correlation between the emitted and received
signals. Similarly, they employed a threshold-based method to
detect the peaks in the impulse response. By contrast, our study
focused on both the distance and velocity. Furthermore, rather
than using a threshold-based method, we utilized a neural
network to extract features related to the distance from the
calculated impulse responses.

B. Mobile obstacle detection and velocity estimation

Passive sensing with smartphones has been employed to
detect mobile obstacles, such as approaching vehicles [28]–
[30]. Some recent works have also aimed to estimate both
the distance and relative velocity of the obstacles at the same
time [31] by employing acoustic signals emitted by vehicle-
mounted speakers. However, these methods only work for
moving vehicles that actively emit characteristic noise, and are
not suitable to detect other mobile obstacles or static obstacles.

In the field of active sound sensing via smartphones, acous-
tic ranging techniques using excitement signals, such as sweep
signals, have been adapted to detect and estimate the velocity
of mobile obstacles. Wu et al. [13] emitted short sweep signals
from a smartphone and captured the reflections of vehicles.
They estimated the speed of vehicles by capturing the change
in the distance between the user and the vehicle over time. Jin
et al. [18] used a COTS speaker connected to a smartphone to
detect right turns of vehicles and alert cyclists prior to potential
accidents. They emitted periodic sweeps from the speaker and
analyzed time-series reflections to detect approaching vehicles.
By contrast, we designed a new probing signal composed of
sweep signals and sine waves, and fuses them to estimate the
relative velocity.

Sine waves have also been widely used to capture Doppler
shifts created by the movements of obstacles and to estimate
their velocities. Zhang et al. [19] utilized an inaudible sine
wave emitted by a smartphone to capture the Doppler shifts
created by an approaching person. They extracted Doppler pro-
files to identify trajectories of people approaching each other.
Similarly, Liu et al. [20] proposed a method to detect indoor
pedestrian encounters and estimate their velocities using a sine
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Fig. 1: FFT spectrograms of reflected sounds of sine waves recorded
when (a) a smartphone user was walking toward a person while the
person was also walking toward the user and (b) a user was walking
toward a stationary person.

wave. However, this method is not suitable to detect static
obstacles, as they do not produce characteristic Doppler shifts.
By contrast, our proposed method was designed to estimate the
velocity of both static and mobile obstacles.

III. INVESTIGATION AND PROBING SIGNAL DESIGN

ObsSense was designed to estimate the distance and relative
velocity of both static and mobile obstacles. To this end,
we investigated the characteristics of the different probing
signals that can be used to estimate different properties of
static and mobile obstacles. Considering the outcomes of our
investigations, we proposed a novel probing signal design that
facilitates both distance and velocity estimation.

A. Obstacle mobility detection

Obstacles on the sidewalk can be divided into two major
groups according to their mobility; static obstacles such as
walls, signposts, and parked vehicles, and mobile obstacles
such as walking pedestrians and bicycles. As mentioned in
the introduction, the proposed neural network was designed to
detect the mobility of an obstacle. To do so, we can employ
the well-known Doppler shift. Figure 1 shows the Doppler
shift created on an 18 kHz sine wave during two different
encounters with obstacles. Here, a smartphone user walked
towards two different obstacles while the smartphone emitted
an 18 kHz sine wave. Simultaneously, the top microphone of
the device recorded the reflected waves. Figure 1 (a) shows the
characteristic Doppler shift created by a pedestrian (obstacle)
who walked towards a user. However, when the user walks
towards a stationary person (Figure 1 (b)), a characteristic
Doppler shift cannot be observed. This is because the Doppler
shifts created by a static obstacle are not clearly visible against
the Doppler shifts created by the moving body parts of the
user and the ground. These characteristic Doppler shifts can
be used to differentiate between mobile and static obstacles.

