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Figure 1: Users perform voice input using ProxiMic on a variety of devices, keeping the microphones close to their mouths.

ABSTRACT

Wake-up-free techniques (e.g., Raise-to-Speak) are important for
improving the voice input experience. We present ProxiMic, a close-
to-mic (within 5 cm) speech sensing technique using only one
microphone. With ProxiMic, a user keeps a microphone-embedded
device close to the mouth and speaks directly to the device without
wake-up phrases or button presses. To detect close-to-mic speech,
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we use the feature from pop noise observed when a user speaks
and blows air onto the microphone. Sound input is first passed
through a low-pass adaptive threshold filter, then analyzed by a
CNN which detects subtle close-to-mic features (mainly pop noise).
Our two-stage algorithm can achieve 94.1% activation recall, 12.3
False Accepts per Week per User (FAWU) with 68 KB memory size,
which can run at 352 fps on the smartphone. The user study shows
that ProxiMic is efficient, user-friendly, and practical.

CCS CONCEPTS

+ Human-centered computing — Human computer interac-
tion (HCI); Interaction techniques; Sound-based input / output.
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1 INTRODUCTION

Voice interaction is convenient, efficient, and intuitive, and there-
fore users complete a variety of tasks via voice input, including
communication, text entry, and issuing commands [20, 23, 30, 31].
Despite its wide adoption, voice input still faces three challenges.
First, the voice wake-up process can be lengthy. Second, such in-
teraction can be tedious and annoying especially during multiple
rounds of voice input. Third, users risk exposing their privacy as
their voices may be overheard or eavesdropped by a third party.

Previous work has attempted to address each of the individual
challenges above. Raise to Speak[52], PrivateTalk [47] and Prox-
iTalk [49] use a variety of sensors and device-related gestures to
shorten the wake-up time for specific devices. However, these tech-
niques are limited in their application by their requirements for
multiple sensors or specific device form factors. For multiple rounds
of dialogue, voice input without repeated wake-up and interruption
while listening and speaking at any time is still a challenging prob-
lem. Some existing works attempt to remedy this by using semantic
understanding or sentiment analysis [27, 48], but it still cannot be
completely solved due to the complexity of natural language. To
address privacy issues, some prior work addressed how to perform
completely silent speech, which means speaking but no sound is
made [10, 18, 19]. However, due to the complex device requirements
and limited distinguishable phrase set it supported, silent speech
has not yet been popularized.

We propose ProxiMic, a novel and low-cost input method that
provides a solution to the above three challenges simultaneously
by accurately detecting close-to-mic (within 5 cm) human voice.
As shown in Figure 1, with ProxiMic, a user can position any
microphone-embedded device close to the mouth, start speaking
directly without wake-up phrases. By recognizing close-to-mic
speech, ProxiMic can conveniently support multiple rounds of dia-
logue and interruption while speaking. In addition, ProxiMic sup-
ports whispering (speaking without vibrating the vocal-fold; airflow
only), which can protect privacy.

To detect close-to-mic speech, we use a Convolutional Neural
Network (CNN) to capture subtle close-to-mic features, especially
consonants with pop noise. Pop noise caused by air being blown
onto the microphone while speaking (e.g., most English words
containing "b,c,d,f;j,k,1p,q,1,s,t,v,w,x,y,2" generate such airflow, and
this airflow will generate a surge of amplitude of the audio signal).
In addition, considering the high amplitude of pop noise, we design
an Adaptive Amplitude Threshold Trigger (AATT) to filter out
daily noise to reduce CNN calculation. The AATT+CNN two-stage
detection pipeline allows us to recognize close-to-mic speeches
with high accuracy, low power consumption, and low memory
utilization.

We conducted three studies to test the performance and usability
of ProxiMic.
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In Study 1, we created data sets of four audio types from 102
users on 55 devices and 49 different environments. We tested the
performance of ProxiMic to reject false positives and recognize
close-to-mic speeches on this data set. Key performance metrics for
ProxiMic are comparable to that of Raise to Speak [52], with 94.1%
activate recall and 12.3 False Accepts per Week per User (FAWU).

In study 2, we conducted a preliminary user study to test the
influence of different factors. A white box analysis of the inter-
pretability of our CNN model shows that the model has indeed
learned the joint features of pop-noise and human voice. We also
conducted an ASR accuracy test, which verified that pop-noise did
not interfere with speech recognition. Then we tested different form
factors to analyze the generalizability of the algorithm. In terms
of privacy, we verified that close-to-mic whispering which can be
effectively recognized by ProxiMic is a private and effective voice
input method, which can hardly be heard by other eavesdroppers.

Finally, in study 3, we conducted a comparison user study to
evaluate the user experience of ProxiMic. Results show that users
consider ProxiMic to be efficient, user-friendly, and practical com-
pared to baseline activation methods.

In sum, there are three main contributions in this paper:

(1) We proposed a novel wake-up-free method that doesn’t re-
quire special gestures and complex sensors and can be de-
ployed on various forms of handheld and wearable devices.

(2) We specifically designed a two-stage algorithm for close-
to-mic speech recognition. By utilizing subtle close-to-mic
features (mainly pop noise), ProxiMic provides a low-power,
feasible, and practicable solution to voice activation.

(3) We evaluated various boundary performances and user feed-
back of ProxiMic, which provide guidance for the deploy-
ment of real applications.

