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ABSTRACT
Sound source localization is vital for daily tasks such as commu-
nication or navigating environments. However, millions of adults
struggle with hearing impairment, which limits their ability to
identify the direction and distance of sound sources. Traditional
methods for sound spatial sensing, such as microphone arrays,
are not suitable for resource-constrained IoT devices like smart-
phones due to power consumption or hardware complexity. To
overcome these limitations, this paper proposes EarCase, an alter-
native scheme that utilizes commercial smartphones with only two
microphones to recognize 3D acoustic spatial information. EarCase
draws inspiration from the human auditory system, where two
ears amplify minute differences in acoustic signals to help pinpoint
sound sources. This ability can be regarded as a response function
trained through a large amount of sound source information, which
can be used to extract spectral cues from a sound source position to
the ears drums. We imitate this effect by designing a smartphone
case with perforated mini-structures covering the microphones
to help the smartphone infer the location of the sound source.
Sound waves that pass through the mini-structure will undergo
unique changes in diffraction at the hole, amplifying directional
information similar to ears. Our scheme uses the top and bottom
microphones to eliminate noises and multi-path effects, making
the design robust to different sound sources in varying environ-
ments. By using only built-in microphones and low-cost phone
cases, EarCase provides an accessible tool to enhance the quality
of life for hearing impaired individuals. Extensive experimental
results show that EarCase achieves high accuracy in localizing
sounds, with a mean error of 3.7◦ at a distance of 200cm and 96%
accuracy for real-world sounds (e.g., car horns).
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1 INTRODUCTION
The NIH estimates approximately 15% of American adults (37.5
million) aged 18 and over report some trouble hearing [5], causing
unique challenges in their daily lives, such as avoiding dangers
(e.g., honking car) or finding misplaced items (e.g., IoT devices).
These people usually use hearing aid devices to help them perceive
sound. However, existing hearing aid devices do not provide spatial
information due to constrained form factors and computational
power, resulting in “I can hear you, but I can’t find you”.We envision
that a low-cost sound source localization solution can address this
limitation, providing an affordable and accessible option for people
who are hard of hearing. Such technology can significantly enhance
the quality and safety of users’ lives. In this work, we seek to
explore the potential of using commercial-off-the-shelf (COTS)
smartphones for sound source localization and how this technology
can benefit users who are hard of hearing in their daily lives.

ExistingWork and Limitations. Sound source localization has
been used in many applications, such as speech localization [14],
indoor ranging [25], and authentication [36]. These approaches
rely on time difference of arrival (TDOA) and the direction of ar-
rival (DOA) calculation using distributed networks of external mi-
crophones, which incurs high energy costs and complex system
design [12]. Traditional microphone array based applications also
use TDOAs of multiple microphones to determine the sound source.
For instance, two microphone linear arrays are used to locate the
sound source in an indoor environment by using the generalized
cross-correlation algorithm to calculate the TDOA [11]. Recently,
researchers proposed leveraging multiple smartphone microphones
to find objects (e.g., earbuds, keys, or wallets) attached with sound-
emitting tags within a short distance [37]. However, the existing
methods can only localize sound sources at a close distance on
a horizontal plane (2D), which restricts the applications in com-
plex environments (e.g., a room with multiple obstacles). All these
findings motivate us to develop a new approach that does not com-
promise on distance, accuracy, or hardware complexity.

Acoustics of Smartphone Case Mini-structures.We are in-
spired by the Head-Related Transfer Functions (HRTF) of the hu-
man auditory system [9], where fine-grained differences in spectral
cues are distinguishable due to the structural shapes of the ear.
We thus consider the possibility of enhancing the acoustic sensi-
tivity of microphones by imitating HRTF on smartphones using
well-designed acoustic structures. Toward this end, we observe that
the use of protective cases for smartphones is common in daily
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Figure 1: EarCase provides 3D sound source localization for
hearing-challenged people leveraging smartphone cases with
mini-structures similar to the human pinna.

life [18]. These cases can be highly varied in shape, making them
easy to adopt stencils shielding the microphones. By embedding
mini-structures with holes or tubes to filter sounds into these sten-
cils, we induce diffraction and effectively treat the holes as new
sound sources. Consequentially, the sound received in the stencils
has rich multi-path effects that amplify the sound and create unique
patterns correlated to the sound location and frequency, which can
be leveraged to localize the sound with high accuracy. We noticed
that existing work [15, 21, 32] has tried to design structures (e.g.,
holes, tubes, blockages, and cavities) to enhance acoustic sensing
for sound angle inference, user interfaces, and acoustic filters. How-
ever, none of them can enable 3D sound source localization by using
the smartphone with only two microphones.

In this paper, we present a novel acoustic sound inference system
that introduces a smartphone case with mini-structures around the
two microphones of the smartphone to embed directional cues,
named EarCase. Similar to the binaural localization method of
human ears, EarCase adds special physical structures with holes
and tubes around two microphones to imitate the HRTF and change
the frequency response of sound waves reaching the smartphone,
as depicted in Figure 1. Such wave conduction is called diffraction,
which is common in our daily life. Based on these observations,
we explore various 3D-printed mini-structures to generate unique
acoustic patterns to smartphone microphones when sound comes
from different locations. We design distinct mini-structures (e.g.,
distribution of the holes) in smartphone cases for each microphone
to allow signal separation and facilitate unique patterns for different
locations. Such acoustic patterns are robust to variations in sound
source signals and highly accurate at localizing sound sources in
various environments. Moreover, our mini-structures are low-cost
as they do not require additional sensing devices (e.g., microphone
arrays), needing only a smartphone case producible at ∼$5 USD.

