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Abstract

Acoustic sensing is a new sensing modality that senses the contexts of human tar-

gets and our surroundings using acoustic signals. It becomes a hot topic in both

academia and industry owing to its finer sensing granularity and the wide availabil-

ity of microphone and speaker on commodity devices. While prior studies focused

on addressing well-known challenges such as increasing the limited sensing range and

enabling multi-target sensing, we propose a novel scheme to leverage the non-linearity

distortion of microphones to further boost the sensing granularity. Specifically, we

observe the existence of the non-linear signal generated by the direct path signal

and target reflection signal. We mathematically show that the non-linear chirp sig-

nal amplifies the phase variations and this property can be utilized to improve the

granularity of acoustic sensing. Experiment results show that, by properly leveraging

the hardware non-linearity, the amplitude estimation error for sub-millimeter-level

vibration can be reduced from 0.137 mm to 0.029 mm.
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Chapter 1

Introduction

Acoustic sensing, as a new sensing modality, has attracted a tremendous amount

of attention in recent years. The research community has devoted a lot of ef-

forts to pushing the boundaries of acoustic sensing such as increasing the sensing

range [LLLX22,MWS+19,MSWQ20], and improving the sensing capability from a

single target to multiple targets [LLLX20,WSC+21, ZCY21]. In this paper, for the

first time, we demonstrate the possibility of boosting the sensing granularity by ex-

ploiting the non-linearity on commodity devices such as smartphones.

To achieve fine-grained sensing, the received signal is visualized on the complex

plane [LLLX22, SYY+20, ZWJ+20,WLS16]. As shown in Figure 1.1(a), the static

path vector is the resultant of the direct path from the speaker to microphone and

the reflections from the static objects (e.g., a wall), while the dynamic path vector

is the reflection from the moving target (e.g., a vibration machine). For a subtle

movement such as vibration, the dynamic path vector rotates with respect to the

static path vector as shown in Figure 1.1(b).

Phase variations are extracted from the I/Q trajectory to derive the fine-grained

movement information such as displacement [WLS16]. As shown in Figure 1.1, due

to the existence of static path, the phase variations directly extracted from the coor-

dinate origin are inaccurate. To address this issue, prior studies [LLLX22,SYY+20,

LLWX21] propose to estimate the position of the arc center by circle-fitting the I/Q
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Figure 1.1: The illustration of phase variations caused by the target movement,
e.g., machine vibration.

trajectory and then extract accurate phase variations from the arc center. A larger

phase variation leads to a better sensing performance [JGH+20]. From Figure 1.2(a)

and Figure 1.2(b), we can observe that, a longer I/Q trajectory can provide more ac-

curate estimation of the arc center, and accordingly, more accurate phase extraction.

The length of the I/Q trajectory (i.e., the arc) reduces when the target movement

distance decreases, resulting in limited sensing granularity for prior studies [LLLX22,

WLS16,LLWX21,ZWJ+20,SYY+20]. Based on the relationship between the amount

of phase variation ∆ϕ and the target displacement ∆d, i.e., ∆ϕ = 4πf∆d
c

[LLLX22,

WXW17], the length of the I/Q trajectory is proportional to the frequency of the

transmitted signal f given the same amount of displacement.

Therefore, one näıve way to improve the sensing granularity is to increase the

frequency of the transmitted signal. However, the constrained sampling rate on

2
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Figure 1.2: Phase variations of (a) large movements, (b) small movements, and (c)
small movements when estimated by the intermodulated signal.
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Figure 1.3: The illustration of the third-order intermodulated signal generated by
the direct path signal and target reflection signal.

commodity devices, i.e., 48 kHz, only supports a maximum frequency of 24 kHz

according to Nyquist sampling theorem, which is not sufficient for accurately sensing

sub-millimeter-level movement. For example, if the target moves at a displacement

of 0.1 mm, the induced phase variation is only 5, which is too small to be accurately

measured due to noise.

To break the limit of the constrained sampling rate, we propose a novel solu-

tion to boost the sensing granularity by exploiting the non-linearity of commodity

devices. The non-linearity generally exists in the components of speakers and micro-

phones on commodity devices such as amplifier and diaphragm [RHRC17,ZYJ+17].

