2026 IEEE/SICE International Symposium on System Integration (Sll)

January 11-14, 2026. Cancun, México

Speech enhancement fusing a general microphone and a bone
conduction microphone
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Abstract— This paper describes a method to reduce noise
contained in signal obtained from a general microphone by using
sensor fusion with a bone conduction microphone and a general
microphone. A bone conduction microphone is a microphone
that directly detects the vibrations in the throat when a person
speaks. Hence, bone conduction microphones are less susceptible
to external noise than general microphones. However, as bone
conduction microphones have different acoustic characteristics
than general microphones, the sound quality will deteriorate.
Based on the above prospects, we are researching the sensor
fusion technology with a bone conduction microphone and a
general microphone. In this paper, we formulate the framework
of the proposal approach and conduct some experiments to
check the effectiveness of the proposal approach.

1. INTRODUCTION

With the spread of mobile devices such as smartphones,
demand for voice input has increased in recent years. Speech
input may be used in noisy as well as quiet environments.
Audio signal recorded in such noisy environments may be
difficult to hear or understand. Speech enhancement is a
technology that extracts desired speech from noise-mixed
speech, and is an important issue in acoustic processing.

Speech enhancement can be divided into two types
depending on the number of the channels for signal processing.
One is speech enhancement that uses only one signal, and the
other is speech enhancement that uses multiple signals.
Previous survey has classified speech enhancement algorithms
that utilize a single signal into three types.

The spectral subtraction (SS) algorithm is a powerful
algorithm for suppressing noise from a single signal. Weiss et
al. proposed an early approach as spectral subtraction in the
correlation domain [2]. Boll also proposed an approach as
spectral subtraction in the Fourier transform domain [3].
Spectral subtraction has shown promise and has undergone
various improvements [4]. Statistical model-based algorithms
are known as another approach for speech enhancement on a
signal. For example, McAulay et al. tried to estimate the
spectrum of the target signal in the frequency domain by using
the maximum likelihood method [5]. The subspace algorithm
is the other approach. The algorithm using singular value
decomposition and the algorithm using an eigenvalue
decomposition of signals are examples of this approach.
Speech enhancement using only one signal can remove noise
even from a recorded sound source, unlike speech
enhancement using multiple signals. However, this approach
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only allows information about the sound source itself to be
used for speech enhancement. Speech enhancement using deep
learning has been actively researched in recent years, but
issues remain, such as the need for a large amount of
computing power [8—10].

Speech enhancement using a microphone array is an
example of speech enhancement using multi-channel signals
[11,12]. The microphone array utilizes the differences in
amplitude and phase of the sound recorded by each
microphone to enhance the speech.

There has been a lot of research into microphone arrays,
but their implementation requires placing the microphones in
different locations and tends to be large.

Famous examples of audio enhancement technology using
microphone arrays include sound focus, which aligns the phase
in the target direction, and adaptive array, which reduces
sensitivity in the direction of noise to zero. Sound separation
using sparsity [13,14] and sound separation using independent
component analysis [15—17] are famous in the field of blind
source separation. However, problems with utilizing a large
number of microphones still remain.

Bone conduction microphones record sounds by directly
sensing the vibrations of the sound source [18]. For this reason,
bone conduction microphones are less susceptible to external
noise. This is a great advantage of bone conduction
microphones over common microphones. On the other hand,
bone conduction microphones use a different recording
method than regular microphones, so the sound quality of the
recorded signal deteriorates.