Themajor challenge faced by EarCase is designing a case that can
consistently generate distinct patterns for the sound from different
spatial locations regardless of environments and types of sound. In
other words, the system should work by design, and the user does
not need to calibrate or train the system in practice. In addition,
the reflected sound by the environment will cause the multi-path
effect, which will also impact the frequency response. For instance,
in a room-scale sensing area, the acoustic wave will interact with
others physical structures (e.g., reflected by the wall) so that even
the same sound source from different locations shows differences.

To mitigate the multi-path effect caused by different room layouts,
EarCase leverages the top and bottom microphones as each other’s
reference, which effectively captures similar multi-path effects due
to their close distance, and cancels the multi-path effect during
pattern generation. Although we can eliminate the impact of the
environment, it’s still hard to collect comprehensive samples in
different environments. Thus, we conduct rigorous acoustic analy-
ses to generate fine-grained location-related acoustic patterns for
training effective localization models without the heavy burden of
manual data collection.

This paper introduces novel acoustic mini-structures around two
microphones as a pair of ears, which provides fine-grained sound
spatial information in various applications for ubiquitous sensing,
e.g., helping people who are hard of hearing localize acoustic alerts
to avoid danger. We studied the feasibility of achieving such sound
source localization and made the following contributions:

• We design a novel acoustic sound inference system, EarCase, that
localizes the sound source by introducing mini-structures in a
smartphone case instead of microphone arrays. Sound propa-
gation through the mini-structures embeds information that is
specific to the sound source location, allowing us to identify the
sound source location without traditional DoA measurements.

• We extensively study mini-structures and their unique effects on
the frequency response that can facilitate sound source localiza-
tion. We develop a method based on the Rayleigh-Sommerfeld
equation to simulate the diffraction and capillary effects in small
physical metamaterial structures and help us design the mini-
structures in smartphone cases.

• We design an interference removal method to eliminate environ-
mental interference using 3D-printed mini-structures based on
the controlled diffraction in small physical metamaterial struc-
tures to ensure EarCase remains robust.

• We conduct extensive experiments with multiple smartphone
case designs and smartphones. Results demonstrate that EarCase
can achieve a mean error of 3.7◦ at a distance of 200cm, while it
is robust under varying real-world factors, including background
noises and room layouts.

2 RELATEDWORK
Sound Source Localization Applications. Sound source localiza-
tion (SSL) systems focus on finding the direction of a sound source.
SSL has multitudinous practical applications, for instance, in source
separation [8], automatic speech recognition (ASR) [22], speech
enhancement [34], human-robot interaction [24], noise control [10],
and room acoustic analysis [2]. In addition, SSL has been utilized to
aid people with mild-to-moderate hearing loss to segregate multiple
talkers and understand speech in a noisy environment [3].

Direction of Arrival Estimation. Stefanakis et al. [29] present
amodification in the propagationmodel and used it for 2D direction-
of-arrival (DOA) estimation in the half-space. Badawy et al. [13]
acquire DoA results with one microphone and non-negative matrix
factorization. Cagli et al. [6] address the DOA estimation problem
for speech signals via sparsity models using MEMS microphone ar-
rays. As the most closely related work, Garg et al. propose Owlet, an
approach for acoustic DoA estimation and source localization using
3D-printed metamaterial structure that covers the microphone.
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Figure 2: Passive directional filtering using acoustic mini-
structures built into smartphone cases. The stencil envelops
the microphone to embed direction-specific information in
the frequency response.

Acoustic Sensing Using Physical Structures. The impact of
structures on the sound field has been broadly studied, and acoustic
metamaterials have recently gained attention for their ability to at-
tenuate sound. Casarini et al. [7] present subwavelength small-scale
3D printed acoustic metamaterials based on Helmholtz resonators
capable of generating stop bands where the sound is attenuated.
Li et al. [23] present a computational approach that automates the
design of acoustic filters comprised of a set of parameterized shape
primitives to satisfy target acoustic properties. Priyantha et al. [27]
use coded ultrasound pulses to locate and identify users in an in-
strumented room. Harrison et al. [16] exhibit acoustic barcodes, an
identifying tag that uses notches to produce sound when dragged
across. Although acoustic structures are a long-standing and widely
researched topic, it remains a very challenging problem to date,
and many works demonstrate feasibility of using structures, but
none have been applied to localization on mobile devices.

3 BACKGROUND AND PRELIMINARY
3.1 Analogue to Head-related Transfer Function
Our ears have a very special shape, with complex folds and pro-
trusions that allow the original sound to be superimposed on the
sound reflected by the pinna. Such sound reflections increase the
sound propagation time, causing a difference in the phase of the
signal. As a result, some sound frequencies will be enhanced while
others will be weakened. The influence of pinna on the frequency
characteristics of the sound can be described by a function named
Head-related Transfer Function (HRTF) [35]. HRTF is a function
of sound location. Sounds from different places will have different
frequency response characteristics after passing through the HRTF.
Human brains gradually learn the HRTF for each ear, which enables
us to recognize the locations of sounds. Inspired by the function
of the pinna, we propose to develop mini-structures around the
microphones in smartphone cases, generating unique frequency
characteristics of the sound from different locations as an analogue
to HRTF so that the smartphone can recognize sound locations
using two built-in microphones as human ears.