B. Obstacle distance estimation

To estimate the distance of obstacles, we can employ a short
excitement signal emitted by the smartphone’s speaker, known
as a sweep signal. In the proposed approach, sweep signals are
emitted from the speaker periodically and the reflected signals
are captured. In this experiment, the length of the sweep length
was 0.05 sec and the duration between the sweeps was 0.25
sec. Next, we calculated the impulse response of the reflected
waves and extracted their signal envelopes (IR envelopes; [11],
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Fig. 2: (a) Reflections of a static obstacle (a wall) and (b) re-
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as 192 kHz, the distance resolution of each IR envelope sample
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192kHz ≈ 0.18cm. Considering the round-trip time,
the maximum distance from which the reflections can be captured is
(0.18cm × 6000)/2 = 540cm = 5.4m
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Fig. 3: FFT spectrograms of reflected sounds of sine waves recorded
when a pedestrian walked towards a static user at (a) slow, (b)
medium, and (c) fast speeds and a user walking towards a wall at (d)
slow, (e) medium, and (f) fast speeds.

[18], Section IV-C in detail). These IR envelopes contain the
intensity of reflections from an obstacle for each distance.

Figure 2 (a) shows the reflections from a wall recorded
on the IR envelopes when the user walks towards a wall.
This image was created by time-series stacking of 50 separate
IR envelopes. As may be observed, when the user moved
towards the obstacle, the reflection appeared closer. This
information can be used to estimate the distance to obstacles.
However, mobile obstacles with high speeds do not produce
reflections with high granularity, as the number of emitted
sweeps within a second is limited (Section I-B). Figure 2 (b)
shows the reflections from a jogging person recorded on the IR
envelopes, which were measured with low granularity because
the person was moving rapidly. Hence, we proposed a neural
network architecture that incorporates both the IR envelopes
and Doppler features to estimate the distance of obstacles,
because we can observe clear Doppler shift of the mobile
obstacle as shown in Figure 1 (a).

C. Obstacle velocity estimation

The frequency offset created by a mobile obstacle is di-
rectly proportional to its relative velocity with respect to the
user. Figure 3 (a,b,c) shows the Doppler shifts created by a
pedestrian walking toward the user at different speeds. As may
be observed, the higher the velocity of the pedestrian, higher
the frequency offset of the Doppler shift. However, when an
obstacle is static, estimating its relative velocity is difficult,
as shown in Figure 1 (b). Although the velocity of a static
obstacle can be predicted from the time-series of the distance
to the obstacle obtained by sweep signals, reflected sounds of
the sweep signals are sparse and noisy, as shown in Figure 2.
Here, note that the relative velocity of the static obstacle is
equal to the velocity of the user, meaning that we can predict
the relative velocity from the velocity of the user. As shown
in Figure 1 (b), the reflected sounds contain the Doppler shifts
created by the human body as well as the ground, and they
can change depending on the velocity of the user. Figure 3
(d,e,f) shows the difference in Doppler shifts created by the
user’s body and the ground depending on their walking speed.
The result indicates that reflected sounds of sine waves can
be used to predict the relative velocity of a static obstacle in
addition to reflected sounds of sine sweeps.

D. Probing signal design

To implement ObsSense in real-world applications, the
probing signal should satisfy the following requirements. i)
As shown in the above investigation, to capture the dis-
tance and relative velocity of static and mobile obstacles,
a probing signal composed of both sweep signal and sine
wave components is required. ii) To estimate the distance
and relative velocity of high-speed mobile obstacles, each
signal component should either be emitted continuously or
in rapid succession. iii) To alert the user prior to a collision,
oncoming obstacles should be detected from as far away as
possible. iv) The probing signal should be inaudible to the
human ear. We considered frequencies above 18 kHz as meet-
ing this requirement. However, we found in our preliminary
investigations that the frequency response of the smartphone’s
microphone decreased with frequency (frequencies up to 21
kHz exhibited reliable frequency response). Therefore, using
higher frequencies adversely affected the sensing range.

Figure 4 (a) shows an FFT spectrogram of reflected sounds
of an ideal probing signal that emits a continuous sine and pe-
riodic sweep signals simultaneously in two separate frequency
bands. The frequency of the sine wave was 22 kHz and sweep
range was 18–21 kHz. Both components were separated by
a 1 kHz frequency band to prevent Doppler shifts from the
sine wave from overlapping with the sweep signals. However,
this probing signal involves two major drawbacks. First, at the
beginning and end of each sweep signal, the speaker emits
a distinct and audible noise that has a frequency lower than
18 kHz (denoted by white arrows). Furthermore, these noises
interfere with the emitted sine wave as well. This issue is
related to commercial speakers, and is known as signal power
leakage due to frequency-hopping, which is caused by emitting



Fig. 4: FFT spectrograms of two probing signal designs

on discrete frequencies consecutively [21]. Second, as periodic
sweeps are emitted simultaneously with the sine wave, the
speaker power is divided between the two signal components.
Hence, each component is emitted at half the maximum power
of the speaker, resulting in the reduced maximum sensing
range of our method. As may be observed in the rectangle
outlines in white dots in Figure 4 (a), the sine wave segments
that are being simultaneously emitted with the sweep signals
exhibit significantly low amplitudes compared to the remainder
of the signal.

