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Abstract 

Human-like environment recognition by musculoskeletal humanoids is important for task realization in real complex 
environments and for use as dummies for test subjects. Humans integrate various sensory information to perceive 
their surroundings, and hearing is particularly useful for recognizing objects out of view or out of touch. In this 
research, we aim to realize human-like auditory environmental recognition and task realization for musculoskeletal 
humanoids by equipping them with a human-like auditory processing system. Humans realize sound-based envi-
ronmental recognition by estimating directions of the sound sources and detecting environmental sounds based on 
changes in the time and frequency domain of incoming sounds and the integration of auditory information in the 
central nervous system. We propose a human mimetic auditory information processing system, which consists of 
three components: the human mimetic binaural ear unit, which mimics human ear structure and characteristics, the 
sound source direction estimation system, and the environmental sound detection system, which mimics process-
ing in the central nervous system. We apply it to Musashi, a human mimetic musculoskeletal humanoid, and have it 
perform tasks that require sound information outside of view in real noisy environments to confirm the usefulness of 
the proposed methods.
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Introduction
The musculoskeletal humanoids [1–4], which mimic the 
human body structure in detail, are expected to be used 
for environmental contact behavior and as subject dum-
mies by using their flexible body structure effectively. In 
order to use them as substitutes for humans, they need 
to recognize environments as humans do. Research on 
vision using movable eyes [5] and tactile sense using the 
hand [6] and foot [7] with distributed force sensors have 
been conducted. However, humans use not only visual 

and tactile senses but also auditory perception to rec-
ognize the state of objects out of view or out of touch. 
In order to have musculoskeletal humanoids perform 
tasks based on environmental recognition and use them 
as subject dummies, human mimetic auditory informa-
tion processing is also essential in addition to vision and 
tactile senses. There are two major types of information 
that we can obtain through hearing: sound source direc-
tions and sound types. Humans realize sound-based 
environmental recognition by integrating these pieces of 
information.

As for existing sound source direction estimation 
approaches, high-resolution methods, such as the 
MUSIC (MUltiple SIgnal Classification) method [8], 
have been proposed, and research using robot audition 

Open Access

*Correspondence:  kawaharazuka@jsk.imi.i.u-tokyo.ac.jp

1 Department of Information Science and Technology, The University of Tokyo, 
Tokyo, Japan
Full list of author information is available at the end of the article

http://orcid.org/0000-0002-7464-7187
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40648-022-00231-x&domain=pdf


Page 2 of 15Omura et al. ROBOMECH Journal            (2022) 9:17 

have been conducted widely. However, most methods 
are proposed for multi-channel systems with three or 
more channels, and in the case of human-like inputs with 
only two channels, the accuracy of sound source direc-
tion estimation in 3D is reduced due to the influence of 
background noise in the real environment. GCC-PHAT 
(Generalized Cross-Correlation PHAse Transform) [9], 
which targets two channels of input, uses the time differ-
ence between left and right inputs to estimate the sound 
source direction, but the range of estimated direction is 
limited. Also, in order to improve the accuracy of those 
methods, the required sound sampling length becomes 
longer.

In robot audition, which aims to achieve human-like 
environmental recognition, environmental sound rec-
ognition using a pair of microphones is a particularly 
important issue. Sound source localization and under-
standing the meaning of sound in various scenes are 
important in task realization, and integrating them with 
other senses enables more accurate environmental rec-
ognition. SIG [10], a humanoid that has a human-like 
head and torso, achieves tracking while filtering sound 
inputs based on epipolar geometry and vision. The 
sound recognition system, which integrates sound source 
localization, sound source separation, and speech recog-
nition [11], achieves simultaneous recognition of multi-
ple speech signals by filters depending on sound source 
directions. Also, implementation of this method into a 
robot in the real world is conducted by using a reconfig-
urable processor [12].