It introduces the intermodulation distortion at the received signal, which creates

additional signals at high-order intermodulation frequencies (i.e., the sum and differ-

ence of the original frequencies) [Wik22]. Prior studies have shown the feasibility of

enabling new applications in security and communication domains by exploiting the

second-order intermodulation [RHRC17,ZYJ+17]. For example, they play two high-

frequency tones (e.g., 40 kHz and 50 kHz) that humans cannot hear using ultrasound

speakers. The two high-frequency sounds can create a low-frequency intermodulated

signal (i.e., 10 kHz) due to the hardware non-linearity.
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Different from prior studies [RHRC17, ZYJ+17], we obtain an interesting obser-

vation when sensing with chirp acoustic signals, i.e., the third-order intermodulation

can significantly boost the sensing granularity. More specifically, the received signal

at the microphone is the superimposition of the direct path from the speaker and the

reflection paths from the surrounding objects. As shown in Figure 1.3, due to various

signal propagation delays, the frequencies of direct path signal and target reflection

signal are different. This provides the prerequisite for creating the third-order and

higher-order intermodulated signals on hardware. Through both mathematical anal-

ysis and experiment verification, we find that the generated intermodulated signals

can result in phase variations that are multiple times larger than those at the original

signal. As shown in Figure 1.2(b) and Figure 1.2(c), for the same amount of move-

ment, the induced phase variations at the intermodulated signal are much larger than

those at the original signal. Therefore, the intermodulated signal can obtain more

accurate arc center estimate, and thus, more accurate phase variation for sensing.

To verify the observation, we perform experiments on ReSpeaker platform and five

different brands of smartphones. We summarize our preliminary findings below:

• The intermodulated signal generally exists on the tested devices. However, the

amplification of phase variations varies across devices.

• Besides the 3rd-order intermodulated signal, the 5th-order and 7th-order inter-

modulated signals can also be observed. Although a higher-order intermodu-

lated signal can result in larger phase variations, its strength is weaker. The

intermodulated signal with a suitable order should be selected for good sensing

performance.

• We implement the vibration measurement prototype on both ReSpeaker plat-

form and smartphones. Experiments show that we can achieve accurate vi-

5



bration amplitude measurement on all the tested devices. The accuracy of

sub-millimeter-level vibration sensing is improved from 0.137 mm to 0.029 mm.

• We analyze the factors impacting the sensing performance for intermodulated

signal, including distance, target material, and device diversity. We find that

the sensing performance is significantly impacted by the intensity of the input

signal at the microphone.
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Chapter 2

Preliminary

2.1 Chirp-based Acoustic Sensing

Chirp signal is widely adopted in acoustic sensing. As shown in Figure 2.1, it is

a frequency-modulated sine wave, whose frequency sweeps linearly over time. The

chirp signal transmitted by the speaker can be represented as

ST (t) = cos (2π(f0t+
B

2T
t2)), (2.1)

where f0 is the beginning frequency, T is the chirp duration, and B is the bandwidth.

The received signal reflected from the target is a delayed version of the transmitted

signal, which can be denoted as

SR(t) = α cos (2π(f0(t− τ) +
B

2T
(t− τ)2)), (2.2)

Time

A
m

p
lit

u
d

e

Time

A
m

p
lit

u
d

e

𝜏

T

TX chirp RX chirp IF signal

B

Time

F
re

q
u

e
n

c
y

Time

F
re

q
u

e
n

c
y

𝜏

𝑓0

𝑓𝑑

Figure 2.1: The transmitted signal (TX), received signal (RX) and intermediate
frequency signal (IF).
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where α is an amplitude attenuation factor, and τ is the time-of-flight (ToF) in the

air.