3.2 Acoustics of 3D-Printed Mini-structures
Acoustic mini-structures [21] can impact and regulate sound waves
along the sound propagation path. These mini-structures rely on
their specially crafted designs, rather than the characteristics of
the underlying 3D-printed materials, to achieve their sound con-
trols. Through the use of miniature holes, tubes, and blocks, these
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Figure 3: Feasibility study of the diffraction of wave near the
mini-structure.

structures possess unique properties that allow them to manipu-
late sound waves. When sound interacts with the mini-structures,
the signal response can be either amplified or attenuated. Similar
phenomena (i.e., frequency variations) can be observed from multi-
path reflections due to constructive and destructive interference
on a large scale (e.g., room size). In order to achieve fine-grained
sound source localization using smartphones, we design smart-
phone cases with mini-structures based on the principles according
to two phenomena: diffraction and capillary effects.

Diffraction.When a sound wave encounters a small opening
(hole) with an aperture smaller or comparable to the wavelength
of the sound, it diffracts at the hole and acts as a virtual sound
source [4]. Assuming the sound passes through a barrier of multiple
holes, each diffracted sound becomes a new sound source. The
sound received on the other side of the barrier combines all the
diffracted sounds, creating a unique pattern of constructive and
destructive interference similar to the multi-path effect, which is
dominated by the receiver’s location and the sound’s frequency.
Figure 2 shows the details about the virtual point sound sources
and the superposition of each new sound source. To facilitate sound
source localization using mini-structure-enabled smartphone cases,
we employ diverse patterns of small holes around the designated
mini-structures, where the diffraction of the sound coming from
different directions has distinct multi-path effects.

Capillary Effect.Acoustic impedance is known to change when
sound propagates through a small capillary tube [26]. Furthermore,
the length and cross-sectional area of the tubes affects the speed of
sound transmission. Therefore, to increase the diversity of the fre-
quency spectrum of the diffracted sound through themini-structure-
enabled smartphone case, we design capillary tubes connecting the
open holes in the mini-structure. With such designs, the transmis-
sion time of the sound coming from different directions is distinct
despite the small tube length, leading to unique frequency shifts
and enhanced diversity [31].

3.3 Feasibility Study
Diffraction of Wave Near the Mini-structure. We verify the
diffraction by using a sphere shape stencil design that has only one
hole in one direction, shown in Figure 3(a). The top and bottom
microphone stencils have their holes facing opposite directions.
We place the sound source 200cm away from the smartphone and
play a sound with 7kHz fixed frequency at 0◦ to 90◦ for every 30◦.
We measured the sound pressure received by two microphones
of the smartphone, where the sampling rate is 16kHz. Figure 3(b)
demonstrates that there will be a substantial increase in sound
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Figure 4: Diversity in frequency responses (amplitude and
phase) of 3D-printed mini-structure.

pressure even when the hole is over 90 degrees away from the
direction of the sound source, indicating that the sound waves are
bending. Moreover, it also shows that there is a high level of sound
pressure directly opposite the incoming sound. This is a result of
the sound fields from both sides of the sphere merging.

Sound Location Diversity Through the Mini-structure. In
order to verify multiple holes and tubes can provide diversity in
the sound frequency responses, we use a 3D-printed smartphone
case with multiple embedded mini-structures. We place the sound
source at four different locations far away from the smartphone
and play a sound with frequency band from 1Hz to 8kHz. We revive
the sound signal and obtain the frequency and phase domain of
signal. The results show the sound from the different locations can
provide distinct frequencies responses, as shown in Figure 4.

4 SYSTEM OVERVIEW
Our system is designed to recognize subtle differences in distances,
angles, and heights of the sound source without the aid of external
sensors in the environment or intensive calibration setups. We
consider example sound sources such as signals emitted by devices
(e.g., smartphones, earbuds, car horns) as well as human utterances
(e.g., "Excuse me!"), which may be difficult for people to notice due
to hearing loss or low attentiveness caused by music or earmuffs.
To provide accessible and accurate sound localization information
to the user, we develop an acoustic signal processing architecture
for smartphones and smartphone cases, shown in Figure 5.

Sound Data Pre-processing. Microphones convert sound pres-
sure to electrical signals, represented in the time-domain as oscilla-
tions in voltage. We apply smoothing and segmentation algorithms
to mitigate interference in the recordings. Presence of the sound
source is detected using a peak-energy calculation across a fixed
time window computed one second. The specific window length
can be varied depending on the target sound source and sampling
rate supported by the microphones.

Location-specific Pattern Extraction.Once detected, the sound
is then filtered for patterns can be used to reveal the sound source
location in 3D space. To ensure training is a one-time process only,
our data must be location-specific without being sound-specific or
environment-specific. By using two microphones, we always detect
the sound source at one side of the smartphone before the other. We
therefore leverage the stereophonic properties of our recordings
and filter out any information observed by both microphones at
the same point in time. This process guarantees the filtered out-
put consists only of direction-based location information. We then
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Figure 5: EarCase Overview.

convert the output to the frequency-domain and phase-domain to
obtain directional frequency responses.

Learning-Based Sound Localization. EarCase uses a one-time
training process at the developer-side to learn the relationship
between the frequency responses produced by the two smartphone
microphones. No effort is required from the user. Performance
is dependent on the granularity of training data collected, with
fine-grained samples (i.e., 1◦, 1𝑐𝑚) yielding the best precision. This
data can be sourced from real-world microphone recordings or
simulations of sound propagation.We build a neural network model
and provide our extracted location-specific features for training.
We supply this data to a CNN neural network for training. The
output labels correspond to the predicted angle of the sound. This
trained model can later be downloaded by users (e.g., mobile app
store) to localize new sounds in their own local environments.