It is widely acknowledged that human sound source 
direction estimation is related to the complex unevenness 
in pinnae on the incoming sound. Therefore, research 
focusing on the shape of the human outer ear has been 
conducted. In sound source direction estimation using a 
robot with reflectors shaped like pinnae and a monocular 
camera [13], the changes in frequency response caused 
by the reflectors are learned using a self-organizing map. 
3D sound source direction estimation is conducted, but 
it is unsuitable for real environment applications because 
it requires a single sound source and a broadband sig-
nal. The sound source direction estimation method with 
weighting based on signal-to-noise ratio in addition to 
GCC-PHAT [14] is applied to SIG-2 [15], a humanoid 
with human mimetic outer ears. It is possible to estimate 
the sound source direction for multiple sound sources in 
the real environment, but there is still the problem that 
the estimated direction is limited. Sound source locali-
zation methods inspired by the human central nerv-
ous system [16–18] learn the relationship between the 
sound source direction and the difference of the left 
and right sounds. It is possible to estimate the sound 
source direction in the echoic and noisy environment, 

but the estimated direction is limited to the front of the 
horizontal plane. A two-channel sound source direction 
estimation method that can be used in the real noisy 
environment is not limited to broadband sounds, and has 
a wide range of estimated directions, must be researched.

On the other hand, a number of neural network-based 
methods for environmental sound detection have been 
proposed. EnvNet [19] uses sound waves as input to a 
convolutional neural network (CNN), and acoustic fea-
ture maps are formed in the CNN, resulting in highly 
accurate environmental sound recognition. In addi-
tion, the convolutional recurrent neural network-based 
method [20] realized environmental sound detection by 
using a model that captures temporal changes in sound. 
Although these methods achieve high accuracy in detect-
ing environmental sound, they are not designed for real-
time use, so the required sound sampling length becomes 
longer, and they are still not suitable for real-time 
operation.

The human ear is divided into three parts based on 
its structural and functional characteristics, the outer 
ear, middle ear, and inner ear. The outer ear has a pinna 
with complex unevenness and shows complex frequency 
response with a sharp gain reduction notch depending 
on the sound source direction [21]. Also, sound source 
direction estimation accuracy is significantly decreased 
when pinna unevenness is filled [22]. In robot audi-
tion, implementation of pinnae in a telepresence robot 
increases sound source localization accuracy of robot 
users in the median plane [23]. Also, this study says 
implementing pinnae and head movement increase the 
sound source localization of telepresence robot users. 
This complex relationship can be investigated by measur-
ing the Head-Related Transfer Function (HRTF), which 
describes the relationship between the source sound sig-
nal and the actual incoming sound.

Auditory information processing in the central nerv-
ous system of mammals is shown in Fig.  1. Auditory 
information decomposed into frequency components in 
the cochlea is transmitted to the cochlear nucleus (CN). 
Signals are transmitted from the anterior ventral cochlear 
nucleus (AVCN) to the superior olivary complex (SOC), 
the interaural level difference (ILD), and the interaural 
time difference (ITD) are extracted in SOC. The lateral 
nucleus of trapezoid body (LNTB) transmits the con-
tralateral signal as inhibitory projection, and the medial 
nucleus of trapezoid body (MNTB) transmits the ipsi-
lateral signal as inhibitory projection. ITD is obtained 
by detecting the simultaneity of sound when the medial 
superior olive (MSO) receives projections from each side. 
ILD is obtained by detecting the firing frequency changes 
by comparing the intensity difference when the lateral 
superior olive (LSO) receives excitatory projections from 
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the ipsilateral side, and inhibitory projections from the 
contralateral side [24]. ILD and ITD extracted in SOC are 
transmitted to the lateral lemniscus (LL) and the inferior 
colliculus (IC) and integrated. It is confirmed that there 
are neurons in IC that respond to sound from specific 
directions [25]. Auditory information is transmitted from 
IC to the medial geniculate body (MG) and the primary 
auditory cortex (A1). Also, auditory information from 
IC is transmitted to the superior colliculus (SC), which 
mainly processes visual information, and the spatial map 
is formed in SC [26].

It can be summarized that the environmental sound 
recognition function is composed of the following 
functions; 

	(i)	 Physical effects on frequency response by the 
complex unevenness of the pinna and frequency 
decomposition of incoming sounds

	(ii)	 Sound source direction estimation based on detec-
tion of ILD and ITD, and neurons which respond 
to each sound source directions

	(iii)	 Environmental sound detection based on the inte-
gration of frequency components and temporal 
changes of incoming sounds.