In the field of image processing, sensor fusion is used as an
approach to improve the quality of obtained images. Cross
bilateral filter is a sensor fusion technology and is also called
joint bilateral filter [19, 20]. This method combines non-flash
and flash images taken at the same location to create a more
natural-looking image. Other sensor fusion research is also
being conducted to detect various objects such as faces [21],
pedestrians [22], and cars using infrared and visible camera
images. Based on these studies, we will introduce sensor
fusion into the acoustics field. The proposed method uses the
audio signal obtained with a bone conduction microphone to
identify the position of the audio in frequency space, and
emphasizes the audio signal obtained with a general
microphone [23]. This approach allows us to efficiently
remove the noise contained in regular microphones while
obtaining more natural-sounding audio. Although the
approach is effective to enhance the speech signal, the noise
still remains in the region where signal and noise overlap on
the frequency axis. To handle this problem, we propose an
improved approach for speech enhancement fusing a general
microphone and a bone conduction microphone. Considering



the simplicity of noise removal processing, this study
investigated how much performance could be improved by
using spectral subtraction in combination. In the next section,
the algorithm of the binary mask is shown to ease the
understanding of the proposed approach. The proposed
approach in the past study and its problems are shown in
Section 3. We also show three approaches using spectral
subtraction to improve the past algorithm. We conducted some
experiments to show the effectiveness of the proposed
approaches in Section 4. Several comparisons are also
conducted to check the effectiveness of the approaches.
Discussion and conclusion are given in Section 5.

II. APPROACH USING BINARY MASK WITH TWO MICROPHONES

A. Formulate the problem

To clarify the difference between the typical binary mask
and our approach, this section formulates the speech
enhancement by utilizing the binary mask for two
microphones [24-26]. When we use binary masks, two
microphones are usually assumed. Let us consider x;(¢) as the
mixed signal recorded by microphone 1. Removing the effects
of delay and the attenuation for x;(¢) does not result in any loss
of generality of the problem.

From the above aspects, we can express x;(¢) as follows:
@) =s@® + X, n (D), ©)

where s(f) and n(¢) represent the target signal and the ith
noise (i =1, 2, 3, ..., N), respectively. Let us consider xx(¢) as
the mixed signal recorded by microphone 2. Unlike x,(7), we
need to consider the attenuation and delay of the signal
obtained by the microphone 2 relative to the signal obtained by
microphone 1. Hence, we can express x(¢) as follows:

N
x,(t) = as(t — &) +Z a;n;(t — 6;)
i=1 2)

where d represents the delay regarding the target signal. i
represents the delay regarding the ith noise. « is the attenuation
between the first microphone and the second microphone
regarding the target signal. a; represents parameters the
attenuation between the microphone 1 and the microphone 2
regarding the ith noise.

The following constraints are satisfied when A is defined as
the maximal possible delay between the microphone 1 and the
microphone 2.

6] < 4, 3)
6:] = 4, “4)

When we set the assumption regarding the sparsity, we can
consider that the tar-get signal and noise are disjoint in the
time-frequency domain. Let us consider S(t, ®) as the short
term Fourier transform of s(f). Let us also consider Ny(t, ®) as
the short-term Fourier transform of n,(f). We can express S(r,
) as follows:

S(r,w) =232 _os(t + W (1)exp(—iwt) , (5)

where 7 represents the time frame. ® represents the angular
frequency. W(t) represents the window function. When we can
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consider that the target signal and all the noise are sparse, the
following condition can be satisfied:

S(r, w)N;(t,w) = 0 V1, w, (6)

B. Speech Enhancement Utilizing Binary Mask

We first estimate the attenuation and the delay in Equation
(2) to achieve the speech enhancement. Let us define Xi(t, o)
as a short term Fourier transform of x,(f). We can express Xi(t,
) as follows.

Xi(1, w) = X2 o xi(t + D)W (Dexp(—iwt) (N

We can express X;(t, ®) and Xx(t, ®) using matrices as
follows.

[Xl(r. w)] _
X (r, )]
S, w)
[ 1 1 1 N, (1, )
aexp(—iwd) aqexp(—iwd;) ay exp(—iwdy)
Ny (T, @)
(®)

When we can assume the sparsity of target signal and noise
in the time-frequency domain, we can obtain the following
equation:

X (tw)] 1
X,(x, m)] - [a(rs'ws)exp(—iwsé'(rs,ws)) s(Ts, ws)

©)

Equation (9) means that the target signal exists at (Ts, ©s).
The ratio of X;(ts, ®s) and Xx(ts, @) are calculated to estimate
(15, ®s). Let a(ts, s) be the relative amplitude. Let 6(ts, s) be
the relative delay. a(ts, ®s) and d(ts, ®s) can be estimated as