5 SOUND SOURCE LOCALIZATION
5.1 Mini-structure Design
5.1.1 Sound Diffraction Caused by the Designed Mini-structures.
The diffraction pattern for a collective aperture of multiple holes
can be accurately derived by solving the Helmholtz wave equa-
tion. Less computationally expensive formulations with Fresnel or
Fraunhofer approximations often assume far-field separation be-
tween the source and observation-plane. However, our application
requires a smaller arrangement where the distance between the
planes are comparable to one wavelength of the lowest frequency.
Our experiments show poor performance for the far-field or planar
wavefront approximation in this setup. Therefore, we assume spher-
ical wavefronts for the sounds from the virtual sources and adapt
the following Rayleigh-Sommerfeld equation [33] to calculate the
resultant sound field on the observation plane.

𝑈 (𝑥,𝑦) =
∬

Σ
𝑈1 (𝑥 ′, 𝑦′)ℎ

(
𝑥 − 𝑥 ′, 𝑦 − 𝑦′

)
d𝑥 ′d𝑦′, (1)

where ℎ(𝑥,𝑦) = 𝐷
𝑗𝜆𝑟 2

𝑒
𝑗2𝜋𝑟
𝜆 represents the response on the diffrac-

tion screen at unit amplitude, called the impulse response or point
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Figure 6: Iterative prototyping of EarCase designs from initial
concepts (left) to finalized design (right).

source spread function and 𝑟 =
√︁
𝑥2 + 𝑦2 + 𝐷2. The diffraction

pattern is a function of the frequency. A microphone placed at a
specific location on the observation plane will experience phase
and amplitude of a particular frequency as per the diffraction pat-
tern corresponding to that frequency. This means, a microphone
separated by a stencil of holes will see different complex gains for
a set of frequencies present in the incoming sound. We change
parameters of Eq. (1) as follows to formulate the gain-pattern of
the frequency spectrum for a given hole-pattern:

𝐻 (𝜆) = 𝐷

𝑗𝜆

∑︁
𝑛

𝑒
𝑗2𝜋𝑟𝑛

𝜆

𝑟2𝑛
. (2)

This formulation will guide us to simulate data in the Section 6.2.

5.1.2 Mini-structure Design for Stencils of Smartphone Case. We
influence the acoustic patterns received by the device by control-
ling sound propagation through a mini-structure consisting of a
perforated stencil surrounding the microphone. Conventional local-
ization via TDOA calculations approximates the acoustic signal as
a single wave arriving at the microphone, which cannot sufficiently
capture fine-grained height, distance, or angles. We therefore di-
versify the sound patterns received at microphones by blocking
direct propagation paths with a stencil barrier and strategically
distributing holes or entryways to simulate the arrival of multiple
pseudo-sound-sources. The staggered arrival of these sounds and
their altered diffraction and/or capillary effects within the stencil
provides rich acoustic signatures indicative of the direction and
position of the actual sound source.

To understand the constraints and ideal design qualities, we con-
duct iterative tests by prototyping different mini-structures with
varied parameters. This data-driven trial-and-error approach pro-
gressively optimized our mini-structure into the final design shown
in Figure 6. Our initial concept utilizes a cubical structure with 4
holes evenly distributed leading to an internal tube connected to the
microphone. By increasing the number of holes, we theoretically
intensify the capillary effect. However, we find the flat surfaces of
the cube to introduce minimal changes as holes of the same plane
are too similar in position and angle. Therefore, we experiment in
rounding the surface into a cylinder before settling on a spherical
design, which allows every hole to have a unique position and
arrival time of the sound wave. We set the diameter of our holes at
2mm to allow as many holes as possible without being too small to
manufacture.

5.2 Location-specific Pattern Extraction
In order to understand how EarCase infers the sound location, we
use simple terms to model this process, shown in Figure 7. First, we
assume that the sound source signal without environmental effects

𝑺(𝝎)

𝑯𝑩

𝑹𝑩(𝝎)

𝒓𝒊
𝑫

𝒃𝒚
𝒃𝒙

𝒃𝒛

𝑵𝑩(𝝎)

𝑵𝑻(𝝎)

Hearing-Challenged
Person

Figure 7: Sound modeling in a room with 6𝑚 × 5𝑚 × 3𝑚 based
on the idea of Rayleigh-Sommerfeld diffraction model.

is 𝑆 (𝜔) where 𝜔 is the frequency. To generate location-specific
patterns 𝑃𝑙 of the mini-structure for location 𝑙 , we send signals
𝑆 (𝜔) with the wide frequency-band from various locations and
use a fixed-location smartphone with two microphones covered
by mini-structures to record signals. The sound received by the
top and bottom microphone at location 𝑙 can be define as 𝑅𝑙

𝑇
(𝜔)

and 𝑅𝑙
𝐵
(𝜔). The set of location-specific patterns P of the mini-

structure for different locations derived from 𝑅𝑇 (𝜔) and 𝑅𝐵 (𝜔)
can be used for later sound source localization. We process the
received signal to extract the unknown specific pattern 𝑃 ′ and map
this pattern to the pre-collected specific patterns P to obtain location
information. However, in reality we can only obtain the complex
signal that contains the original sound source and additional signal
superposition introduced by the environments. Thus, if we want to
pre-train a model to predict the sound location, we need to extract
the location-specific pattern 𝑃 introduced by the mini-structure
from the complex signal.