In this research, we propose a human mimetic auditory 
information processing system composed of a human 
mimetic binaural ear, sound source direction estima-
tion system, and environmental sound detection system. 
The concept of this study is shown in Fig. 2. The rest of 
this paper is organized as follows. In “Method of human 
mimetic environmental sound recognition system” sec-
tion, we explain the proposed system and methods of 
sound source direction estimation and environmen-
tal sound detection. In “Experimental results” section, 
we apply the proposed method to a musculoskeletal 

humanoid and conduct task realization experiments that 
require information out of view. Finally, the discussion 
and conclusion are presented.

Method of human mimetic environmental sound 
recognition system
We propose an auditory information processing system 
as shown in Fig.  3. We explain the components of this 
system in the following subsections.

Human mimetic binaural ear
In this research, we develop the human mimetic bin-
aural ear unit as shown in Fig.  4 in order to realize the 
functions (i) and (ii). It is composed of a human mimetic 
outer ear structure, microphone board, and acoustic pro-
cessing board and transmits incoming sound information 
to the humanoid internal computer.

Its pinna and cartilaginous part of the ear canal is 
made of silicone rubber, and its bony part of the ear 

Fig. 1  a Pathways of acoustic information in mammals. b ILD and ITD detection circuit in SOC. Red wires mean excitatory projection. Blue wires 
mean inhibitory projection. MSOs detect ITD and LSOs detect ILD

Fig. 2  The concept of this study
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canal and container of microphone board is made of 3D 
printed ABS resin. The human mimetic outer ear struc-
ture has a pinna and ear canal. The distance between 
the microphone and the open end of the ear canal is 
approximately 26 mm, and it is about the same length 
as the human ear canal. The microphone only measures 
the sound passing its ear canal by covering it with sili-
cone rubber.

The microphone board has a MEMS microphone 
(ICS-40619) and a 24-bit ADC (ADS1271B) and has 
human-like acoustic characteristics, as shown in 
Table. 1. This MEMS microphone has a flat frequency 
response, particularly from 100 Hz to 10000 Hz, 

covering everyday sounds and speech. The sampling 
rate is 44100 Hz.

Fig. 3  Overview of proposed system for Human mimetic environmental sound recognition system

Fig. 4  a Overview of developed human mimetic binaural ear unit. b Human mimetic outer ear structure. c Microphone board. d Acoustic 
processing board

Table 1  Comparison between the developed microphone 
board and the human ear

Mic. board Human ear

Frequency response[Hz] 20 ∼ 20000 20 ∼ 20000

Absolute threshold[µPa] 13.4 ∼ 20

Acoustic overload point [dBSPL] 132 ∼ 130

Sensitivity[dBA] − 39   − 37 –

Signal-to-noise ratio [dBA] 67 –
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The acoustic processing board calculates spectra from 
incoming sounds by FPGA (Cyclone V). Each spectrum 
Xl,r can be calculated as follows,

where xl,r is each incoming sound signal, x′l,r is each 
incoming sound signal after windowing, wham is a ham-
ming window, ∗ is convolution, FFT is fast Fourier trans-
form, t is time, ω is discrete frequency, and N is the 
number of FFT points, 2048 in this study. Each spectrum 
calculated by FFT is transmitted to the humanoid inter-
nal computer in a cycle of 62.5 Hz.

Human mimetic sound source direction estimation
Sound source direction estimation described as (ii) is 
conducted based on left and right spectra. We propose 
a neural network-based sound source direction estima-
tion method that mimics the process of the human cen-
tral nervous system. ILD and ITD are projected to IC 
in humans, but we use interaural phase difference (IPD) 
instead of ITD in this study. ILD and IPD, inputs for 
sound source direction estimation, are calculated based 
on left and right spectra. ILD and IPD can be calculated 
as follows,

(1)x′l,r(t) = wham(t)xl,r(t)

(2)Xl,r(ω) = FFT[x′l,r(t)]

(3)t = 0, · · · ,N − 1, ω = 0, · · · ,N − 1

(4)X̂l,r(ωi) =
Xl,r(ωi)

√

|Xl(ωi)|
2
+ |Xr(ωi)|

2

where X̂l,r is left and right normalized spectra at discrete 
frequency ωi , Real is the operation to take out the real 
part, and Imag is the operation to take out the imaginary 
part. In order to use the spectra obtained by FFT as the 
input of the neural network with as little modification 
as possible, the ILD and IPD are determined by trial and 
error.