To overcome these problems, we proposed a novel probing
signal that emits a combination of sweep signals and sine
waves in quick succession. Figure 4 (b) shows the FFT
spectrogram of reflected sounds of the proposed probing
signal. In this signal, every 18 kHz sine wave is followed
by an 18–21 kHz sweep signal, followed by a 21 kHz sine
wave, which is then followed by a 21 kHz–18 kHz inverse
sweep. As may be observed, the proposed probing signal
is continuous in the frequency domain, without consecutive
discrete frequencies, which eliminates noises due to signal
power leakage. Furthermore, this approach solves the speaker
power division problem by emitting one signal at a time at full
power, which increases the sensing range. In our implementa-
tion, each sine wave and sweep/inverse sweep were 0.25 and
0.05 sec long, respectively. The length of the sweep/inverse
sweep was selected to minimize system detection delays
and multi-path distortions [11]. Furthermore, the interval of
sweep/inverse sweep signals (i.e., the length of the sine wave)
was determined based on our preliminary experiments. When
the number of sweeps emitted per second increased, the overall
amplitude of the emitted sweeps decreased, resulting in limited
sensing range. Therefore, we selected the interval that did not
affect the amplitude of the sweeps. A similar interval between
the sweep signals was also used in [18].

Because the probing signal emits sine waves between sweep
signals, and ObsSense learns connections between the Doppler
and IR features to jointly estimate the distance and velocity,
our method can estimate the distance between the sweeps with
high granularity (at 100 Hz in our implementation).

IV. OBSSENSE METHOD

A. Overview

In this study, we assumed that the user holds the smartphone
in their hand such that they can view the content of the screen
of the phone clearly while walking on the sidewalk. A probing
signal designed in the previous section is emitted from the top
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speaker of the smartphone and the top microphone records the
reflected waves at a sampling frequency of 192 kHz.

Figure 5 shows an overview of the proposed approach. The
recorded audio is first fed into the signal segmentation module,
which separates the reflected signal into reflections of sine
waves, sweeps, and inverse sweeps. Next, the reflections of
sine waves are fed into the Doppler frequency extractor and
the reflections of sweeps and inverse sweeps are fed into the
impulse response calculator. The resulting impulse responses
and Doppler frequency features are then fed into a specially
tailored neural network that jointly estimates the distance and
the relative velocity as well as the mobility of the obstacle.
Note that the velocity can be calculated from the distance
through derivation. However, because the information about
the velocity is important in the distance prediction when sine
sweeps are not emitted, this architecture, which explicitly
predicts the velocity, can achieve precise distance prediction
with high granularity. In addition, we assumed a module that
detects an obstacle in front of the user with the possibility of
collision, which has been extensively studied in prior works
based on probing signals, such as sweep signals and sine waves
[9]–[12]. When an obstacle is detected, ObsSense predicts its
attributes. We explain the modules of ObsSense as follows.

B. Signal segmentation

Here, we segmented the recorded reflected sound into sine
waves, sweeps, and inverse sweeps because sound features
are extracted from each of the segments in the following
procedure. We extracted segments corresponding to reflections
of sine waves, sweeps, and inverse sweeps from the FFT
spectrogram of the received signal (as shown in Figure 4 (b))
calculated using a Hanning function on a 90% overlapping
sliding window with 16,384 samples. Ideally, the smartphone
can record the starting and ending times of the sine waves,
sweeps, and inverse sweeps because the smartphone generates
and emits the probing signals. However, due to several factors,
such as noise and delays in sound emission and reflection,
the actual starting and ending times of the reflections differed
slightly from the times recorded by the smartphone. To acquire
exact starting and ending times, we generated a pseudo-FFT
spectrogram of the probing signal by using the recorded
starting and ending times of the sine waves, sweeps, and
inverse sweeps, and then fine-tuned the starting/ending times
to find the times that yield the best match between the pseudo-
spectrogram and recorded spectrogram.