2 RELATED WORK
2.1 Activating Voice Input

Using sensors to detect voice input events has been well studied.
In the early years, voice activity detection (VAD) algorithms have
been developed to detect the presence of human speech [32, 41,
43]. The use of sound signals can detect the occurrence of various
events [9, 28, 38]. Thanks to the robustness of Key Word Spotting
(KWS) technology, the wake-up phrase as a significant event is
used as the conventional activation method of voice assistants
[12, 22, 39, 50]. However, because the wake-up phrase still faces
problems such as cumbersome interaction, privacy, and security, the
interest of researchers in recent years has gradually been attracted
by various activation methods. Gaze wake-up is used for devices
with relatively fixed positions, such as in-vehicles, smart speakers,
etc. The user wakes up the voice input by looking at the device when
speaking [26, 33]. PrivateTalk detects the hand pose of covering the
mouth from one side to activate voice input for bluetooth earbuds
[47]. FaceSight [46] deployed a camera on glasses to recognize the
cover-mouth gesture to activate voice input in the AR scenario.
Apple introduced a Raise to Speak feature to support wake-up-
free activation for smartwatches [1, 52] which requires 4 inches of
vertical wrist movement. ProxiTalk [49] comprehensively uses the
signals of the camera, IMU, and two microphones to implement the
robust voice activation system for smartphone. Different from all
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the above, ProxiMic uses only one microphone and close-to-mic
speech to perform voice input without wake-up phrase.

2.2 Privacy and Security of Voice Input

Inconvenience of privacy risks is the important concern with voice
input. Especially in public places, users are not inclined to use voice
input [8]. Therefore, silent voice interface has become a direction
of research. In order to achieve silent speech, researchers have
proposed many methods such as Brain-Computer-Interface (BCI)
[5,29], and electromyography (EMG) [7, 18]. Sun et als Lip-Interact
[42] repurposes the front camera of smartphone to capture the
user’s mouth movements and recognize 44 issued commands with
an end-to-end deep learning model. AlterEgo [18] allows a user to
silently converse with a computing device without any voice or any
discernible movements by facial neuromuscular input. SottoVoce
[19] uses a skin-contact ultrasonic sensor at the larynx to recognize
tongue movements to achieve silent speech. EchoWhisper [11]
leverages the Doppler shift of reflection of near-ultrasound sound
waves caused by the mouth and tongue movements to recognize
45 words. SilentVoice [10] uses a device close to the mouth and
adopts ingressive speech for silent voice input to ensure privacy, and
recognizes the voice content only by the airflow sound generated by
inhalation. Different from the above-mentioned methods, ProxiMic
doesn’t seek completely silent speech. We hope to use an acceptable
ultra-small volume from whispering to realize the voice interaction
with a large word set for various everyday devices.

2.3 Close-to-Mic Speech Detection

The core of ProxiMic is to determine whether the source of the
voice signal is close enough to the device. Shiota et al. [36, 37] used
pop noise as a feature in voice liveness detection (VLD), which
can be used to classify whether a given segment of human speech
was spoken by a real person. We use the feature of pop noise too
and further push it to voice activation techniques. We focus on the

robustness of complex environments with low power consumption.

Some works use mic-array to localize the sound source [6, 21, 34,
35, 44, 45]. But for handheld and wearable devices, deploying the
microphone array seems to be expensive. For the setting of two
microphones, Volume Difference and Time Difference is the mainly
methods to estimate the vocal distance [2, 3, 14]. ProxiTalk [49]
has studied the distance classification task of smartphones with
dual microphones. Because of the significant volume difference,
it is usually easy to determine which one of the microphones is
the sound source close to, but determining whether the sound
source is close-to-mic (within 5 c¢m) is also challenging. Due to
its simple hardware and easy deployment in embedded devices,
the distance measurement method based on a single microphone
has gradually attracted the interest of researchers in recent years
[13]. In this work, we focus on single microphone, which can be
applicable to various devices. We also believe that for the existing
multi-microphone systems or devices with multi-sensors (e.g., IMU,
camera, and proximity), we can get better close-to-mic detection
performance by additionally using the unique features we utilized
and the two-stage algorithm we presented.
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3 SIGNAL ANALYSIS OF CLOSE-TO-MIC
SPEECH

We conducted a pilot study to understand the characteristics of
close-to-mic speech. We specifically looked for features that showed
potential to be easily computed on performance- and energy- con-
strained devices, while achieving high accuracy at the same time.
We found two promising features, namely sound amplitude and
spectrogram characteristics of pop noise, which we detail below.

3.1 Collecting Audio Samples

We recruited three participants from the university campus for this
study. For each participant, we conducted the experiment in eight
different environments and we asked them to speak close to an
on-device microphone while we collected data for their close-to-
mic speech. Nowadays, almost all of the microphones of wearable
devices and handheld devices are Electret Condenser Microphone
(ECM) or Micro-Electro-Mechanical System (MEMS) which have
similar acoustic characteristics, so in this study, we choose the
internal microphone (MEMS) of a Huawei P30 smartphone for
recording voice command.

3.2 Sound Amplitude Characteristics

By plotting the waveforms of recorded speech, we observe higher
amplitudes when a person is speaking than that of background
noise at all distances, but this is especially prominent for speech
recorded at 2 cm from the microphone (Figure 2). This is because
of the proximity of the sound source, as well as the presence of pop
noise. Pop noise is produced when the weak airflow is generated
by speaking causes strong vibrations in the microphone diaphragm
nearby, which translates to high amplitudes in the audio signal.

We then compare the amplitudes of speech with environmental
noises (Figure 3). Again, close-to-mic speech within 5 cm produced
higher amplitudes than that of all other noisy environments we
sampled.

3.3 Spectrogram Characteristics

Spectrogram is the spectrum of frequencies of a signal as it varies
with time, and it is an effective method for analyzing sound compo-
nents and timbre [16]. We plot the spectrogram for three types of
speech recorded in the hospital hall (Figure 4). The green to yellow
background color is mostly environmental noise.