5.2.1 Sound Source Independence. In most scenarios, the sound
source signal is unknown, so we cannot extract the special pattern
caused by the stencil mini-structures from the received signal. Ide-
ally, no matter what sound source is used, we can always find a
special pattern generated by the stencil. When the sound propa-
gates from the source to the two microphones, the received signal
will be impacted by the multi-path effect from nearby objects called
channel frequency responses (CFR). We assume the CFR at the
top and bottom microphone are𝑀𝑇 and𝑀𝐵 . At the two channels,
there will exist independent noise defined as 𝑁𝑇 (𝜔) and 𝑁𝐵 (𝜔)
at the frequency 𝜔 . The 𝑅𝑇 (𝜔) and 𝑅𝐵 (𝜔) can be expressed in the
frequency domain as the following:

𝑅𝑇 (𝜔) = 𝑆 (𝜔)𝑀𝑇𝐻𝑇 + 𝑁𝑇 (𝜔),
𝑅𝐵 (𝜔) = 𝑆 (𝜔)𝑀𝐵𝐻𝐵 + 𝑁𝐵 (𝜔),

(3)

where 𝐻𝑇 and 𝐻𝐵 is the frequency response caused by the interac-
tion with the top and bottom stencil. Our goal is to use the received
signal 𝑅𝑇 (𝜔) and 𝑅𝐵 (𝜔) to derive the location-specific pattern 𝐻𝑇

and 𝐻𝐵 . However, sound source localization is used in many com-
plex environments, e.g., localize a car honking on the road or finding
misplaced beeping IoT devices for people who are hard of hearing.
In such scenarios, the sound source is unknown and background
noise is also hard to detect. Luckily, we have the top and bottom
microphone, which give us a chance to derive the special pattern.

In our scenario, the distance between two microphones is small
and fixed. We can assume 𝑁𝑇 (𝜔) ≈ 𝑁𝐵 (𝜔). Then, if we want to
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Figure 8: Environment ratio under different environments.

eliminate them, we can consider two cases: 1) If the independent
noise 𝑁𝑇 (𝜔) is considerable to 𝑆 (𝜔)𝑀𝑇𝐻𝑇 , it means that there is
a strong noise near the smartphone microphone, meaning we can
adopt processing techniques to reduce this noise. 2) Then, we can
assume 𝑁 (𝜔) ≪ 𝑆 (𝜔)𝑀𝑇𝐻𝑇 . If we divide 𝑅𝑇 (𝜔) and 𝑅𝐵 (𝜔), it will
remove the independent noise by using the theorem 𝐴+𝜀

𝐵+𝜀 ≈ 𝐴
𝐵
, 𝜀 ≪

𝐴 (or 𝐵) and eliminate the sound source 𝑆 (𝜔). What remains are:
𝑅𝑇 (𝜔)
𝑅𝐵 (𝜔)

≈ 𝑀𝑇 (𝜔)
𝑀𝐵 (𝜔)

· 𝐻𝑇 (𝜔)
𝐻𝐵 (𝜔)

. (4)

CFRs caused by the environment still remain in the term 𝑀𝑇 (𝜔)
𝑀𝐵 (𝜔) .

5.2.2 Environment Independence. In our scenario,𝑀𝑇 and𝑀𝐵 vary
with the environment. However, we only need a one-time calibra-
tion of the stencil in lab and do not require collecting any data at
the target environment. Because microphones of the smartphone
are close (13cm), the path difference between the two microphones
may not be very sensitive to changes in the environment. In other
words, although 𝑀𝑇 (𝜔) and 𝑀𝐵 (𝜔) will be different in various
environments, the ratio 𝑀𝑇 (𝜔)

𝑀𝐵 (𝜔) should be bounded within a range.
As we can see, when sound waves transmit from the source and
propagate through the air, they reflect off objects, causing different
path lengths. These reflected components add together with the
no reflection path waves at the microphone, resulting in a unique
environmental response. That is, even if two microphones record
the same signal, they may detect different responses because of the
varying path lengths of the reflections. However, if the microphones
are located close to each other, the differences in path lengths of the
reflections are limited. In the extreme case where two microphones
are collocated, they will detect the same environmental response.
Therefore, the ratio 𝑀𝑇 (𝜔)

𝑀𝐵 (𝜔) should have a bounded value within a
range. Note that users can still contribute new training data col-
lected in their environments, if desired. In extreme circumstances
where environmental variations significantly affect performance,
EarCase can update the pre-calibratedmodel with new acoustic data
to cater to individual preferences, resulting in improved accuracy
and robustness, even in noisy environments.

In order to prove this thought, we conduct experiments to ex-
plore the ratio range. We use the smartphone without a phone
case to collect data from three different environments: lab, meeting
room and lobby. In each experimental setup, we fixed the relative
positions of the smartphone and the sound source, where the sound
source is a chirp signal with frequency band from 1Hz to 8kHz.
Then, after we divide the received signal of the top and bottom
microphones, we obtain the equation similar to Eq. (4) without the
location-specific pattern: 𝑅𝑇 (𝜔)

𝑅𝐵 (𝜔) ≈ 𝑀𝑇 (𝜔)
𝑀𝐵 (𝜔) . As shown in Figure 8,
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Phase domain

Location
Prediction

Regression
Layer

(8000×2)

Convolutional
Layer

Max-pooling
Layer

Fully-connected
Layer

Input
Matrix

(7900×64)

(790×64)

(790×128)

Figure 9: Sound localization on a CNN-based model.

the environment response ratio has a similar distribution under
different environments, consistent with previous analysis.