This is done by simply shifting the starting and ending
times of the pseudo-spectrogram until the Euclidean distance
between the two spectrograms is minimized. Note that when
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we calculated the Euclidean distance, the distance for each
time step was calculated and the sum over all the time steps
within the time window was used as the value of the distance
metric. Based on the predicted starting and ending times, the
reflected signal can be separated into sweeps, inverse sweeps,
and sine waves.

C. Impulse response calculation

Figure 6 (a) shows the IR feature extraction pipeline.
Here, we calculated the impulse response using the segmented
sweep (or inverse sweep) using the convolution between the
recorded signal and the time-reversed transmitted signal [11].
Subsequently, we calculated the analytic representation of the
impulse response using the Hilbert transform and extracted
the positive amplitudes of the analytic signal. Figure 6 (b)
shows the analytic signal of the impulse response and the
extracted upper envelope of the analytic signal. Thereafter,
we separated the first 6000 data points from the envelope.
Using the extracted 6000 data points, we can acquire obstacle
distance data from as far as 5.4 m (Figure 2), which would be
sufficient to achieve the goal of this study. We further reduced
the dimensionality of this envelope up to 1200 by employing
a rolling window with 100 samples with a stride of 5 samples
and replaced the values of each window with the average value
within the window, weighted by the standard deviation. This
amplified the crests contained in the envelopes, caused by
the reflections of the obstacle. As above, a vector of 1200
dimensions was computed from each envelope. We used these
vectors as inputs to the neural network.

D. Doppler frequency extraction

We extracted 500 frequency bins from the top of the
bandwidth of the 18 or 21 kHz sine wave from the FFT
spectrograms, as shown in the top right panel of Figure 7.
In this case, we were only interested in the positive Doppler
shifts that occur when an obstacle approaches the user. We
used these Doppler shifts as inputs to our neural network.

E. ObsSense neural network architecture

The input for the ObsSense neural network is composed of
two features: i) time-series Doppler frequency features (DF
features) extracted from the sine waves, and ii) the upper
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envelopes of the impulse responses (IR features) extracted
from periodic sweep signals. Figure 7 shows the preparation
of DF and IR feature frames. For a given time t, we use the
previous 100 Doppler samples to form a DF feature frame of
size 500× 100. We further stacked the 5 closest previous IR
envelopes to form an IR feature frame of size 1200×5. When
sweeps were emitted at times ti−4, ti−3, ti−2, ti−1, and ti
and will be emitted at time ti+1, to estimate the distance and
the relative velocity of the obstacle at time t (ti < t < ti+1),
we employed the envelopes of the sweeps emitted at times
ti−4, ti−3, ti−2, ti−1, and ti. By time-series stacking of the
IR features, we captured information regarding the mobility
of the obstacles.

The structure of the ObsSense neural network is shown in
Figure 8. The Doppler extractor and IR extractor are composed
of 2D convolution layers that process the DF features and IR
features, respectively. The outputs of the Doppler extractor and
IR extractor are then concatenated and fed into the mobility
estimator. The mobility estimator has one output, which is the
mobility label of the obstacle, i.e., static or mobile. Next, the
intermediate output of the mobility extractor (4th layer output)
is aggregated with the DF and IR features and fed into the



distance/velocity estimator. By aggregating the intermediate
output of the mobility detector, we allowed the neural network
to select the most suitable method to predict the distance and
the relative velocity of the obstacle based on its mobility.
The distance/velocity estimator has two outputs, including the
distance between the user and the obstacle and the relative
velocity of the obstacle.

When the neural network is trained, we minimized the
following loss function using backpropagation based on the
Adam optimizer. [32].