On the left is a reference sample containing normal voice recorded
at a distance of 30 cm, where pop noise doesn’t appear. We note
that vocal patterns can be observed mainly between the 200-800 Hz
frequency range (colored in orange and red), and does not extend
below 100 Hz (green).

Pop noise can be clearly heard on the rest of the speech samples,
and shows clear distinction from the 30 cm reference sample. Both
samples captured at 2 cm show strong pop noise features, which are
the vertical spikes in the spectrogram extending from 0 to around
2000 Hz. In the close-up crops of the low-frequency range, the
difference between the reference sample and close-to-mic speech is
particularly prominent at around 50 Hz, as close-to-mic speech has
more energy in the low-frequency region. This is consistent with
Shiota et als observation [37].
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Figure 2: An user read ['d3iy tizen'tizen'ti:'zen'mo'jay] which
means "how is the weather today" at six different distances
with normal volume in a noisy hospital hall. Sound ampli-
tude is normalized between -1 and 1.
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Figure 3: The 90'" percentile amplitude with 10 ms of max-
imum filter in different settings, including speech. The am-
plitudes of close-to-mic speech at 2 cm and 5 cm are higher
than that of the loudest environment noises recorded.

When compared with normal voice at 2 cm, whispering, which
can be considered as pop noise and airflow only speech, is relatively
easy to distinguish due to its lack of 200-400 Hz vocals. This left
the red vertical spikes narrower on the bottom, with wider gaps in
between.

12 cm, whisper

=

4

. A WA L
T 5 6
H 200 Time (s)
Hz
0

2 T3
"

Figure 4: The spectrogram of ['dziy tisen'tizen't[i:'zen' mo jay)
(means "how is the weather today") at three different dis-
tances in a noisy hospital hall. From left to right, the indi-
cated segments were recorded at 30 cm with normal voice
(no pop noise), at 2 cm with normal voice (with strong pop
noise), and at 2 cm with whispering (only pop noise and air-
flow), respectively. 0-200 Hz close-ups are provided below to
illustrate low-frequency pop noise characteristics.

3.4 Design Implication

In light of the results from our feature analysis, we adopt a two-
stage approach to detect close-to-mic speech both accurately and
efficiently.

Qin, et al.

The first stage detector is based on the amplitude threshold. Due
to the high amplitude of close-to-mic speech, we identify potential
close-to-mic voice based on Adaptive Amplitude Threshold Trigger
(AATT) to effectively filter out low energy noise with minimal
calculation required. Due to the low-frequency characteristics of
pop noise, we use a low-pass filter to enhance the performance
of AATT. If the amplitude of audio signal exceeds the dynamic
threshold of AATT, ProxiMic will extract a one-second audio clip
and hand this raw signal input over to the second stage detector
for refined detection.

For the second stage detection, since pop noise has obvious spec-
trogram characteristics, we use the spectrogram-based Convolu-
tional Neural Network (CNN) for refined detection. Our white-box
analysis below verifies that CNN indeed recognized mainly pop
noise.

All of the features we observed extended well below 4 kHz. In
order to reduce power consumption and the usage of computing
resources, we limit our sampling rate to 8 kHz for the rest of this

paper.

4 THE PROXIMIC DETECTOR

We introduce the specific parameters and components of the two-
stage algorithm here.

4.1 Adaptive Amplitude Threshold Trigger

Adaptive Amplitude Threshold Trigger (AATT) identifies potential
close-to-mic speech by maintaining a threshold that matches the
noise level. According to pop-noise’s strong low-frequency char-
acteristics, the signal first passes through a first-order low-pass
filter with a cutoff frequency at 50 Hz. If the amplitude of audio
signal exceeds the dynamic threshold T, ProxiMic will extract a
one-second audio clip and hand this raw signal input over to the
CNN for refined detection. Figure 5 shows an example of the dy-
namic threshold and the high amplitude of close-to-mic speech
signal (2 cm) in a noisy environment.

1.0

0.5

0.0

-0.5

-1.0

0 50 100 150 200 250 300
Time (second)

Figure 5: Adaptive thresholding applied to a 300-second
sound sample recorded at a busy crossroad, where the noise
of cars and trucks can be heard constantly. A close-to-mic
speech (2 cm) is marked by a red dot. The green line repre-
sents the adaptive amplitude threshold. In 77.5% of the time,
background noise amplitude remains below the amplitude
threshold.

According to the output of CNN, we adjust the adaptive threshold
T according to Equation 1. According to our experimental results
below, we set the parameters Tjo.,, Thigh, Ajow, @ B, and y to
0.17, 0.8, 0.995, 0.01, 0.05, and 5 = 10~ respectively. This set of
parameters allows the threshold to remain stable for one minute
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in a noisy environment and return to the lowest level for up to 5
minutes in a quiet environment. In particular, to reduce the amount
of calculation, we always refresh the threshold T with a one-second
cycle instead of updating at 8 kHz.

Tiows accepted by CNN
Tiey1 = {min(Ag (Tx + @), Thign), rejected by CNN (1)
max(Ar T, Tiow)s reject by AATT
Alows accepted by CNN
Ap1 = VAr + (1 - Ap), rejected by CNN  (2)
max((1 — y)Ar, Ajow)s reject by AATT

4.2 CNN-Based Spectrogram Detector

In the second stage, we employ spectrogram features to determine
if a sound snippet is close-to-mic speech through a CNN classifier.
Whenever an audio segment passes the amplitude threshold in the
first stage, the CNN calculates features from a one-second audio
snippet centered around that audio segment, which is then passed
on to the CNN classifier. This leads to a 0.5s latency required for
CNN detection. Figure 6 shows the structure of the CNN-based
spectrogram detector model.