For each frequency, sound source existences P(ωi) can 
be calculated by Sound Source Direction Estimation Net-
work (SSDENet) shown in Fig.  5, using calculated ILD 
and IPD as input, as follows,

where SSDENeti is SSDENet at discrete frequency ωi , dk 
is a vector which expresses 3-dimensional sound source 
direction, P(dk ,ωi) is a sound source existence at direc-
tion dk and discrete frequency ωi , and D is the number of 
directions dk at which estimation is conducted. SSDENet 
is a neural network consisting of 4 fully connected lay-
ers, with the number of nodes in each layer being 5, 500, 
500, and 326, and the activation function is sigmoid. 
Since SSDENet outputs sound source existences of all 

(5)ILD(ωi) = log |X̂l(ωi)| − log |X̂r(ωi)|

(6)IPD(ωi) =









Real[X̂l(ωi)/|X̂l(ωi)|]

Imag[X̂l(ωi)/|X̂l(ωi)|]

Real[X̂r(ωi)/|X̂r(ωi)|]

Imag[X̂r(ωi)/|X̂r(ωi)|]









(7)P(ωi) = SSDENeti(ILD(ωi), IPD(ωi))

(8)P(ωi) =
(

P(d1,ωi) ... P(dD,ωi)
)T

Fig. 5  Structure of SSDENet
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directions at once and is structured so that the sound 
source directions affect each other, it is expected to 
reduce false estimates more than existing engineering 
methods that estimate each direction independently.

Estimated sound source direction ˆd can be calculated 
as follows,

where ci is a coefficient indicating that the discrete fre-
quency ωi is valid for estimation. ωi can be set to match 
each sound to be estimated. The sound source direction 
can be estimated while excluding unnecessary frequency 
components of the subject sound by analytically select-
ing the frequency components. By estimating only the 
frequencies of the sound source signal, the influence of 
other sounds can be suppressed, and the directions of 
multiple sound sources with different frequency com-
ponents can be estimated. In practice, the sound source 
direction estimation is conducted on the frequency com-
ponents ω̂ output by the binaural environmental sound 
detection described below.

In order to train SSDENets, we use pre-measured 
HRTFs and generate training data by placing virtual 
sound sources. When a virtual sound source is placed 
in direction dh , the spectra Xtrain

l,r  and the sound source 
existence Ptrain are calculated as follows,

(9)d̂ = argmax
dk

P(dk) (k = 1, . . . ,D)

(10)P(dk) =

∑

i

ciP(dk ,ωi)

(11)ci =

{

1 (if ωi is valid)
0 (otherwise)

where Al,r are left and right HRTF, s is spectrum of vir-
tual sound source, nl,r are left and right background noise 
spectra, �dk .h is the angle between the direction dk and 
the direction dh , and σ is the variance of the existence 
distribution. By learning the sound source existences as 
a distribution with a peak in the correct sound source 
direction, it is expected for sound source direction to 
influence the close directions. The loss function of learn-
ing is the mean squared error, and the learning rule is 
Adam.