X w) l/_Xz(T-w))
X (rw)| @™ X (1,0) /(10

(alrs, ws), 8(z5,w5)) = (

where
taexp(ip) = ¢, —mT < ¢ < m, (11)

Let us define M(t, o) for (1, ®) as the time-frequency mask.
M(1, ®) can be expressed as follows:
A A
Mz, w) = 1,|lna(t,w) —Inal < ?a Allné(r,w) —Ind| < ?‘S
0.otherwise

(12)

where A, represents the amplitude resolution width of the
histograms. A; represents delay resolution width of the
histograms. We execute the masking process as follows to
remove noise included in the mixed signal recorded by the
microphone 1.

S(t,w) = M(1,w)X, (1, w), (13)

It is known that the binary mask has high ability for speech
enhancement. However, the accuracy of speech enhancement
depends on how accurately masking information is estimated.
Estimating mask information becomes difficult in
environments with environmental noise that does not fully
satisfy sparsity.
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Figure 1. Basic concept of the proposed approach.

III. MEgrHOD

A. Basic concept of the Proposed Approach

To clarify the concept of noise reduction fusing a normal
microphone and a bone conduction microphone, we describe
the outline of the proposal approach. The usage scenario of the
proposal approach is given in Figure 1. In this method, the
sounds were recorded not only by a normal microphone but
also a bone conduction microphone simultaneously.

The binary mask is generated by using the signal from the
bone conduction microphone. We then apply the created
binary mask to the signal from the normal microphone and
reduce the noise. For this goal, the audio signals are recorded
with both a bone con-duction microphone and a normal
microphone. The time-frequency signal is obtained from the
obtained signal by Fourier transform. To create the binary
mask an appropriate threshold is set. We also apply Fourier
transform to audio data from a normal microphone and
transforms it into frequency domain data. We apply a
generated binary mask to frequency data obtained from the
normal microphone to enhance speech. The output waveform
is obtained by inverse Fourier transforming the
voice-enhanced signal.

B. Problem Formulation

The problem is formulated based on the concept described
in the previous section. Let us define x;(f) as the signal
recorded by the normal microphone. Let us define x(f) as the
signal recorded by a bone conduction microphone. ¢ represents
the time. X;(t, ®) and Xx(t, ®) represent the spectra of x;(¢) and
x2(f) in the frequency domain, respectively. T denotes the time
frame. ® denotes the angular frequency.
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Figure 3.  Overview of proposed method 1

Let S(t, ®) and N(t, ®) be the spectrum of the objective
signal is the spectrum of the ith noise. X;(t, ®) is represented
as follows.

X, (7, ) = S(r,0) + XL, Ni(7, @), (14

When we consider the signal of the bone conduction
microphone, we can assume that the signal does not include
noise signals. However, bone conduction microphones and
normal microphones have different frequency characteristics.
Hence, Xx(t, ®) is expressed as follows.

X,(t,w) = B(w)S(1,w) (15)

where B(®) denotes the frequency characteristic of a bone
conduction microphone to a normal microphone. The binary
mask Mj(t, ®) is generated based on the information from the
bone conduction microphone as follows.

1 1X2(7,w)| = thy

M=o i < o 6

where th; is a jth threshold.
The obtained binary mask is applied to the time-frequency

signal X;(t, ) to remove noise of the microphone. The output
Y(t, ) can be obtained as follows:

Y (1, w) = M;(1, @)X, (1, w) (17)
C. Problems with previous methods

In this method, for sounds where the power spectrum of the
target signal and the power spectrum of the noise signal



overlap on the frequency axis, as shown in Figure 2, noise
remains in the overlapped area. Therefore, in the following
proposed method, we will consider an improvement method
using speech enhancement based on a combination of the
binary mask and spectral subtraction methods.