The CNN detector first extracts an 80 x 201 two-dimensional
time-frequency spectrogram of the one-second input signal (at
8 kHz sample rate) by Short-Time Fourier Transform (STFT). The
STFT window size is set to 20 ms, the hop length is set to 5 ms.
We apply the logarithmic transformation to the two-dimensional
time-frequency map generated by STFT.

To provide sufficient resolution at low frequencies, and to reduce
the computational overhead and improve the generalization ability
of the model, we utilize a low-frequency enhanced triangular filter
bank, which produces a 20 x 201 feature map. The center of the
triangular filter equals to the STFT center at the frequency lower
than 250 Hz, and at the frequency higher than 250 Hz, the filter
center is equidistantly distributed according to Mel Frequency.

The 20 x 201 feature map is the input to our CNN classifier. The
first layer of the CNN is a 1D convolution layer with 50 filters of size
3. The convolutions are along the temporal dimension, creating a
feature map of size 201 for each filter. The feature map is then passed
through a second similar convolutional layer, and a 100-dimensional
feature vector is obtained using global maximum pooling. The final
layers are fully connected layers with size 20 and a softmax layer. We
applied batch normalization [17] to the output of each convolution
layer. The CNN model uses the Adam optimizer with f; = 0.9
and f2 = 0.999. The model is trained for 10 epochs with a batch
size of 64 and constant learning rate of 0.001. The total number of
parameters of the CNN model is 20K, which takes 40 KB of disk
space.

The CNN-based spectrogram detector requires 3 ms of calcula-
tion (352 fps) on a Huawei P30 device with HiSilicon Kirin 980 CPU,
and the runtime memory footprint of the model is approximately
68 KB.
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5 STUDY 1: ALGORITHM EVALUATION

We collected three audio data sets in order to facilitate training and
evaluation of ProxiMic. They are the voice commands data set Dy,
the comprehensive environmental background noise data set Dy,
and the extended everyday sound data set Ds.

5.1 Participants

We recruited 102 participants for creating data set D;. 56 partici-
pants were female and 46 were male, and the mean age was 25.9
years old (SD = 8.1), ranging from 13 to 50. All participants speak
Mandarin Chinese fluently and regularly use smartphones. For ob-
taining data sets D, and D3, we did not recruit participants and
recorded it ourselves.

5.2 Apparatus

For creating data set Dj, We asked the participants to bring their
personal smartphones to the study. In total, the users brought 55
different phone models from various manufacturers. With the par-
ticipants’ permission, we recorded all audio samples using their
smartphones’ built-in sound recording application. All applications
recorded stereo (dual-channel) raw audio signals without additional
speech enhancement algorithms, such as multi-channel beamform-
ing, noise suppression as so on. We extracted the mono (single-
channel) raw signal from the main microphone, which was located
on the bottom of all smartphones. We normalized the gain differ-
ence between devices for both training and testing, which ensures
the direct superposition of noise and speech is correct.

We created a voice interaction command corpus by referring to
and summarizing the recommended command list of common voice
assistants. In total, our corpus included 476 sentences of 25 types
of interactive commands. Because of the participant demographics,
the corpus was designed in Mandarin Chinese.

For creating data set Dy and D3, we use Huawei P30, Honor
V20 smartphone to record the background noise audio and use
UMIK-1 microphone to record the environmental noise level (dB)
of different scenes.

5.3 Design and Procedure

For data set Dy, we included close-to-mic speech at different loud-
ness and close-to-mic whispers. Additionally, we included farther-
away but louder speech, which could be confused as close-to-mic
speech based on amplitudes alone.

We conducted our collection of data set D; in an acoustically
quiet lab setting. For each participant, we randomly shuffled the
corpus, and then divided it into four parts, each containing 119 sen-
tences. The experiment consisted four sessions corresponding to the
four parts. Each session was randomly assigned one of the following
four conditions: within 5 cm-loud, within 5 cm-soft, within 5 cm-
whisper, and 30 cm loud. For within 5 cm condition, we asked par-
ticipants to keep their mouth within 5 cm of the microphone. loud
means speaking at a normal and comfortable volume, soft means
deliberately lowering the volume and speaking softly and quietly
(vocal-fold vibration), and whisper means keeping their vocal-fold
silent (not vibrating and only airflow). For the 30 ¢cm condition,
we asked the participant to keep the microphone at least 30 cm
away from their mouth and to record normal and loud voices. Out
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Figure 6: Structure of CNN-based spectrogram detector.

of the 119 sentences of 30 cm condition, we specifically asked the
participant to shout at the same volume as “say hello to friends
20 meters away” for 20 of the sentences, chosen randomly. Each
session lasted around 15 minutes, and participants were allowed to
rest between the sessions. The experiment lasted about 70 minutes
in total. Data set D1, collected using the above protocol, contains
48552 Mandarin Chinese sentences, totaling 43.5 hours. The mean
of recording duration for each command is 2.99 seconds (SD = 0.95
s).

For data set Dy, we recorded background sounds in 49 different
environments for model training. These environments include air-
planes (78 dB), subways (70 dB), on car (66 dB), canteens (58 dB),
square (50 dB), office (45 dB), and so on. Each recording is more
than 5 minutes. The total duration for all recordings is 15 hours.

For data set D3, one of the researchers recorded audio continu-
ously in their everyday life with a Huawei Honor V20 smartphone.
The recording application was running in the background and
the user uses the smartphone and lives normally, such as eating,
watching movies, chat with others, playing games, typing on the
keyboard, taking the subway, going to the mall, riding a bicycle,
etc.. This data set includes 161 hours of long-term recordings and
doesn’t include any close-to-mic speech. In the data set, 10.3-hours
noise is stronger than 60 dB, 21.7-hours noise is stronger than 50 dB.
We use data set D3 to evaluate the False Accepts per Week per User
(FAWU) of the two-stage algorithm in real life.