E(θD, θI , θm, θd,v) =Lm(θD, θI , θm) + Ld(θD, θI , θd,v)

+ Lv(θD, θI , θd,v) + Lint(θD, θI , θd,v),
(1)

where θD, θI , θm, and θd,v represent the network parameters
of the Doppler extractor, IR extractor, mobility estimator, and
distance/velocity estimator, respectively. Lm() denotes the loss
of the mobility estimation, and calculates the binary cross-
entropy loss of the prediction of the mobility classes, i.e., static
or mobile. Ld() and Lv() denote the losses of the distance
estimation and relative velocity estimation, respectively. Ld()
and Lv() calculate the RMSLE (Root Mean Squared Log
Error) losses of distance and velocity estimations, respectively.
Lint() is introduced to leverage the relationship between the
distance and velocity to supplement the estimations provided
by ObsSense. Particularly, we employed the following rela-
tionship between the distance and velocity.

dt−1 = dt + vt∆t, (2)

where dt is the distance to the obstacle at time t, vt is the
relative velocity at time t, and ∆t is the time difference
between t and t − 1. t − 1 is the timestamp of the closest
previous DF and IR feature frames. Lint() calculates the
RMSLE loss of dti−1 prediction as follows.

Lint() =

√√√√ 1

n

n∑
i=1

(log(dtruthti−1 + 1)− log(d̃ti−1 + 1))2. (3)

Here, ti denotes the time of the ith instance, d̃ti−1 is a
calculation result of dti−1 using Eq. 2 with distance/velocity
estimates at ti, dtruthti−1 is the ground-truth of dti−1, and n is
the number of training instances.

V. EVALUATION

A. Dataset

We collected data from five different static obstacle classes
and three mobile obstacle classes that can be commonly
found on sidewalks, as shown in Table I, selected based
on prior studies. Data were collected from obstacles situated
inside the campus and in residential areas around the campus
that were relatively busy during the daytime. The participant
(smartphone user) was asked to walk toward an obstacle,
starting 5 m from the obstacle, and randomly varying their
walking speed while looking at the smartphone. The mobile
obstacles started from much further (to build speed) and moved

TABLE I: Number of encounters per obstacle type

Label Encounters

static

parked vehicle 38
billboard 36
telephone pole 57
wall 44
standing person 27

mobile
walking person 30
jogging person 30
bicycle 65
Total 327

toward and past the user as close as possible to simulate a
near-miss scenario. For this experiment, we used a Samsung
S20 smartphone. The smartphone emitted the above probing
signal and recorded the reflected waves. Simultaneously, the
participant carried a TFMini Plus LiDAR module connected
to an M5Stack Basic model to collect ground-truth data on
the distance to obstacles at 1kHz. We used this time-series
distance information to calculate the ground truth of the
relative velocity of the obstacles through derivation. Table I
shows the number of encounters of each obstacle class.

Here we explain the rationale of using the TFmini Plus Li-
DAR for ground-truth collection. We experimented with three
methods to collect the distance ground-truth using sensors:
HC-SR04 acoustic sensor, which performed poorly in outdoor
environments, TFmini Plus LiDAR, and RealSense D455
depth camera. The acoustic sensor and the LiDAR measures
distance between the user and a point on the obstacle. While
the depth camera can be used to capture the depth to the
obstacle as a whole, it only provides a frame rate of 30 Hz
with <2% depth accuracy within 4 m, while the TFmini Plus
provides up to 1000 Hz frame rate at 5 mm distance resolution
and up to 12 m sensing range. As ObsSense provides a sensing
range of 5.4 m and a frame rate of 100 Hz, the preferred
ground-truth collection method was the TFmini Plus LiDAR.
When collecting data, the user held the smartphone by one
hand and the LiDAR was pointed towards the obstacle. Both
the smartphone and the LiDAR was held at same height from
the ground and was pointed approximately at the same point
on the obstacle to ensure the consistency of the measurement.
However, the radius of the light spot of the LiDAR at 5 m
is 12-18 cm, therefore the ground-truth distance may slightly
differ when the light hits an inclined surface, such as the
windshield of a vehicle. Even though it is possible to place a
big-enough vertical target on the obstacle and point both the
smartphone and the LiDAR at it, the target itself will reflect
the acoustic signals and this will deviate the collected data
from real-life scenarios.