D. Spectral subtraction (proposed method 1)

In this study, we combined the spectral subtraction method
to solve the above problems. The spectral subtraction method
performs noise reduction by subtracting an estimate of the
average power spectrum of the retained noise from the power
spectrum of the target speech mixed with noise. Hereafter, to
ease the explanation, we call it the mixed speech. Figure 3
shows an overview of the proposed method 1.

With regard to equation (14), the power on the frequency
axis is calculated. When we assume that there is no correlation
between signal and noise in spectral subtraction, we
approximate the power of the mixed signal by using the power
of the signal and the power of the noise as follows.

2

X1, )P = |S(r,0) + ) Ni(r,0)
=1

z

= IS Wl + S@w ) Ni@mw) +8'@w) ) Nimw)+
=1 1=1

iNi(r,m)

;Ni(r, w)

2

~|S(r,w)* +

(18)
where * denotes the complex conjugation.

Spectral subtraction enhances the target signal by
subtracting the estimated noise from the mixture under these
assumptions about the noise and signal. In the typical spectral
subtraction, the noise is assumed to be stationary. Let SP (T, w)
be the estimated speech spectrum after noise subtraction.
5P (1, w) can be expressed as follows:

SPrw)| = X1 - Naw (9

where N(7,w) represents the average power spectrum of
the estimated noise. In this case, the power of the noise is
averaged in areas where it is assumed to be noise.

E. Spectral subtraction using ratio (proposed method 2)

The proposed method 1 uses the average power spectrum
of the noise as the power spectrum of the estimated noise.
Therefore, it is difficult for proposed method 1 to deal with
large temporal changes in noise power. In daily life, ambient
noise may change in loudness. Therefore, we propose a
spectral subtraction method that can robustly cope with
changes in ambient noise. Here, we assume that as the
loudness of the sound changes, its shape does not change on
the frequency axis.

Under the above assumptions, the proposed method 2
estimates the noise as follows.
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The noise area is first estimated by using the signal with the
bone conduction microphone. Then, the ratio of the frame of
interest to the estimated noise is obtained by comparing the
power of the estimated noise to the noise portion in the frame
of interest, and the spectral subtraction method is performed in
a form that reflects this ratio. Figure 4 shows an overview of
the proposed method 2. The specific procedure is as follows.

First, the noise frame is estimated by using the signal from
the bone conduction microphone. Then, the power of the noise
is averaged by using the mixed signal. We then estimate the
noise part of the mixed speech for the processing frame and
calculate the average power spectrum of the noise part. After
that, we calculate the ratio of the average overall noise power
and the power of the noise part of the frame of interest. The
ratio is reflected in the subtraction of the spectral subtraction
method to cope with changes in the loudness of the sound.
Hence, finally, we subtract the noise from the mixed signal at
the target frame, considering the calculated ratio.

Let us formulate the above process. Let us define a as the
ratio of the loudness of the frame of interest to the other frames.
o is estimated from the noise portion using the mask
information, and the noise signal is subtracted from the mixed
signal using o.. o can be estimated as follows.

_ ZMr.w)=0lX1(To, )]
Ymr.w=0lX1(T, )|

(20)

where 1o indicates the time of the frame of interest and
Yue.w=olX1(To, @)| indicates the sum in the frequency domain
where the mask is zero. Spectral subtraction using o can be
expressed as follows.

SP(r, )| = X1, @) — 2|N(w)|’ Q1)

F. Spectral subtraction for noise estimation from
surroundings (proposed method 3)

The proposed method 2 assumes that the frequency
distribution of noise is the same and its power changes. Since
the proposed method 2 computes the average power spectrum
of noise, it can cope with changes in the power of noise with
the same waveform, but it cannot cope with changes in the type
of noise itself.



Moreover, the received speech and mask information are
used to compute the average of all frames consisting only of
noise, which requires waiting until the end of speech reception,
making it unsuitable for real-time processing in a real
environment. Here, we propose a method to improve these
problems. Assume that the noise in a small interval on the time
axis changes little to accommodate the type of noise. Under
this assumption, the problem is solved by varying the range
over which the average power spectrum of the noise is
calculated. Figure 5 shows an overview of the proposed
method 3. The average power spectrum of the noise is
calculated from the time when the speech mixture was
acquired to B frames before. This eliminates the need to wait
until all the noise is read in, as in the proposed method 2. Also,
since noise estimation is performed from the previous frame, it
can cope with changes in noise types if the hypothesis is valid.
If the estimated noise is N (T, w) because the noise changes, the
spectral subtraction can be expressed as follows.