Then we multiply the received signal (RX) with the transmitted signal (TX) to

derive the intermediate frequency (IF) signal that contains the phase information for

subtle movement. After applying a low-pass filter, the IF signal becomes

SIF (t) =
1

2
α cos(2π

B

T
tτ + 2πf0τ − πB

T
τ 2)

=
1

2
α cos(2πfdt+ ϕd),

(2.3)

where fd =
B
T
τ is the beat frequency computed by the frequency difference between

the transmitted signal and received signal. ϕd = 2πf0τ − πB
T
τ 2 ≈ 2πf0τ is the

initial phase. The approximation is based on the fact that 2πf0τ is usually two

orders of magnitude larger than πB
T
τ 2 due to the very small value of τ . Suppose

that the distance between the device and target is d, the ToF τ can be computed

as the round-trip distance divided by the signal speed in air c, i.e., 2d
c
. Therefore,

the initial phase can be further denoted as ϕd = 4πf0d
c

. If the target displacement

is ∆d, the phase variations caused by the target movement can be computed as

∆ϕ = 4πf0(d+∆d)
c

− 4πf0d
c

= 4πf0∆d
c

.

2.2 Non-linearity on Commodity Devices

Prior studies [RHRC17,ZYJ+17] have shown that the components in a microphone

can cause non-linear distortion at the received signal. Specifically, if the received

signal reflected from the target is Sin, the output signal Sout after passing through

8



the microphone can be represented as

Sout =
∞∑
i=1

kiS
i
in

= k1Sin + k2S
2
in + k3S

3
in + k4S

4
in + ...,

(2.4)

where ki is the non-linear coefficient for the ith term. The higher-order term is

weaker as the order of distortion increases. Except for the first-order term, all of

the remaining terms, i.e., the second-order term, the third-order term, etc., are non-

linear distortions. In this paper, we mainly exploit the third-order term to boost the

sensing granularity.

9



Chapter 3

Mathematical Derivation

3.1 Mathematical Derivation

The received signal at the microphone is a superimposition of multiple paths, includ-

ing the direct path and reflection paths from the surrounding objects. We observe

that the third-order and even higher-order intermodulation between the direct path

and reflection path from the target can be exploited to boost the sensing granularity.

Next we mathematically prove this observation by taking the third-order intermod-

ulated signal as the example.

According to Equation (2.2), the direct path signal S1(t) can be represented as

S1(t) = α1 cos (2π(f0(t− τ1) +
B

2T
(t− τ1)

2)). (3.1)

To remove the delay caused by the operating system, we align the received signal

with the direct path signal [ZWJ+20]. Thus, Equation (3.1) can be further simplified

as

S1(t
′) = α1 cos (2πf1t

′), (3.2)

where t′ = t− τ1 denotes the alignment operation, and we simplify S1(t
′) as a single-

frequency signal whose frequency is f1 = f0 +
B
T
t′. Similarly, we can denote the

10



reflection path signal from the target S2(t
′) as

S2(t
′) = α2 cos (2πf2(t

′ − τ ′2)). (3.3)

where τ ′2 = τ2 − τ1 is the ToF of the reflection path signal after the alignment, and

f2 equals to f0 +
B
2T
(t′ − τ ′2). For simplicity, we denote S1(t

′) as S1 and S2(t
′) as S2

hereafter. By substituting S1 + S2 into the third-order term of Equation (2.4), we

can obtain

k3(S1 + S2)
3

=k3S
3
1 + 3k3S

2
1S2 + 3k3S1S

2
2 + k3S

3
2 .

(3.4)

According to the power-reduction formula, k3S
3
1 can be expanded as the sum of

two terms, i.e., 3
4
k3α

3
1 cos(2πf1t

′) and 1
4
k3α

3
1 cos(2π · 3f1 · t′). The first term is the

attenuated version of the direct path signal, and the second term will be filtered

out since its frequency is much higher than the cut-off frequency of the microphone

filter. The expansion of k3S
3
2 is the same as k3S

3
1 . Therefore, no extra frequency

components are introduced for both k3S
3
1 and k3S

3
2 .