5.3 Deep Learning for Sound Localization
Once the environmental response ratio𝑀𝑟𝑎𝑡𝑖𝑜 =

𝑀𝑇 (𝜔)
𝑀𝐵 (𝜔) is bounded

within a range, Eq. (4) can be further derived as 𝑅𝑇 (𝜔)
𝑅𝐵 (𝜔) ≈ 𝐻𝑇 (𝜔)

𝐻𝐵 (𝜔) ·𝑘 ,
where 𝑘 is a constant value. Rather than further extracting the
location-specific pattern 𝐻𝑇 and 𝐻𝐵 separately, we prefer to use
ratio 𝐻𝑟𝑎𝑡𝑖𝑜 =

𝐻𝑇 (𝜔)
𝐻𝐵 (𝜔) to represent the special location pattern.

That is, the 𝑅𝑇 (𝜔)
𝑅𝐵 (𝜔) is only related to 𝐻𝑟𝑎𝑡𝑖𝑜 . Thus, we can collect

the data from different locations and use the ratio of the received
signals from top and bottom microphones to train a deep learning
model. We leverage a convolutional neural network, which has
superior performance in signal processing [19]. The illustration
of our CNN model is shown in Figure 9. To optimize the method
for resource-limited smartphones, we employ a lightweight one-
dimensional model with two convolutional layers and one max-
pooling layer followed by a fully-connected layer and an output
regression layer. The input matrix is with size of 8001 × 2, where
8001 is the separated frequencies between 0-8kHz and 2 is the
frequency and phase domain. The convolution layers have 64 and
128 filter maps, respectively. In this model, we add a max-pooling
layer between the convolution layers to reduce the matrix size
and speed up the training process. The regression layer computes
the half-mean-squared-error loss for location estimation. We set
the learning rate at 0.01 with 500 epochs when train the model.
This design ensures compatibility with mobile devices while still
capturing the necessary subtle cues from mini-structures.

6 IMPLEMENTATION
6.1 Signal Design and Data Collection
A multiple frequency-band chirp signal is generated in Matlab,
which will be used as the training sound source. To make sure the
sound wave interacts (e.g., diffraction or reflection) when it passes
through the mini-structure, the wavelength of the signal should be
comparable to the size of the smartphone and mini-structures. On
the other hand, according to the Nyquist-Shannon sampling theo-
rem [20], the upper frequency limit is restricted by the frequency
sampling (fs) rate. Due to hardware limitations, the microphone of
commercial smartphones usually has a sampling rate 𝑓 𝑠 as 16kHz,
restricting the maximum transmittable frequency to 8kHz. Even
though some smartphones can reach high sampling rates of 44.1kHz,
most common sounds in daily life are lower than 8kHz. Given these
factors, our system adopts a 100ms length multiple frequency-band
signal with chirp sweeps using the 1Hz to 8kHz bandwidth. Such
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signal is played by a off-the-shelf speaker (e.g., smartphones, loud
speakers) and the smartphone with our EarCase prototype is held
by a stand to record the sound. We note that the smartphone should
enable true stereo recording in order to record the sound signal
with two microphones separately.

6.2 Simulation Data
Sound propagation simulation can generate a wide variety of sound
signal types and physical setups. Although we can eliminate the
impact of the environment, it is still a heavy burden to collect
comprehensive samples in different environments manually. Thus,
we conduct rigorous acoustic analyses to generate fine-grained
location-related acoustic patterns for training effective localiza-
tion models. We initiate the simulation process by placing two
virtual microphones 14𝑐𝑚 apart, which is the average distance for
smartphones. Additionally, a randomly chosen background noise is
included in the scene. We then simulate room impulse responses
(RIRs) for a randomly sized room using the image source method
implemented in the pyroomacoustics library [1, 28]. We randomly
generate rooms with lengths 6-10m, widths 5-9m, heights 3-5m
and RT60 (time it takes for the RIR to decay by 60 dB) 0.3-0.5s. All
signals undergo convolution with the RIR and are then rendered to
the two-channel microphone array. The volumes of the background
sounds are randomly selected, ensuring that the input signal-to-
distortion ratio falls within the range of approximately -5 to 5 dB.
This process simulates the signals before they interact with the two
stencils, shown in Figure 7. Next, we simulate the signal interaction
with the stencil. As mentioned in Section 5.1.1, Eq. (1) guides the
interaction simulation process to obtain the parameter 𝐻 . Once
we determine the exact stencil, we can compute the hole distances
and obtain the parameter 𝑟𝑛 and 𝐷 . Then, we can easily derive the
interaction parameters 𝐻 . Finally, we use the received signals as
the simulation data.

7 PERFORMANCE EVALUATION
7.1 Experimental Methodology
Experimental Setup.We developed a prototype app of EarCase
for Android platforms. Our smartphone cases were designed using
Autodesk Inventor to fit the Nexus 5 and Galaxy Note 5 devices,
shown in Figure 11. Note that EarCase is designed to be compatible
with any smartphone featuring two microphones as the case struc-
ture plays a dominant role in capturing acoustic signal patterns
for sound source localization. Physical copies were produced using
Prusa I3MK3S printers and Nylon filament. We conduct our experi-
ments by setting the microphone sampling rate of the smartphone
at 16kHz and utilize an external speaker to act as the sound source.
We record audio samples of the sound source at angles from 0◦ to
180◦ in increments of 1◦ and distances from 100cm to 250cm in
increments of 50cm. We assume the smartphone and sound source
are at equal elevation levels but control the precise height of the
sound source using an adjustable stand to study 3D localization.
Our hardware setup is shown in Figure 10. Our sound sources in-
clude multi-frequency wideband signals, human speeches, random
sounds, and car honking. For reproducibility, we use a looping wide-
band signal maintained at 40 dB SPL as our default sound source and

Smartphone 
with case

Distance

Angle

Height

Figure 10: Experimental setup in the lab environment. An
external speaker acts as the sound source. Distance, height,
and angle are controllable.