B. Evaluation methodology

To evaluate the performance of ObsSense, we first randomly
separated our dataset (encounters) into training and testing
datasets using 70% and 30%, respectively, of the total data.
No data from the training encounters (obstacles) were used to
test the model. Furthermore, data from only one encounter
per each obstacle was used to construct the dataset. We
prepared the following methods to investigate the effectiveness
of ObsSense.
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- ObsSense: This was our proposed method.
- w/o integration loss: This was a variant of the proposed
method that did not employ the loss term Lint().
- w/o mobility detector: This method did not employ the
intermediate-layer output of the mobility detector.
- Only IR: This was a variant of the proposed method that
did not employ the Doppler features.
- Only Doppler: This method did not employ the IR features.
- DeepRange Doppler: This method was designed based on
the state-of-the-art deep learning method [14]. The method
was originally designed to recognize hand gestures and output
the distance to the hand by processing the raw reflected
sounds of the sine sweeps. However, because it exhibited poor
performance in our preliminary experiment when using raw
sounds, we used the Doppler features as inputs. The network
architecture used in this experiment was identical to [14],
except for the output layer, where our version had two output
nodes to estimate the distance and relative velocity.
- DeepRange IR: This method was also based on [14]. This
method uses IR features as the input.

The performance of the distance and relative velocity es-
timations was measured in terms of the mean absolute error
(MAE) between the predictions and the ground truth.

C. Results
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Fig. 11: (a) Distance and (b) relative velocity prediction errors of
ObsSense for different obstacle types
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different obstacle distances

1) Performance of ObsSense: Figure 9 shows the distance
and velocity prediction performances of ObsSense and the
other methods. The MAEs of the distance and velocity pre-
diction by ObsSense were significantly smaller than those of
the other methods, and ObsSense achieved MAEs of only 20.6
cm and 0.19 ms−1. As shown in Figure 10 (a,b), ObsSense
precisely predicted the distance and velocity, even though the
participant randomly changed the walking speed. In addition,
as shown in Figure 10 (c), the recorded IR envelopes are
very noisy, and the reflections from the wall are not clearly
visible, indicating the difficulties of applying threshold-based
distance prediction to noisy real-world data. (The performance
of threshold-based distance prediction is investigated below.)

Figure 11 shows the MAEs of ObsSense for the different
obstacle types. The distance errors for persons are relatively
larger than those for the other obstacles because the size of
person is smaller than that of the other obstacles. Figures 12
and 13 show the MAEs of ObsSense for different ground truth
distances and relative velocities. As can be seen, when the
distance from the obstacle increased, the distance and relative
velocity prediction errors increased. This is because when the
distance to the obstacle increases, the amplitudes of the reflec-
tions from the obstacles become weak. Furthermore, when the
relative velocity increased, the distance and relative velocity
prediction errors increased. This result is natural because the
intervals between the sweeps are relatively large compared
with the speed. At a distance of 3 m, the relative velocity
error was approximately 0.15 ms−1. When the relative velocity
of the obstacle was 2 ms−1, the collision time estimation
produced an average error of 0.1 s. This accounted for only
6.6% of the total collision time.

Moreover, Figure 9 shows the performance of DeepRange
Doppler and DeepRange IR. While the neural networks
of these methods were designed based on state-of-the-art
methods, the MAEs of these methods were much poorer than
those of ObsSense, indicating the effectiveness of our proposed
probing signals and the design of our neural network.
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tion errors of different methods according to obstacle mobility

2) Contributions of Lint() and mobility detector: Figure
9 shows the performance of w/o integration loss and w/o
mobility detector. The distance error of w/o integration loss
is much larger than that of ObsSense. Specifically, as shown
in Figure 14, the distance estimation error in w/o integration
loss for mobile obstacles is significantly higher than that of
ObsSense, indicating the effectiveness of Lint() by enhancing
the distance prediction with the velocity information.

As suggested by the performance of w/o mobility detector,
the contribution of the mobility detector was significant. As
shown in Figure 14, the mobility estimator improves the
accuracy of the distance and relative velocity estimations in
both static and mobile obstacles, indicating the effectiveness
of knowledge regarding the mobility of the obstacle. Because
the classification performance of the mobility detector is high
(F-measure: 94%), ObsSense seems to adaptively predict the
distance and velocity by referring to the intermediate outputs
of the mobility detector, which precisely describes the mobility
status of an obstacle.