In the following, we analyze the remaining terms, i.e., 3k3S
2
1S2 and 3k3S1S

2
2 . Using

the power-reduction formula and product-to-sum identity, 3k3S
2
1S2 can be expanded

as the sum of three terms, i.e., 3
2
k3α

2
1α2 cos(2πf2(t

′ − τ ′2)),
3
4
k3α

2
1α2 cos(2π · (2f1 +

f2) · t′ − 2πf2τ
′
2), and

3
4
k3α

2
1α2 cos(2π · (2f1 − f2) · t′ + 2πf2τ

′
2). The first term is the

attenuated version of the target reflection, and the second term will be filtered out

since it lies outside the microphone’s cut-off frequency. It is worth noting that the

third term is the newly-introduced component at frequency 2f1 − f2, which is kept.

We denote the third term as SR
2f1−f2

hereafter. Similarly, 3k3S1S
2
2 also introduces a

new component at frequency 2f2 − f1.

11



Raspberry Pi 4

ReSpeaker

microphone board

Speaker

(a) ReSpeaker platform.

Linear guide slide
Sensing device

Target

(b) Sensing scenario.

Figure 3.1: Experiment setup.
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Now we derive the intermediate frequency signals of the two newly-introduced

components. Since the received signal is aligned with the direct path signal, we

multiply the aligned signal with a delayed version of the transmitted signal whose

ToF equals to that of the direct path signal SDT = cos (2π(f0(t− τ1) +
B
2T
(t− τ1)

2)).

Using the product-to-sum identity and a low-pass filter, we can obtain

SIF
2f1−f2

+ SIF
2f2−f1

=SDT · SR
2f1−f2

+ SDT · SR
2f2−f1

=
3

8
k3α

2
1α2 cos(2πf

′
dt+ ϕ′

d)+

3

8
k3α1α

2
2 cos(2π · 2f ′

d · t+ 2ϕ′
d),

(3.5)

where f ′
d =

B
T
(τ2−τ1) and ϕ′

d = 2πf0(τ2−τ1). The first term SIF
2f1−f2

is the attenuated

version of the original intermediate frequency signal for the reflection path. Compared

with the original intermediate frequency signal, the resulted intermodulated signal

for the second term SIF
2f2−f1

has two properties: (i) The beat frequency is twice larger

than that of the original beat frequency; (ii) The phase variations are also twice larger

than those of the original phase variations. Larger phase variations can provide better

estimation of the arc center in the I/Q plane, and thus, yield more accurate phase

extraction. We name the second term SIF
2f2−f1

as the 3rd-order intermediate frequency

(IF) signal hereafter. Similarly, we can obtain the 5th-order IF signal and 7th-order

IF signal as SIF
3f2−2f1

and SIF
4f2−3f1

, respectively.

In a multipath-prevalent environment, besides the target reflection, there are re-

flections from other surrounding objects, resulting in a large number of potential

intermodulated signals. However, most of the intermodulated signals are too weak

to be detected. The strength of the intermodulated signal is proportional to the

strength of the two signals that generate it. The intermodulated signals from two

13



reflected signals are extremely weak and can be neglected. We only need to consider

the intermodulated signal when one of the two signals is the strong direct path signal.

Note that even if the strong direct path signal is involved, the intermodulated signal

is still very weak when the other signal is reflected from an object at a distance.

Therefore, only a limited number of intermodulated signals are strong enough to be

detected.

14



Chapter 4

Implementation

We implement our proposed system on the ReSpeaker platform and five different

brands of smartphones. The received acoustic signals are analyzed in MATLAB

using a laptop. To sense the fine-grained movement, we first estimate the target

range bin corresponding to the original signal. Then we identify the target range

bin corresponding to the non-linear IF signal by multiplying the beat frequency by a

factor of o+1
2
, where o is the intermodulation order. For example, we multiply 2 for

the 3rd-order IF signal. At last, we extract the phase variations of the non-linear IF

signal and utilize it to sense the fine-grained target movement.