5.4 Model Training

Since the background noise and the user’s voice are usually addition-
ally superimposed, for model training, we superimposed samples
from data sets D; and Dy to acquire a larger data augmentation
space. We randomly superimposed speech (D) and environmental
background sounds (D7) segments through a Poisson process with
A = 0.1. To augment training data set, we modulated the amplitude
of each sound segment from the data sets by a random amplification
factor of between 0.5-2.0 before superimposing. The episode was
divided into one-second frames for model training. The frame is

marked as a positive example if and only if it contained more than
0.5 seconds of close-to-mic speech signal.

We randomly selected 25% of the data as a verification set, and
performed 4-fold cross validation. Data from any same user or
same environment will not appear in both the training set and
the verification set. We used the same protocol for the rest of this
Evaluation section.

5.5 Real-world Performance Testing

In order to fully evaluate the contribution of each module of the
algorithm, we split the algorithm into four parts: (1) Only use AATT
without low-pass filter and CNN (AATT only), (2) AATT using
low-pass filtering without CNN (Lowpass+AATT), (3) Only use
CNN without AATT (CNN only), (4) Complete two-stage algorithm
(Lowpass+AATT+CNN). We choose four scenarios: quiet office
(45 dB), noisy canteen (58 dB), subway (70 dB) and daily recording
(161 hours data set Ds3) to evaluate the performance of the two-stage
algorithm in specific scenarios and average conditions. For three
specific scenarios, we used Huawei P30 to record background noise
for 15 minutes each. The SNR is around 37 dB, 24 dB, and 12 dB
for the three scenes respectively. We perform the algorithm on the
environmental background sound without any close-to-mic speech
to calculate FAWU, and add close-to-mic speech (D1) with equal
probability to test the average recall rate. It’s worth noting that
we estimate FAWU by assuming all times of the week are in the
corresponding scenario, but no one can be on the subway 24 hours.
FAWU is just a performance indicator in this study.

Results are shown in Table 1. We can find that the quieter the en-
vironment, the better the effect of AATT. At the same time, in quiet
environment, low-pass filter can effectively reduce the false accepts
of AATT. The CNN and AATT present complementary advantages
and performs well in the 161 hours daily data set. For relative low
recall rate of 78.6% in subway (70 dB), one main reason can be that
the quiet speeches in the data set are highly overwhelmed by the
environmental noise and hard to recognize. It is reasonable that
the volume of voice should be increased appropriately to obtain a
better signal-to-noise ratio in the noisy subway.
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Table 1: Recall and FAWU of different settings. ’/’ means there is no false accepts during the whole episode.

office (45dB) | canteen (58dB) | subway (70dB) | daily (161 hours)

Recall FAWU | Recall FAWU | Recall FAWU | Recall FAWU

AATT only 100% 14689 | 100% 9064.0 | 100% 28579.4 | 99.3% 2780.1
Lowpass+AATT 100% / 100%  3296.0 | 99.5% 70362.1 | 99.4% 1880.4

CNN only 98.6%

3930.5 | 96.2%
Lowpass+AATT+CNN | 98.6% / 96.2%

604.6 | 78.9% 241.8 94.7% 860.4
/ 78.6% / 94.1% 12.3

6 STUDY 2: UNDERSTANDING PROXIMIC

In order to understand the performance and boundaries of Prox-
iMic, we conducted four analysis: (1) white-box analysis of CNN,
(2) device variation test, (3) automatic speech recognition (ASR)
accuracy test with close-to-mic speech, (4) privacy of ProxiMic.

6.1 Interpretability of the CNN

In order to verify whether the CNN really captured the pop-noise
and other subtle close-to-mic features which humans can distin-
guish clearly, we collected an outdoor recording and calculated the
Saliency Map[40] and Occlusion Sensitivity Map[51]. As shown
in Figure 7, the recording contains four Chinese words (sounds
like ['tizen't[i:'tisen'tf1:]) means "weather, weather". The first two
words are recorded at 30 cm (without pop-noise). The last two
words are recorded at 2 cm (with pop-noise at 0.6s and 0.8s).

1.0

()

0.0

Time(s)

Figure 7: Explainable analysis of CNN. (a) Original signal. (b)
The input of CNN. (c) Saliency Map of CNN input. (d) Occlu-

sion Sensitivity Map of CNN input.
Sensitivity Map responds to the areas that CNN is most con-

cerned about. Figure 7 shows that the most sensitive part of CNN is
the pop-noise part of the third and fourth words (2 cm). There are
also some bright spots at the beginning of the second word and the
first word (30 cm), which means that if there is a pop-noise shape
(similar to the beginning of the third word), the probability of acti-
vation will increase significantly, in other words, high-energy noise
at other locations will not significantly increase the probability of
activation. In other words, it is effective for only pop-noise and
consonants to occur simultaneously.

For the Occlusion Sensitivity Map, we use a 5 X 10 gray rectangle
to cover a part of the spectrogram input and calculate the activation

probability. We can find from Figure 7 that only when the pop-
noise part of the third word is covered, the activation probability is
reduced to 45.8%. This is consistent with the intuition and training
data that CNN captures pop-noise and activates only if there are
close-to-mic features longer than around 0.5 seconds.