Binaural environmental sound detection
Environmental sound detection described as (iii) is 
conducted based on the convolutional neural network 
(MelCNN) using each Mel spectrogram as input. The 
structure of MelCNN is based on logMel-CNN [27], as 
shown in Fig. 6, and consists of two convolutional layers 
and two fully-connected layers. LogMel-CNN is a sim-
ple neural network used in environmental sound recog-
nition. The input of logMel-CNN is a Mel spectrogram, 
and it can be easily modified in both time and frequency 
domains. We think that logMel-CNN can be used as 
a detector by modified to target short sounds and run-
ning periodically in practice. MelCNN uses a Mel spec-
trogram as input and outputs the existence probability of 
each sound by using sigmoid as the activation function 
of the output layer. The Mel spectrogram is a series of 25 

(12)

Xtrain
l,r (ωi) =

Al,r(dh,ωi)
√

|Al(dh,ωi)|
2
+ |Ar(dh,ωi)|

2
s + nl,r

(13)P
train

(dk ,ωi) =
1

2πσ 2
exp

(

−

�d
2
k ,h

2σ 2

)

Fig. 6  Structure of MelCNN based on log-MelCNN [27]
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Mel spectra with 128 points on the mel-scale. This Mel 
spectrogram is normalized to use relative intensity as the 
input because the volume of incoming sound can eas-
ily vary depending on the distance of the sound source 
in the real environment. The existence probability of the 
target sound is defined as 0 when the sound is absent 
and as 1 when the sound is present. MelCNN outputs 
the existence probabilities of each sound respectively. 
In order to predict co-occurring labeled sounds, we use 
each sound data and mixed sound data for the training of 
MelCNN. In case multiple labeled sounds co-occur when 
MelCNN is used in a real environment, the outputs of 
MelCNN are existences probabilities of each sound, and 
multiple sound detection can be expected. Left and Right 
Mel spectrograms are input to MelCNN, respectively. 
The existence probabilities of each sound are calculated 
by summing the outputs weighted by sound volume ratio 
as follows,

where yi is the label of sound, p(yi) is the existence prob-
ability of sound yi , pl,r(yi) is the left and right existence 
probabilities of sound yi , and Vl,r are the left and right 
sound volume. This weighting is intended to prioritize 
the result of a more audible side. The loss function of 
learning is the KL divergence, and the learning rule is 
Adam.

(14)p(yi) =
Vlpl(yi)+ Vrpr(yi)

Vl + Vr

Also, the characteristic frequency components ω̂ of 
each sound are calculated during train data processing. 
When MelCNN predicts, detected sound labels and cor-
responding frequency components ω̂ are output, and the 
frequencies are used for determining which frequency is 
used for sound source direction estimation.

Experimental results
Effects of human mimetic outer ear structure
Change of frequency response in the median plane
We investigate whether the pinnae of the human 
mimetic binaural ear unit affect the frequency response 
in the median plane. A dummy head, as shown in 
Fig.  7(a), is used in the experiment. The dummy head 
can rotate in azimuth angle φ and elevation angle θ by 
two servo motors.

A loudspeaker is placed 1.5 m in front of the dummy 
head to play white noise, while the elevation angle is 
varied from −90◦ to 90◦ . In the experiment, we com-
pare the outer ear structure with and without pinnae, 
as shown in Fig. 7(b). The results of this experiment are 
shown in Fig. 7(c). While moving the neck in elevation, 
there is little change in the frequency response in the 
absence of pinnae. However, in the case of outer ear 
structure with pinnae, the frequency response changes 
significantly as the elevation changes. In particular, 
notches occur clearly in the high-frequency band above 
approximately 10000 Hz, suggesting that introducing 

Fig. 7  a Dummy head with developed ear unit. b Outer ear structure without pinna. c The difference of frequency response with and without 
pinna
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the human mimetic outer ear structure can induce 
notches like humans.

HRTF measurement
In order to confirm that the developed human mimetic 
binaural ear unit causes complex frequency response, 

we measured the HRTF of the unit. HRTF measure-
ment is conducted in a conference room with the noise 
level of 35 dBSPL and the reverberation time RT60 of 
550∼600 msec. HRTF measurement is taken in 326 
directions around the dummy head as shown in Fig. 8, 
and the angle between each direction and the nearest 
direction is 10◦ ∼ 11.8◦.