(a) Nexus 5 (b) Galaxy Note 5
Figure 11: EarCase prototypes for different smartphones.

localize using our Nexus 5 smartphone unless mentioned otherwise.
We collect 20 times at each test location.

Evaluation Metrics. We quantify the performance of EarCase
through widely used metrics including Mean Error (angles and
distances), Location Accuracy and DL Model Accuracy. Mean error
of one location is computed by 𝑀𝐸 = 1

𝑛

∑𝑛
𝑖=1 |𝑥𝑖 − 𝑥 |, where 𝑥𝑖 is

the predicted location, 𝑥 is the ground truth location and 𝑛 is the
testing times. When we get the mean errors of all the testing loca-
tions, we use the cumulative distribution function (CDF) to show
the distribution of all locations’ mean errors. Meanwhile, the loca-
tion accuracy shows the ratio of identifying location successfully,
computed by 𝐿𝐴 = 𝑛′

𝑛 × 100% (𝑛 is the testing time and 𝑛′ is the
times of identifying location successfully). Finally, the DL Model
Accuracy indicates how the model performs across all datasets.

7.2 Performance Analysis
7.2.1 How well is EarCase in three location dimensions? We mea-
sure the performance while the sound source is placed at various
locations from the smartphone. Figure 12(a) shows the mean error
for angle estimation when we set the distance at 100cm to 250cm
with intervals of 50cm. EarCase can achieve mean angle errors
as low as 3.7◦ at 100cm distances. When distance is more than
doubled to 250cm, we still support low errors of 6.3◦. This error
is mainly dominated by the change in signal-to-noise ratio at the
receiver due to increasing distance. The volume intensity of the
sound source was kept constant despite any changes in location
of the source. We also control 3D position by adjusting height of
the sound source relative to height of the receiver. We observe
in Figure 12(b) that height has negligible impact on performance,
yielding an average 4.2◦ error across all tested deviations. More-
over, we keep same angle while change the distance. The results
illustrated in Figure 13(a) shows that nearly 90% locations can be
correctly identified. Meanwhile, we evaluate the location accuracy
of EarCase at the area 1𝑚 × 1𝑚 × 0.6𝑚. As shown in Figure 14, all
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(a) Mean angle error vs. Distance
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(b) Mean angle error vs. Height

Figure 12: Empirical CDF of mean angle errors when the
sound source is at varying distances and heights.
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(b) Angle vs. Mean distance error

Figure 13: Distance error for sounds at different angles.

144 sound source locations can achieve over 90% accuracy. This
demonstrates EarCase is effective at localizing sounds in 3D space.

7.2.2 How effective is EarCase in real application scenarios? We
verify EarCase can be deployed in multiple application scenarios
by experimenting in different real-world environments and sound
sources.We consider in Figure 15(a) five locations (L1-L5) across two
environments (E1-E2). E1 is an indoor labwith three sound locations
whereas E2 is an outdoor parking lot with two sound locations. We
use a smartwatch device beeping to act as the sound source in E1,
replicating the conditions of locating a lost mobile device, and a
car horn honking as the sound source in E2, safely simulating the
acoustics of a dangerous event such as cars approaching pedestrians.
We also use live human speech as an example sound source that
could be found in both environments. The locations of the sound
sources are circled in red. In each test round, we ask one participant
to wear headphones with loud music to simulate someone who is
hard of hearing. We use the localization accuracy as the metric to
see if the participant can localize the sound source. Our findings
showed in Figure 15(b) all sound sources can be reliable localized
with over 80% accuracy. Specifically, we observed smartwatch beeps
and car honking can be consistently recognized with over 90%
accuracy while human speaking may be slightly more difficult.
This is because the frequency and sound pressure level of human
speaking are always changing.

7.2.3 How stable is EarCase when under various impact factors?
Different Mini-structure Case Designs. We confirm our initial
observations from Section 5.1 by conducting large-scale experi-
ments using the many case designs developed during the proto-
typing process from Figure 6. In addition to different structural
shapes (e.g., cubes, cylinders, spheres), we also consider how the
precise locations of the holes bored into the mini-structure can

Figure 14: Comparison of localization performance using
different testing sound sources.
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Figure 15: Experimental setup and system performance in
simulating real application scenarios.
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Figure 16: Mean angle errors using different mini-structure
case designs.

influence localization performance. Figure 16(a) reinforces our ear-
lier observations, showing spherical structures can produce the
lowest mean angle error. Meanwhile, we study in Figure 16(b) the
impacts of having the mini-structure holes distributed throughout
a spherical structure randomly, equidistant apart, and densely con-
centrated in a single area. We find randomly placed holes to be
the best performing, achieving 3.7◦ error, likely due to the highly
varied distance referred to as 𝑟 of Eq.(2). The equidistantly posi-
tioned holes performed the worst, likely because the distribution
of holes is symmetric (i.e., sound propagation path is the same).
Meanwhile, the densely packed holes can achieve low error only
for the direction they are oriented towards.