6.2 Performance Analysis on Different Form
Factors

In Study 1, we evaluated 55 types of ECM and MEMS microphones
of smartphone, and the result shows that ProxiMic is robust for
smartphone. In order to clarify the impact of more types of hard-
ware packaging on ProxiMic and the generalization ability of CNN,
we conducted this multi-device study. Unlike the smartphone mi-
crophone which has a wind tunnel with a diameter of about 1 mm,
we found three other types of devices for evaluation. (1) TicWatch2
smart watch, which has a microphone on the side and has a similar
air duct structure. (2) B&O Hé6 wired headphone. Its microphone
is on the headphone cable and is completely wrapped by a plastic
shell. (3) Aigo R6625 recording pen, which has an ECM with a di-
ameter of about 7 mm at the top and is wrapped by a 5 mm thick
windproof sponge.

Table 2: Recall rate on different devices

Devices phone watch headphone pen

Recall  98.6% 98.9% 78.6% 85.1%

We collected 119 close-to-mic speech (within 5 cm) from smart-
phones, smart watch, headphones and recorder pen in quiet envi-
ronment respectively. Table 2 shows the four recall rate of devices.
The recall of the smartphone and the smartwatch is similar because
of the same structure. The result of the watch indicates that for
any wearable device in the future, as long as the microphone struc-
ture is the same as the smartphone, it can deploy ProxiMic directly.
The headphone’s microphone and voice recorder pen filtered out
around half of the pop noise. However, the vibration noise and
slight airflow caused by wind impacting the plastic shell are still
obvious in the sense of hearing. Although the structure and char-
acteristics are different, the model trained on the smartphone data
sets also shows a strong generalization ability for headphones and
voice recorder pens. We believe that collecting more data for special
device structures can effectively solve the problem of low recall.

6.3 ASR Accuracy

Automatic Speech Recognition (ASR), also known as Speech To
Text (STT), is a technology that can transform the one-dimensional
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speech input into a series of word tokens, and it is an important
task for realizing voice-based natural language understanding and
human-computer interaction. In order to understand the impact
of pop-noise on voice quality, testing the translation accuracy of
ASR is an intuitive method. In this study, we used the Baidu Phrase
Recognition Standard Edition interface [4] to perform ASR on a
total of 48552 pieces of voice commands from study 1 (data set Dq
without background noise), and calculated the Word Error Rates
(WER) on the ASR results (Table 3).

Table 3: Word error rate of 48552 sentences

Scenes 5cmloud 5cmsoft 5cm whisper  30cm loud

WER 2.10% 2.24% 7.83% 2.30%

Baidu ASR is one of the well-known state-of-the-art ASR sys-
tems, which shows the leading level of ASR technology in Mandarin
Chinese. We can see that the Word Error Rate (WER) of "within 5 cm
soft", "within 5 cm loud" and "30 cm loud" are similar and excellent.
This result shows that the strong pop-noise has little effect on the
machine’s understanding of human speech. In addition, thanks to
technological progress, within 5 cm whispering can also be accu-
rately translated by state-of-the-art ASR. The WER of within 5 cm
whispering can meet the requirements of the scene of daily conver-
sation with the voice assistant. This allows us to use whispering
with ProxiMic to protect privacy.

6.4 Privacy Study

The close-to-mic speech brings a high Signal-to-Noise Ratio (SNR),
which allows the user to talk to the device at a much lower volume
than normal. In this special interactive scenario, we try to under-
stand how much the user’s voice input would be eavesdropped.
We recruited 6 participants from the campus, ask them to talk to
ProxiMic on smartphone in quiet offices (~40 dB), cafes (~50 dB),
and canteens (~60 dB) respectively. We let everyone input voice
commands from study 1 (data set D7) to smartphone in a comfort-
able small voice, and try to avoid being heard by others. When
one person speaks, others sit on chairs at different distances, eaves-
drop carefully and write down what they hear. We use the iFlytek
ASR system, one of the well-known state-of-the-art ASR systems
for Mandarin Chinese, which is also integrated into the ProxiMic
Android application, to convert user’s speech into text. When the
speaker’s words are not completely understood by smartphone,
the speaker is asked to speak again until the ASR is completely
accurate. So the WER of ASR is 0% for each sentence. Each user
speaks 50 different sentences in each scene, and the result is shown
in Figure 8 and Figure 9.

Because ProxiMic supports whispering, almost all voice com-
mands are made in whispering way. This makes all sentences almost
impossible to understand at 1 meter, and familiar words are only
vague guesses. The users said that close-to-mic whispering is com-
pletely acceptable in a slightly noisy environment or when the
words spoken are not so private.

While the user is speaking, we additionally set up a UMIK-1
measuring microphone 50 cm in front of the speaker and recorded
the whole process. After the experiment, we played back what the
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Figure 8: Word Error Rate (WER) of eavesdroppers in differ-
ent distances and scenes.
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Figure 9: Sentence Error Rate (SER) of eavesdroppers in dif-
ferent distances and scenes.

user said, and we couldn’t hear any user’s whispering voice from
the microphone recording. This shows that ProxiMic also has a
good defense effect against ordinary microphone eavesdropping.

7 STUDY 3: USABILITY STUDY OF PROXIMIC

In this study, we compare ProxiMic to other activation methods to
evaluate its efficiency and usability. We choose three widely-used
activation methods of wake-up phrase (Keywords), virtual key press
(GUI) and physical key press (Button) for comparison. We recorded
Activation Time for each task, and asked the participants to provide
subjective ratings for each task.