Sensing Devices. We evaluate the performance of our proposed idea using a

ReSpeaker 4-mic Linear Array board [See22b]. The microphone board and a general-

purpose speaker are connected with Raspberry Pi 4 that controls the transmission and

reception of acoustic signals, as shown in Figure ??. Note that only one microphone

is used for sensing. To verify the generalizability, we also conduct experiments using

ReSpeaker

Original IF

3rd-order IF

Q

O I

Q

O I

Q

O I

Q

O I

Q

O I

Q

O I

iPhone12 iPhone6 Pixel 4 Galaxy S9+ Sony Xperia

Q

O I

Q

O I

Q

O I

Q

O I

Q

O I

Q

O I

Figure 4.1: The illustration of IQ signals computed from the original IF signal and
3rd-order IF signal for different devices.
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Figure 4.2: The comparison of IQ signals computed from the original IF signal and
high-order IF signals.

five smartphones, including iPhone 12, iPhone 6, Pixel 4, Samsung Galaxy S9+ and

Sony Xperia G3423.

Sensing Signals. The chirp signal adopted for the ReSpeaker microphone

platform sweeps from 20 kHz to 22 kHz. Due to the poor high-frequency re-

sponse [TBS18], we configure the frequency of the chirp signal on smartphones from

16 kHz to 18 kHz. The duration of the chirp signal is set to 40 ms, and the chirp

signal is sampled at 48 kHz.

Vibration System. To mimic subtle movement, we place the target on a linear

slide that has a precision of 0.05 mm as shown in Figure ??. Unless otherwise

specified, we adopt the hand-sized cardboard as the target, and the distance between

the device and target is set to 0.2 m.

16



Chapter 5

Evaluation

This section evaluates the performance of our proposed idea. We estimate the am-

plitude of each vibration, i.e., the maximum displacement that the target moves. We

measure 15 vibrations for each trial and perform 10 trials for each setup.

5.1 Device Generalizability

We configure the slide to vibrate the target with an amplitude of 2.5 mm. Figure 4.1

displays the extracted IQ signals computed from both the original IF signal and

3rd-order IF signal. We can observe that the amounts of non-linear distortions vary

across devices.

5.2 Higher-order IF Signal

Figure 4.2 compares IQ signals computed from the original IF signal and non-linear

IF signals for the ReSpeaker platform. We can observe that the strength of the non-

linear IF signal decreases as the order increases, which is consistent with our analysis

in Sec. 3.1. Despite the non-linear IF signal is much weaker, we can still identify the

amplified phase variations caused by the subtle movement.

17



5.3 Overall Performance

We conduct experiments to compare the performance of the original IF signal and

3rd-order IF signal. We adopt the relative error ratio as the evaluation metric, which

is defined as the ratio of the absolute amplitude error to the vibration amplitude.

Figure 5.1(a) and Figure 5.1(b) show the results for the ReSpeaker platform and

iPhone 12, respectively. We can observe that the 3rd-order IF signal outperforms the

original IF signal when the vibration amplitude decreases, indicating the effectiveness

of boosting the sensing granularity. The amplitude estimation error for iPhone 12 is

larger than that for the ReSpeaker platform due to larger hardware noise.

5.4 Impacting Factors

Impact of Distance. To evaluate how our proposed system works at various dis-

tances, we vary the distance between the sensing device (i.e., iPhone 12) and moving

target (i.e., cardboard) from 0.15 m to 0.5 m. The vibration amplitude of the moving

target is set to 0.75 mm. We adopt the absolute amplitude error as the evaluation

metric here.

From Figure 5.2(a), we can observe that, when the target is close to the sensing

device, i.e., 0.15 m and 0.2 m, the 3rd-order IF signal performs better than the

original IF signal. At 0.15 m, the median absolute amplitude error is reduced from

0.137 mm to 0.029 mm. However, as the distance increases, the original IF signal

outperforms the 3rd-order IF signal. This is because when the distance between the

device and target increases, the strength of the 3rd-order IF signal decreases much

faster than that of the original IF signal.

We also plot the absolute amplitude errors for the 5th-order IF signal and 7th-

18
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Figure 5.1: The overall performance comparison.
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order IF signal in Figure 5.2(a). We can observe that, when the target is close to the

device, both of them can accurately estimate the amplitude. However, as the distance

increases, the high-order IF signal is too weak to be detected. Another observation is

that a higher-order IF signal (e.g., 7th-order) actually results in a poorer performance

because the intermodulated signal is too weak to be utilized for sensing.