3) Contributions of DF and IR features: Figure 9 shows
the performance of Only IR and Only Doppler, indicating
the significant contribution of IR features. Contrary to our
expectations, the velocity error of Only Doppler was larger
than that of Only IR. This can be because Lint() negatively
affects velocity prediction. Because it is impossible to predict
the distance by using only the DF features, erroneous distance
prediction can cause a conflict regarding the distance-velocity
relationship.

D. Discussion

1) Testing on other users: When we predict the relative ve-
locity of a static obstacle, ObsSense relies on sound reflections
from moving body parts of the user. To test the generalizability
of our method across different users, we collected data on
fifteen encounters from three additional participants. We fed
the extracted features into a trained ObsSense neural network.
Note that no data from the above participants were used to
train ObsSense. The MAE values of the distance and relative

velocity predictions were 34.1 cm and 0.29 ms−1, respectively.
The MAEs of the distance and velocity predictions of the data
of the additional participants are somewhat poorer than that
of the primary user. We believe that the reason for this is
the body sizes of the additional users were different from the
body size the primary user. However, ObsSense also achieved
reasonable performance in this setting.

2) Multiple obstacle encounters: To observe the behavior
of our method in the case of a multiple obstacle encounter,
we used three billboards situated side-by-side to each other,
the rightmost one being the closest to the user and the left
being the furthest. The distance between the right and middle
billboards was 160 cm, and the distance between the middle
and left billboards was 160 cm towards the walking direction
of the user. We collected data from five encounters where a
participant walked towards the center of the billboards, i.e.,
the middle billboard, holding the smartphone, and the LiDAR
module was directed towards the right billboard to acquire the
ground truth of the closest obstacle. We tested the collected
data using ObsSense. Although we assumed that ObsSense
outputs the distance to the closest billboard, i.e., the rightmost
billboard, ObsSense seems to output the distance to the middle
billboard. Therefore, the MAE of the distance estimation was
191.4 cm. As the distance to the middle billboard was 160 cm
greater than the distance to the ground truth, i.e., the distance
to the right billboard, the MAE of the distance estimation of
the middle billboard was as 31.4 cm. This could be because
the smartphone was directed toward the middle billboard.
ObsSense seems to output the distance to an obstacle situated
in front of the user because sound reflections from such
obstacles could be stronger than from other obstacles.

3) Obstacle’s angle of arrival: To investigate the effect of
mobile obstacle’s angle of arrival on ObsSense’s predictions,
we collected data when a walking person arrived at a smart-
phone user at angles of 0°, 45°, and 90°to the user’s walking
direction. The MAE of the distance estimations of the above
angles were 26.3 cm, 26.5 cm, and 29.1 cm, respectively, while
the MAE of the relative velocity estimations were 0.31 ms−1,
0.36 ms−1, and 0.42 ms−1, respectively. As can be seen, even
though the MAE slightly increased with the angle of arrival,
the change is not significant. Because the relative velocity
of the mobile obstacles change with the angle of arrival, the
Doppler features can be expected to change slightly. However,
it appears that ObsSense can generalize between these features
and effectively predict the distance and the relative velocity of
the obstacles.

4) Performance under different noise levels: To test our
method under different noise levels, we artificially injected
noise from urban areas under different (10, 6, 3, and 1 dB)
signal-to-noise ratios (SNRs) [33] into five sessions of test
data. We used noise from the MAVD-traffic dataset [34] that
contains noise from different types of vehicles recorded in
urban environments. The MAEs of the distance predictions
for different SNRs were 16.7 cm, 16.7 cm, 16.8 cm, and 16.8
cm, respectively. The MAEs of velocity predictions for all
SNRs were stable at 0.12 ms−1. When we tested the above five
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according to different amounts of train data

sessions without adding any noise, the MAEs of distance and
velocity predictions were 16.6 cm and 0.12 ms−1, respectively.
Similar to prior studies using inaudible sounds [12], [31], [33],
the effect of the noises was limited.

5) Amount of training data: Figure 15 shows the effect of
the amount of training data on ObsSense. As the amount of
training data increased, the MAE of the distance and relative
velocity predictions decreased. With 50% of the training data,
ObsSense surpasses the performance of all other methods,
achieving a distance error of 30 cm and a relative velocity
error of 0.2 ms−1.