7.1 Activation Methods

We compared the following four activation methods for voice input,
which are the main methods to activate voice input on various
devices.

e ProxiMic: The participant brings the device to the mouth to
activate voice input. The algorithm on the devices recognize
the close-to-mic speech locally.

e Keywords: The participant speaks "XiaoYi-XiaoYi" to trig-
ger the activation. The wake-up phrase is detected by the
built-in keyword spotting algorithm of the device.
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o GUI: The participant finds the voice assistant application and
presses the virtual key on the touchscreen as the activation.

e Button: The participant presses the physical button on the
side of the device for one second as the activation.

7.2 Participants

We recruited 6 participants (2 female and 4 male; mean age = 43.3,
SD = 16.48) in this experiment. Five of them had prior experience
of voice input on smartphones.

7.3 Apparatus

We developed a voice assistant applications on smartphone to apply
ProxiMic. We used the following devices for this study: a Huawei
P30 with a power button located on the right, and a main micro-
phone on the bottom; a Mobvoi TicWatch 2 with a microphone on
the side pointing to the palm and a button next to the microphone
to trigger the built-in voice assistant; a B&O H6 headphone (con-
nected to the Huawei P30) with one microphone on the headphone
cable, which can be easily re-positioned by hand to within 5 cm in
front of the mouth. When connected to the headphone, the smart
phone switches to use voice input from the headphone.

7.4 Design

We conducted a within-subject study with two independent factors
as Activation Method and Device Type. We tested four activation
methods on the smartphone to compare the performance of Prox-
iMic with the widely-used baselines. In addition, we evaluated
ProxiMic on two more devices to test the influence of device differ-
ence. Using one activation method on one device, the participant
completed 15 rounds of voice input tasks as one session. The order
of Activation Method and Device Type were randomized for each
participant. In total, each participant performed 6 sessions X 15
tasks = 90 sentences input tasks.

We chose the widely-used voice commands as the voice input
task in each session. We counted the time duration between when
the test started and when the first word of the sentence was spoken
by the participant as the efficiency metric. We asked participants to
fill in the NASA-TLX [15] questionnaire and answer 6 supplemen-
tary questions in seven-point Likert scale as the metrics to evaluate
user experience.

7.5 Procedure

The experimenter first introduced the voice input task and acti-
vation methods to the participants. Two minutes was given to
participants to practice and familiarize themselves with the task
and activation methods. Then, participants completed 6 sessions
of voice input. They were asked to perform the inputs as fast as
possible. For each task, we asked the participants to hold the micro-
phone to around 2 cm from their mouth, and rest the arm on a desk
after finishing each task. Participants were asked to repeat a task if
the voice input was not successful. We only record the time of each
successful operation. After a session, each participant was allowed
a 2-minute break. Finally, we asked participants to completed a
NASA-TLX questionnaire with 6 supplementary questions. The
experiment lasted around 30 minutes for each participant.
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7.6 Results

We ran RM-ANOVA on the activation time with post-hoc T-tests,
Friedman tests on subjective scores with post-hoc Wilcoxon signed
rank tests.

7.6.1  Activation Efficiency. RM-ANOVA results showed significant
effects of both Activation Method (Fs 15 = 25.633,p < .001) and
Device Type (F2,10 = 7.339,p = .01) on Activation Time. Post-hoc
tests showed that ProxiMic (mean=1.14, SD=.08) was significantly
faster than all other methods, outperforming Keywords by 51.7%
(p<.05), GUI by 61.5% (p<.01), Button by 42.4% (p<.001) (Table 4). For
Device Types, post-hoc tests found significant difference between
smart watch and smart phone (p<.05), with the former 29.8% faster
(Table 5).

Table 4: Activation Time (second) for different Methods

Keywords GUI Button ProxiMic

mean 2.36 2.96 1.98 1.14
SD 0.26 0.21 0.10 0.08

Table 5: Activation Time (second) for different Device Types

Phone Watch Headphone

mean 1.14 0.80 1.09
SD 0.08 0.04 0.08

7.6.2  User Experience. The overall results are shown in Figure
10. Friedman tests show that Activation Method makes a signif-
icant influence on all index (p < .05). Post-hoc tests show that
ProxiMic provides significantly lower effort, easier to use, more
privacy activation than Keywords; lower mental demand, lower
temporal demand, more overall performance,lower effort, easier
to use, broader applications and more want to use activation than
GUI; broader applications activation than Button (p < .05 in all
cases). ProxiMic also provides significantly lower frustration, easier
to continuous input then other three methods (p < .05).

In the experiment, three participants (P2, P5, P6) reported that
"Wake-up phrase(s) were difficult to recognize”, P5 reported that
"Touching the ear and pulling the headphone line is very easy,
fast and comfortable". These comments are consistent with users’
subjective feedback that ProxiMic is efficient, user-friendly and
practical.

8 DISCUSSION

We discuss opportunities and application scenarios of ProxiMic, as
well as limitations and future work.

8.1 Interaction Enabled by Whisper Detection

Since ProxiMic supports whispering — a tone that is only percepti-
ble when speaking within close proximity to the microphone — we
attempted to further distinguish whispering and normal speaking,
and design separate interactive feedback. Whispering may suggest
that a user is in a situation where speaking loudly is inappropriate,
or that the voice data are privacy-sensitive. Therefore, voice-based
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Figure 10: User’s subjective feedback on the four ways. The score range is from 1 to 7, and 7 represents the most positive

evaluation. The standard deviation is marked in the figure.

systems can change how they provide feedback when a whisper is
detected, e.g., responding in text or vibration only. We employed
the ProxiMic CNN structure to distinguish between sound from the
within 5 cm whisper and the within 5 cm soft/loud data sets from
study 1. After retraining on the two data sets, the ProxiMic CNN
achieved a classification accuracy of 95.7% without modifying the
model design. This demonstrates that the structure of our CNN
is extensible and can be easily extended to more categories. This
shows that it is promising and feasible to realize tone-context wake-
up for ProxiMic. The user study of tone-context-based feedback in
the close-to-mic scenario can be used as one of the directions for
future work.