Fig. 8  Directions of HRTF measured

0.13

-0.13front backleft right

301.5Hz 0.17

-0.17front backleft right

560.0Hz 0.47
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-1.76front backleft right

5706.3Hz 1.82

-1.82front backleft right
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11994.0Hz

Fig. 9  ILDs calculated from HRTFs for each frequency
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560.0Hz 3.14
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990.5Hz
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-3.14front backleft right

11994.0Hz

Fig. 10  IPDs calculated from HRTFs for each frequency
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The results of this experiment are shown in Figs. 9 and 
10. ILD and IPD of this experiment are calculated as 
follows,

where arg is the argument of the complex.
First, we describe the result of ILD. In lower frequency 

bands of 301.5, 560.0, and 990.5 Hz, ILD changes gently 
from left to right, and the range of ILD is relatively small, 
ranging from 0.13 to 0.47. On the other hand, in higher 
frequency bands of 5706.3, 8548.7, 11994.0 Hz, ILD 
changes in such a way that there are sharp peaks on both 
sides, and the range of ILD increases from 1.76 to 2.17, 
indicating that the difference between left and right sides 
increased.

Next, we describe the result of IPD. Like ILD results, 
IPD changes gently from left to right in lower frequency 
bands. On the other hand, in higher frequency bands, 
IPD changes complicatedly because the period of sound 
is much smaller than the arrival time difference.

Sound source direction estimation using SSDENet
Simulation
We compare the performance with the MUSIC method 
[8] in sound source direction estimation when some types 
of sounds are generated from virtual sources located in 
the direction where HRTFs are measured. In this experi-
ment, a single source is assumed. In the MUSIC method, 
the sound source direction is estimated by summing the 
spatial spectra for detected frequency, and the frequency 
components used for sound source direction estimation 
are selected based on the ratio of the eigenvalues of the 
spatial correlation matrix [28]. The steering vectors for 
each frequency in the MUSIC method are the HRTFs 
measured at each frequency in the previous experiment. 
Spatial smoothing is not applied because the size of the 

(15)ILDHRTF (ω) = log |Al(d,ω)| − log |Ar(d,ω)|

(16)IPDHRTF (ω) = arg
Al(d,ω)

Ar(d,ω)

correlation matrix is 2 × 2. SSDENets for each frequency 
component are trained by 1000 sounds generated ran-
domly. The sounds generated by the virtual sound source 
are sine waves, triangle waves, square waves, and saw-
tooth waves with fundamental frequencies of 500, 1000, 
and 2000 Hz, and white noise.

The results of sound source direction estimation for 
each wave are shown in Fig. 11. The mean sound source 
direction estimation errors of the proposed method are 
smaller than those of the MUSIC method under all con-
ditions. In particular, the errors of the MUSIC method 
for sine waves and triangle waves are around 90◦ , which 
is comparable to the random case, but the results of 
the proposed method are relatively accurate in many 
directions.

Real environment
We investigated the accuracy of the sound source direc-
tion estimation in the real environment using the dummy 
head shown in Fig. 7a. This experiment is conducted in a 
room with the noise level of 58 dBSPL and the reverbera-
tion time RT60 of 270∼320 msec.

A loudspeaker is placed 1.5 m in front of the dummy 
head to play white noise of around 73∼ 76 dBSPL. We 
investigate the following three points in this experiment,

•	 Sound source direction estimation error in the hori-
zontal plane

•	 Sound source direction estimation error in the 
median plane

•	 Discrimination between left and right in the horizon-
tal plane, and between top and bottom in the median 
plane.

The results of this experiment are shown in Fig. 12e. As 
shown in Fig.  12a, the error of the proposed method is 
smaller than those of the MUSIC method in many direc-
tions of the horizontal plane. The results of sound source 
existences for the direction where the error of the pro-
posed method is large are shown in Fig.  12b. Although 

180

0

90

500Hz
Sine Triangle Square Sawtooth

1000Hz
Sine Triangle Square Sawtooth

2000Hz
Sine Triangle Square Sawtooth White

noise

MUSIC
SSDENet

Er
ro

r [
de

g]

Fig. 11  Results of simulation. Mean angle error for each condition
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there is a peak in the correct sound source direction, 
there is also a large peak in the front-back symmetry 
direction.