Impact of Reflection Material. We evaluate the performance of our proposed

system when objects made of different materials are used as the target. The distance

between the device and target is set to 0.15 m, and the vibration amplitude is set to

0.75 mm. Figure 5.2(b) plots the absolute amplitude errors for the original IF signal

and 3rd-order IF signal. We can observe that the performance for both signals varies

across reflection materials. The reason is that the strength of the reflected signal

varies across materials. For example, the signal reflected by the glass is stronger

than that reflected by the towel due to the smooth surface. The strengths of the IF

signals are both proportional to that of the reflected signal, resulting in performance

variation across materials.

20



(a) Distance.
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Figure 5.2: The impacting factors.
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Chapter 6

Related Works

Recent years have witnessed an increasing interest in employing acoustic signals for

human and environment sensing [CZL+19, GLL+22, LCLX22, MWS+19, RHRC17,

WWZ+22,WG19, ZWZ+21]. Compared to other sensing modalities such as WiFi

sensing, acoustic sensing can achieve a finer granularity owing to the low speed of

acoustic signal in the air. Chirp signal is widely adopted for acoustic sensing due

to its excellent performance against multipath and noise [CZL22]. Existing stud-

ies focus on improving the performance of acoustic sensing in three directions, i.e.,

longer sensing range [LLLX22,LLW+22,MSWQ20,MWS+19], finer sensing granular-

ity [LLWX21,QWX+18, ZWJ+20] and simultaneous multi-target sensing [LLLX20].

Our work falls in the second direction and is the first one to exploit the microphone

non-linearity to boost the sensing granularity.

Intermodulated signal is produced by the non-linearity distortion from micro-

phones, which has been adopted by prior studies to enable applications in localiza-

tion [ALYG20, LAY19], communication [RHRC17, BLL+20] and security [RSHC18,

ZYJ+17]. Instead, the work exploits the intermodulated signal for sensing purposes.
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Chapter 7

Discussion

Limited sensing range. Due to weak target reflection, the sensing range for acous-

tic signals is limited [LLLX22,MWS+19]. The strength of our adopted intermodu-

lated signal is even weaker than that of the target reflection signal, which further

reduces the sensing range of our proposed system. One potential solution is to in-

crease the strength of the target reflection through spatial beamforming. In this

paper, we trade off sensing range for higher sensing granularity. When we care more

about the sensing granularity than the sensing range, the proposed method can be

adopted.

Audible sensing signal. Speakers and microphones are primarily optimized

for human voices and musics whose frequencies are usually below 4 kHz [ZWJ+20].

Therefore, commodity smartphones have good frequency responses in the audible fre-

quency ranges but have poor frequency responses in the inaudible frequency ranges [TBS18].

This work adopts the audible chirp (i.e., 16 kHz − 18 kHz) as the sensing signal.

One potential solution to alleviate the audible noise is to mask the audible sensing

signal with white noise [WSG19,LCLX22,CCP+20].
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Chapter 8

Conclusion

Recent years have witnessed an increasing interest in employing acoustic signals for

human and environment sensing [CZL+19, GLL+22, LCLX22, MWS+19, RHRC17,

WWZ+22,WG19, ZWZ+21]. Compared to other sensing modalities such as WiFi

sensing, acoustic sensing can achieve a finer granularity owing to the low speed of

acoustic signal in the air. Chirp signal is widely adopted for acoustic sensing due

to its excellent performance against multipath and noise [CZL22]. Existing stud-

ies focus on improving the performance of acoustic sensing in three directions, i.e.,

longer sensing range [LLLX22,LLW+22,MSWQ20,MWS+19], finer sensing granular-

ity [LLWX21,QWX+18, ZWJ+20] and simultaneous multi-target sensing [LLLX20].

Our work falls in the second direction and is the first one to exploit the microphone

non-linearity to boost the sensing granularity.

Intermodulated signal is produced by the non-linearity distortion from micro-

phones, which has been adopted by prior studies to enable applications in localiza-

tion [ALYG20, LAY19], communication [RHRC17, BLL+20] and security [RSHC18,

ZYJ+17]. Instead, the work exploits the intermodulated signal for sensing pur-

poses.
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