8.2 Language dependence and Robustness of
ProxiMic

We mainly utilize pop noise to recognize close-to-mic speech. Pop
noise is a common feature in the words in different languages.
We take English words as an example. Most words containing
"b,c,d.f,j.k,Lp,q.Ls.t,v,w,x,y,2" generate clear "pop noise" airflow. We
invited 4 additional users to read random English sentences from
"the MacKenzie phrase set" [24] (50 sentences per user in quiet
scenario). 96% of sentences are recognized as close-to-mic speech
by ProxiMic (with Chinese training corpus). However, the exact
proportion of the words that can trigger Proximic is different in
different languages, and can be used as future work. In addition, the
feature of pop noise can prevent voice attacks to a certain extent (as
discussed in Shiota et al’s work[36, 37]). To show our model can be
applied to deter direct replay attacks, we tested ProxiMic’s ability in
identifying replayed voice recordings with strong pop-noise from
a speaker. Results show that 99.92% of the replayed frames were re-
jected by our CNN because the vibration caused by the speaker and
the resulting impact of the airflow are vastly different. The two-step
algorithm using sound amplitude and spectrogram characteristics
shows a certain degree of attack prevention performance. This can
be an interesting direction for future work.

8.3 Potential Applications of ProxiMic

We believe that the ability of recognizing close-to-mic speech has
broad application potential. In recent years, with the development
of Internet of Things and ubiquitous computing, we can see the

improvement of sensing capabilities of various devices. PenSight
[25] demonstrates the great potential of gesture interaction for
digital tablet pen. If we add an additional microphone to the top
of the pen, we can potentially enhance gesture input with the rich
semantics of voice input. Ubiquitous computing also extends the
boundaries of smart terminals such as smartphone and smart TV.
Consider a button with an embedded microphone pinned on the
neckline: a user can simply lower their head to speaker into the
device, which can as an input of other smart devices. In addition,
ProxiMic can turn most of the existing handheld and wearable voice
input devices into personal voice input devices: by recognizing
close-to-mic speech, we have the opportunity of separating the
voice of the device holder (with pop noise) from the voice of others
(without pop noise).

8.4 Subtle Close-to-Mic Features

Our two-step algorithm is designed according to the characteris-
tics of pop noise, and we found that CNN indeed responds to the
frequency spectrogram of pop noise most of the time. But for some
words without obvious pop noise, ProxiMic can still partly distin-
guish whether it is close-to-mic speach. Although the CNN is hard
to be explained, we think that the reason can be other subtle close-
to-mic features which we didn’t use explicitly. We decided to list the
noteworthy subtle close-to-mic features which can be noticed by
the human ear in the experiment here. (1) With close-to-mic speech,
the sound of air rubbing against the mouth is faintly audible. This
sound is similar to the high-frequency part of whispering which
will be significantly reduced as the distance becomes longer. (2)
When indoors, due to the presence of wall reflections, farther-away
sounds (over 30 cm) will be superimposed with muddy reverbera-
tion (often perceived as a sense of space). This direct-to-reverberant
ratio may be used as a potential feature to distinguish close-to-mic
speech in indoor environments. (3) The difference in volume be-
tween far and near is more significant for outdoor environments
because there is no indoor reflection. (4) In addition, the timbre and
volume of speech also have a certain correlation, which means that
if a person speaks in a low voice, but has a huge volume received
by microphone, it should be considered as a potential close-to-mic
speech. We expect that in addition to CNN’s automatic feature
extraction, these subtle features can be effectively used in future
algorithms.



ProxiMic: Convenient Voice Activation via Close-to-Mic Speech Detected by a Single Microphone

8.5 Limitation and Future Work

In addition to the future work mentioned above, there are some
limitations of ProxiMic which can be improved in future work.

First, we use smartphone microphones (ECM or MEMS) for train-
ing and testing. Although the multi-device performance is accept-
able, we think that more data and testing in more package types
are necessary for real-world applications.

Second, although result shows that the privacy of ProxiMic is
acceptable, a general ASR system was used in our privacy study. In
the future, we can try to train a domain specific ASR system used
to recognizing within 5 cm whispering which can effectively utilize
pop-noise and exhaled airflow. Analogous to Fukumoto’s ingressive-
speech based SilentVoice [10], we can try to use ProxiMic to provide
ultra-small volume voice input for smartphones and smartwatches.

Third, the pop-noise-based detector relies on the user talking
direct into the microphone and the device can effectively capture
pop noise (e.g., no mechanical pop filter). In this case, using more
features or hardware to designing a close-to-mic detector which
does not completely rely on pop noise is a future work.

Finally, semantic-based off-device False Trigger Mitigation (FTM)
systems can be used to further reduce the FAWU. In the future, we
can try to integrate the FTM system into ProxiMic to understand
how much false alarms from ProxiMic can be solved by FTM system.

9 CONCLUSION

ProxiMic is a novel sensing technique that uses pop noise and close-
to-mic features to activate voice input by a single microphone. The
evaluation results show that ProxiMic has reached 94.1% activate
recall, 12.3 FAWU with 68 KB memory size, which can run at 352 fps
on smartphone. ProxiMic can be used in a variety of devices such
as mobile phones, watches, headphones, etc. Experiments show
that ProxiMic is robust to the environment and devices, and will
not affect the performance of subsequent algorithms such as ASR.
Users agree that ProxiMic is efficient, user-friendly and practical.
With the continuous popularity of voice input devices, we expect
that ProxiMic can potentially be applied in a wide variety of use
cases.
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