Different Smartphone Models. To ensure EarCase can be
generalized to other devices, we adapt our spherical structure with
randomly placed holes, the best performing design from Figure 16
for the Galaxy Note 5 smartphone model. Figure 17 shows the

247



EarCase: Sound Source Localization Leveraging Mini Acoustic Structure Equipped Phone Cases MobiHoc ’23, October 23–26, 2023, Washington, DC, USA

1 
 

 

0.8 
 

 

0.6 
 

 

0.4 
 

 

0.2  
Nexus 5 

Galaxy Note 5 

0
0 5 10 15 20 

Mean angle error (°) 

E
m

p
ir

ic
a

l 
C

D
F

 

Figure 17: Mean angle errors
using Nexus 5 and Galaxy
note 5 smartphone models.
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Figure 18: Mean angle errors
under several environments
with different sound noises.
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Figure 19: Mean angle errors
of testing data collected in
different weeks after training
the system at the first week.
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Figure 20: Performance us-
ing different testing sound
sources when the system is
trained by chirp signal sound.

performance differences across our devices. We find the Galaxy
Note 5 to be equally effective at localizing sound sources as the
Nexus 5, achieving 4.2◦ mean angle error which is a difference of
only 0.5◦. This suggests EarCase is robust to hardware variables
such as microphone quality and positions.

Different Noise Levels. We confirm EarCase can continue op-
erating even with persistent background noise. We control the
background noise level by playing the random noise at lab and
meeting room, and the background noise of the Gym is 65dB. Fig-
ure 18 shows our results when localizing the sound source with
different levels of background noise. Our data shows most noise
sources have minimal impact, resulting in average mean angle er-
rors of 4.0◦. Our highest tested noise level, 65dB, was the only
setting to show noticeable changes in performance, achieving 4.8◦
error which is still acceptable for reliable localization.

Stability Over Time.We repeat our localization experiments
regularly over several months using the same initial training data
to determine whether our performance is time invariant. Figure 19
shows the results for three variations of our stencils across a 10
week period. Our spherical design is the most stable, supporting
our findings from Figure 16. All cases were observed to have minor
performance degradation as time progressed, converging around
7.2◦ after 5 weeks, which is less than 1◦ increase. This error can be
reduced through optional re-sampling and training.

Different Sound Sources. We consider different real-world
sound sources. In addition to our existing wideband signal, we
transmit samples of human speech and random noise from our
sound source to replicate the conditions people with difficulty hear-
ing may find themselves in during daily routines. We show the
differences in performance between these real-world sounds in
Figure 20. We find that EarCase can also localize human speech and
random noise with high accuracy, achieving 5.2◦ and 7.8◦ errors,
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Figure 21: DL model accuracy of using different ratio of sim-
ulation data as training data.

respectively. These errors are only slightly higher than our results
using controlled chirp signals, likely due to frequency and sound
pressure level changing. Overall, our findings indicate EarCase is
agnostic to different target sounds for localization.

Simulated Data vs. Real-World Data. We explore the feasibil-
ity of increasing training data volume by using modeled acoustic
behavior in virtual environments as inputs. Figure 21 shows our
real-world training data progressively supplemented with simulant
data, eventually reaching a 1:5 ratio or 80% of training data con-
sisting of simulants. Our findings suggest overall performance may
worsen if simulation data comprises the majority of training data.
Small amounts of simulation data may still improve accuracy, by
introducing modest diversity to the model without overfitting.

8 DISCUSSION
Multiple Sound Sources. We primarily consider applications
where one target sound source is active at a time with secondary
sounds being regarded as interference only. Based on our peak-
energy detection approach, EarCase will normally fixate on the
loudest sound as the target. We believe multi-sound source sup-
port is also possible by designating the second or third strongest
peaks as sound sources, for example. Our system can use existing
sound source separation methods (e.g., deep cocktail party [17],
independent component analysis [30]) to isolate the sound peaks
and localize each individual sound source using the same method,
respectively. The user can indicate either beforehand or in real-time
whether they are seeking multiple sounds.

Optimal Stencil Design. Our experiments test several proto-
type stencil designs and achieved high resolution localization in
many practical scenarios. However, the resolution of EarCase is
also heavily influenced by design parameters such as the number
and distribution of holes and tubes in the stencils, the diameter
of the holes, and shape and size of the stencils. We provide an
initial exploration of how different combinations of these factors
can amplify the location-specific information embedded in acoustic
sound propagation through our mini-structures. Future work will
research how these design parameters can be further optimized
and study the trade-offs between different design choices.

Phone Case Material. We manufacture EarCase prototypes
using Nylon filament due to its tensile strength and low sound ab-
sorption. We also considered other candidate materials during our
prototyping process, including TPU and PLA plastic resins. Plastic-
based materials are popular in commercial products like phone
cases because of their flexibility. However, we find this flexibility to
be detrimental for building our small stencil designs, making them
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brittle and prone to collapse. The ideal material should have good
acoustic properties to ensure that sound can reflect through case
effectively. Additionally, the material should be durable enough
to protect the phone from everyday wear and tear, while also be-
ing visually appealing and affordable for consumers. We leave the
exploration of additional case materials for future work.

9 CONCLUSION
We proposed EarCase, a novel sound localization technique for
smartphones that utilizes a smartphone case equipped with mini-
structures to enhance the acoustic sensitivity of built-in micro-
phones. The core idea of our work is to surround the microphones
with well-designed stencils to alter the frequency responses of
sound waves such that precise location-based information can be
derived, similar to how the unique shape of human ears enables gen-
eral localization. We develop location-specific pattern extraction
techniques using only the audio recordings provided by built-in
smartphone microphones and manufacture physical prototypes of
our smartphone cases with mini-structures for commercial-off-the-
shelf devices. We demonstrate EarCase can localize the origin of
multiple sound source types in real-world conditions with 96% accu-
racy. We believe our findings have the potential to greatly enhance
the quality-of-life of people with hearing loss.
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