In the median plane, the errors of the MUSIC method 
are around 90◦ in any direction, which shows that the 
MUSIC method is not capable of sound source direction 
estimation in the median plane. On the other hand, the 
proposed method can estimate sound source direction 
with a sufficiently small error depending on the direc-
tion. The results of sound source existences for the direc-
tion where the error of the proposed method is large are 
shown in Fig. 12d. As in the case of the horizontal plane, 
there is a peak in the correct sound source direction, 
but there is also a large peak in the front-back symmetry 
direction.

The accuracies of left-right discrimination in the 
horizontal plane and top-bottom discrimination in 
the median plane are shown in Fig.  12e. The proposed 
method can estimate the left and right of sound source 
direction with high accuracy. In top-bottom discrimina-
tion, the accuracy of the MUSIC method is around 50 %, 
which means that the MUSIC method is not capable of 

sound source top-bottom discrimination. On the other 
hand, the proposed method can discriminate top and 
bottom though not as good as left and right.

Task realization based on detection of environment 
including out‑of‑view
The musculoskeletal humanoid used in this experiment 
is Musashi [29]. We investigate that the musculoskeletal 
humanoid can realize tasks that need out-of-view infor-
mation in the real complex environment. This experi-
ment contains tasks that require environmental sound 
detection of not only types of sound but also sound 
directions. We use SSDENets trained in the former sec-
tion. MelCNN used in this experiment is trained by six 
types of sound, car horn, alarm, ratchet sound, gearshift 
manipulating sound, key turning sound, and the human 
voice. The 50 samples are recorded for each label. The F 
score of MelCNN for these sounds is 0.87. In this experi-
ment, we deal with the driving noise of Musashi as noise. 
We record the driving noise and calculate the driving 
spectra in advance. We set the thresholds at 10 times 
the driving spectra for each frequency and apply the 

(a)

(c)

(d)

(b)

(e)

Fig. 12  Results of real environment. a Mean angle error of sound source direction estimation in the horizontal plane. b Example of estimation 
result in the horizontal plane. Sound source direction: φ = 10◦ , θ = 0◦ . c Mean angle error of sound source direction estimation in the median 
plane. d Example of estimation result in the median plane. Sound source direction: φ = 0◦ , θ = 10◦ . e (left) Accuracy of Left-Right discrimination in 
the horizontal plane. (right) Accuracy of Top-Bottom discrimination in the median plane



Page 11 of 15Omura et al. ROBOMECH Journal            (2022) 9:17 	

proposed method to spectra exceeding the thresholds. 
We use incoming sound and noise as training data for 
SSDENet and expect Musashi predicts the sound source 
direction in the real environment with his driving noise.

Manipulation of gearshift
Fig.  13 shows the behavior of the gearshift manipula-
tion. Musashi needs to operate the gearshift in this task 
and recognize that his operation causes the alarm. The 

(a)

(b)

Fig. 13  a Putting the car into reverse. b Melspectrograms and result of alarm sound direction estimation
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alarm sound occurs in front of Musashi. Musashi moves 
to put the gearshift into reverse and takes the left hand 
away when Musashi recognizes the alarm sound from 
the front. At first, the gearshift is grasped with the left 
hand as the initial state, and Musashi starts pushing up 
the gearshift. At around 25 sec, the gearshift is put into 
reverse, and the alarm sound starts. Musashi recognizes 
the alarm sound direction to be in front at 27.3 sec and 
releases the left hand from the gearshift to complete the 
motion.

Manipulation of parking brake
Fig. 14 shows the behavior of the parking brake manipu-
lation. Musashi needs to operate the parking brake in this 
task and recognize that his operation causes the ratchet 
sound. The ratchet sound occurs right side of Musashi. 
Musashi pulls up the parking brake and takes the right 
hand away when Musashi recognizes the ratchet sound 
from right. At first, Musashi grasps the parking brake by 
the right hand as the initial state and starts pulling up the 
parking brake. At around 23.5 sec, the parking brake is 

(a)

(b)

Fig. 14  a Applying the parking brake. b Melspectrograms and result of ratchet sound direction estimation
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applied, and the ratchet sound is heard. Musashi recog-
nizes the ratchet sound direction to be in the right at 23.7 
sec and releases the right hand from the parking brake to 
complete the motion.