6) Performance of threshold-based method: Here, we in-
vestigated a threshold-based distance estimation method us-
ing IR features. The threshold-based method employs peaks
(crests) that are greater than the threshold created on the IR
features to estimate the distance to the obstacle, as shown in
Figure 6 (b). However, because of the semi-naturalistic data
collection protocol that we followed, multiple crests created by
multiple small obstacles in front of the user are unavoidable.
Because it was not possible to distinguish the crest created
by the targeted obstacle from that of other obstacles, we
calculated the MAE between the ground truth and the largest
crest created on the IR envelope. The MAE of the distance
estimation of the threshold-based method was 154.8 cm, which
is much higher than that of ObsSense. This is because, as
Figure 10 (c) demonstrates, the data we have collected for
this experiment while the user was walking is very noisy.

7) Comparison with other studies: A prior work related
to threshold-based methods [11] achieved distance estimation
error of 3 cm from a distance of 5 m. This error was
smaller than that of ObsSense. However, unlike experiments
of distance prediction in [11], the ObsSense experiment used
noisy data collected while the user walked. As can be seen
from the evaluation of the threshold-based method, the average
distance estimation error was significantly larger.

Note that ObsSense requires training data with distance
labels, which are not required in threshold-based methods.
We collected the ground truth using the TFMini Plus LiDAR
module, which uses a laser to measure distance. Hence,
distance ground-truth errors due to the location of the obstacle
at which the laser is pointed are inevitable. This is a limitation
of our proposed method.

CycleGuard [18] employed a threshold-based method with
an external speaker connected to a smartphone to estimate the
distance between a cyclist and an approaching vehicle. This
method achieves an average distance error of 10 cm. However,
this study does not clearly describe the method in which the

ground truth is acquired. If ObsSense is to be used to measure
the distance between a user and a car, the obtained ground truth
of the distance could change from more than 10 cm according
to the location where the laser of the LiDAR hits the car,
for example, the bumper or windscreen. However, ObsSense,
which is based on supervised learning, yields reasonable
performance even when we used noisy reflected signals such
as Figure 10 (c) obtained by off-the-shelf smartphone speakers.

8) Feasibility of ObsSense: ObsSense employs the user’s
smartphone to record reflected sound waves at 192 kHz
sampling rate and process the recorded sound using the neural
network model. Most recent smartphones such as LG V10,
ZTE Axon, Xiaomi Mi Note, Samsung Galaxy S20 and Galaxy
Note20, and their operating systems support the 192 kHz
audio recording. Furthermore, the size of the neural network of
ObsSense is as small as 4.4 MB, which is sufficiently small
when it is deployed on a neural processing unit in modern
smartphones such as Snapdragon Neural Processing Engine.
Hence, ObsSense can be conveniently deployed on most of
current smartphones.

To ObsSense to be adaptable in real-world applications,
it should be able to estimate the distance and the relative
velocity of obstacles in real-time, while minimizing the battery
consumption. Hanhirova et al. [35] showed that the time taken
for a single image to pass through (inference) Inception V2
[36] and MobileNet [37] networks with Snapdragon Neural
Processing Engine with GPU acceleration is 51 ms and 41
ms, respectively. As ObsSense is less complex compared to the
MobileNet architecture (1.1 M parameters in ObsSense com-
pared to above 2 M parameters in MobileNet), less inference
latency can be expected when ObsSense is being deployed on
smartphones. Investigating the effect of the inference latency
on the user experience is a major part of our future work.
Furthermore, the battery consumption of ObsSense can be
minimized by only performing sensing and estimation when
the user is walking while looking at the smartphone, which
can be easily detected using the data from the accelerometer
and the gyroscope of the smartphone.

VI. CONCLUSION

We presented ObsSense, a method for estimating the dis-
tance and relative velocity of oncoming obstacles using smart-
phone active sound sensing. We proposed a novel probing sig-
nal that facilitates the distance and relative velocity estimation
of both static and mobile obstacles. Additionally, we proposed
a novel neural network architecture that considers the mobility
of obstacles to jointly predict the distance and relative velocity
of obstacles. As part of our future work, we plan to extend
our method to audio-based obstacle class prediction for precise
risk-level assessment.
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