SPaw)| = 1X1@w)l? - 2[N@] (2

For noise estimation, the same process as in the proposed
method 2 is performed for the B frames prior to the frame of
interest, as follows.

EM(r,w)=0,ro—ﬁqr<ro|X1(T0: w) |
a =

LM (1,0)=0,20— <7< X 1(T, @) (23)
where 1o indicates the time of the frame of interest and
YMw=0 18 the sum over the points with zero mask

information.
IV. EVALUATION BY EXPERIMENTS

A. Experimental overview

The performance of the proposal method is investigated
based on an experimental basis. In the experiments, the mixed
signal is created on a computer from the prepared target signal
and noise signal, and the performance of noise removal is
verified.

We used M4U made by inMusic, Inc as a normal
microphone. We also used DN-915129 made by ThirdWave
Co., Ltd as a bone conduction microphone.

To check the effectiveness of the proposal approach, we
generated the mixed signals on a computer. We used Python to
implement all the programs. Table 1 shows the experimental
conditions used in the experiments. We prepared white noise
to check the basic performance of the proposed approaches.
We also prepared intersection noise, restaurant noise, and
station noise as natural noise. Three noises were selected from
the Sound Effects Lab [28] and Hashimoto Tech [29]. We
prepared the male voice for the target signal. Sound level is
expressed in dBFS. We changed the threshold value in 10 dB
intervals to check the effect of the parameter. The sampling
frequency was set to 48000 Hz, and the frame size was set to
2048. B was set to 40 in the proposed method 3.
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Figure 5.  Overview of proposed method 3
TABLE L EXPERIMENTAL CONDITION
Speech signal Speech by a man
Noise signal White noise
Intersection noise,

Restaurant noise,
Station noise

From -80[dB] to -30[dB]
with 10[dB] intervals

Threshold for noise reduction

The window function was set to a Hamming window. We
used Signal to Distortion Ratio (SDR) [30] to evaluate the
quality of the denoised speech compared to the mixed signal
and the target signal. SDR can measure how much the obtained
signal after noise reduction is distorted compared to the target
speech. We can define SDR as follows.

IIMNCADI]

SDR = 1010g10 "
Trw |15 @)l = 28, )|

(24)

where S(t, ) represents the signal to be compared to the
objective signal. S(t, ®) represents the objective signal. A
indicates a parameter for normalizing the power of S(t, ®). We
can describe A as follows:

(25)

B. Experimental results

Table 2, 3, 4 and 5 show the SDRs of the target signal and
the speech after noise reduction using the previous method and
the improved methods when we used white noise, intersection
noise, restaurant noise, and station noise, respectively.



TABLE II. SDRS WHEN WHITE NOISE WAS USED.

Threshold(dB) BM PM1 PM2 PM3
-80 3.199 4.005 4371 4.356
-70 5.007 5.853 6.203 6.203
-60 6.838 7.409 7.596 7.602
-50 6.646 6.816 6.900 6.902
-40 4.236 4.264 4.277 4.259
-30 1.522 1.519 1.517 1.515
TABLE III. SDRS WHEN INTERSECTION NOISE WAS USED.
Threshold(dB) BM PM1 | PM2 | PM3
-80 2.632 3.385 3.665 3.484
-70 8.384 9.015 9.349 9.356
-60 9.593 9.703 9.838 9.818
-50 7.393 7.414 7.436 7.441
-40 4.351 4.351 4351 4357
-30 1.527 1.526 1.527 1.520
TABLE IV. SDRS WHEN RESTAURANT NOISE WAS USED.

Threshold(dB) BM PM1 PM2 PM3
-80 4.948 5312 5.470 5.475
-70 5.762 6.048 6.244 6.233
-60 6.081 6.257 6.412 6.381
-50 5.531 5.629 5.663 5.674
-40 3.653 3.672 3.677 3.705
-30 1.352 1.350 1.338 1.352
TABLE V. SDRS WHEN STATION NOISE WAS USED.
Threshold(dB) BM PM1 PM2 PM3
-80 9.144 9.672 9.912 9.913
-70 10.02 10.39 10.55 10.58
-60 9.335 9.460 9.500 9.500
-50 7.290 7.322 7.308 7.317
-40 4.386 4.389 4.375 4.380
-30 1.527 1.527 1.517 1.521

The experimental results are expressed as four significant
digits. The value with the largest SDR among all the
experimental values is bolded. We also show the spectrogram
and waveform when we used white noise in the figures. The
experimental results show that for all types of noise, the
combination of binary mask and spectral subtraction improves
speech enhancement performance compared to binary mask
alone. As shown in Table 2, for simple white noise, the
proposed method 2 has better performance than the method
using simple spectral subtraction (the proposed method 1) as
we expected. The proposed method 3 performs even better
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Figure 7. Spectrogram (White noise)

than method 2. The proposed methods 2 and 3 are also better to
the proposed method 1 for general noise. Based on these
results, the proposed method is considered to have a certain
degree of effectiveness over the methods of previous research.
The waveforms and spectrograms of these results are shown
below. We show two cases (white noise and intersection noise)
because the results using other noises have similar
characteristics. Figure 6 and 7 show the waveforms and the
spectrograms of the target signal, the mixed signal and the
outputs of the previous method and the proposed methods
when we used white noise as noise signal.
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Figure 8.  Waveform (Intersection noise)
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Figure 9. Spectrogram (Intersection noise)

Figure 8 and 9 show the waveforms and the spectrograms of
the target signal, the mixed signal and the outputs of the
previous method and the proposed methods when we used
intersection noise as noise signal. When we observe the
resulting waveform, we can see that the main noise is removed
when the binary mask is applied in both cases. There is not
much change in appearance due to the noise removal with the
binary mask.
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V. DISCUSSION AND CONCLUSION

Regarding methods to improve noise removal accuracy, we
proposed three methods combining the sensor fusion using
binary mask proposed in the previous study and spectral
subtraction.

We utilized white noise and three types noise; intersection
noise, restaurant noise and station noise. To check the sound
quality due to the proposed approach, we used SDR to check
the performance of the speech enhancement of the proposed
approaches. We confirmed that all the approaches could
improve the sound quality compared to the previous study. In
the previous study, the binary mask is acquired by using the
information from the bone conduction microphone, and it is
applied to the sound obtained from the general microphone.
Due to this process, it was difficult to remove noise in areas
where voice and noise overlapped on the frequency axis. Our
approach basically aims to solve the problem of the previous
method. Through the experiments, we confirmed that all the
approaches could improve the sound quality compared to the
previous study.

We prepared the speaker voice with a general microphone
and the bone conduction microphone simultaneously in the
experiments. Although there may be a slight time difference
between the two recorded sounds, good results have been
obtained in experiments even without taking this time
difference into consideration.

Through the experiments, all the results of the proposed
methods were superior to the results of the previous method.
These results show the effectiveness of the spectral
subtraction to the previous approach.

The proposed method still has some problems to be solved.
As an example, the frequency range that can be recorded with
a typical microphone is wider than the frequency range that
can be recorded with a bone conduction microphone.
Therefore, in-formation in the high frequency range that
cannot be obtained with bone conduction microphones will
need to be obtained using other methods.

Sufficient voice enhancement is possible even within the
range of frequency information that bone conduction
microphones can acquire. However, in order to improve sound
quality, it is necessary to consider ways to obtain higher
frequency information.

In addition, in order to put the proposed method into
practical use, it is necessary to implement it in real time. As it
is thought that the algorithm itself can be implemented with
some time delay, we would like to consider implementing
real-time processing in the future.
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