Response to calls
Fig.  15 shows the behavior of the response to call. In 
order to turn to the direction of call, Musashi moves 
the neck and eyes and manipulates the wheelchair to 
turn the body around, and Musashi captures the per-
son who calls Musashi in the view. The visual detec-
tion of humans is performed for the right eye view, 

and [30] is used for the detection. Initially, at around 
2 sec, a person calls from the left side of Musashi, and 
Musashi detects the voice and recognizes that the call 
comes from the left side. After that, Musashi moves the 
neck and eyes at around 11 sec to check the left side, 
but Musashi cannot catch the person in the field of 
view, and then Musashi turns the body to the left side 
by manipulating the wheelchair for around 30 sec. The 
person calls again at around 38 sec, and Musashi recog-
nizes that the voice came from the left front. Musashi 
moves the neck and eyes to check the left side again, 
and Musashi captures the person in its field of view and 
finishes the behavior of the response to call at around 
48 sec.

Discussion
We discuss the results obtained from the experiments 
of this study. First, we describe the effects of the human 
mimetic outer ear structure. The human-like structures 
of the pinna and ear canal produce changes of frequency 
response in the median plane depending on the elevation 
and complex changes of HRTF. The frequency response 
changes in the median plane due to the pinna shape 
show effect similar to the pinna notch in humans. The 
pinna notches are seen from about 5000 Hz in the lower 
frequency range and are clearly visible in the higher fre-
quency range, which corresponds to the previous inves-
tigation [21]. Also, in terms of the effect on the HRTF in 
the frequency domain, at lower frequencies, ILD changes 
little, and the effect by ITD (IPD) is large, while the effect 
by ILD increases and ITD (IPD) has complex changes 
at higher frequencies, which supports “Duplex Theory” 
[31]. The human mimetic binaural ear unit developed in 
this study reproduces the characteristics of the human 
outer ear.

Second, we describe the sound source direction esti-
mation using SSDENet. In the simulation with multiple 
types of sound sources, the estimation errors are smaller 
than those of the MUSIC method. In the existing sound 
source direction estimation methods such as the MUSIC 
method, each frequency and direction is calculated inde-
pendently. On the other hand, SSDENet has a structure 
that includes the relationship between directions to be 
estimated in the proposed method so that it is expected 
for the false estimation results to be suppressed. Also, 
SSDENet works robustly in the real environment because 
it uses data with background noise components in train-
ing. Both the MUSIC method and the proposed method 
using SSDENet show higher accuracy for sounds with 
more frequency components such as square waves, saw-
tooth waves, and white noise than for sounds with fewer 
frequency components such as sine waves and triangle 

(a)

(b)

Fig. 15  a Musashi turns in the direction of the voice. b 
Melspectrograms and results of voice direction estimation
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waves. The reason is that the effect of the phase diversity 
of IPD becomes smaller as the number of frequency com-
ponents increases. In the real environment, the accuracy 
of the proposed method is higher than that of the MUSIC 
method in the horizontal plane. Although the errors in 
the median plane are not as large as that of the MUSIC 
plane in any direction, the estimation errors are larger 
than those of the horizontal plane, and it can be said that 
it is only for reference in practical use. Also, there are 
front-back confusions in both the horizontal and median 
planes. The accuracy of human sound source direction 
estimation is lower for top-bottom and front-back direc-
tions than for left-right directions. It can be said that 
the proposed method shows a similar trend of accuracy 
in sound source direction estimation as humans. How-
ever, humans improve their sound source localization 
accuracy by rotating and tilting their heads. In order to 
realize human-like sound source direction estimation, 
recognition combined with motion should be addressed 
in future work.

Finally, we describe task realization based on environ-
ment recognition, including out-of-view. We realize the 
acquisition of environment information and task realiza-
tion based on human-like auditory information process-
ing for each action. The high accuracy of the proposed 
system enables auditory recognition even in a cluttered 
real environment with background noise.

Conclusion
In this research, we proposed a human mimetic auditory 
environmental recognition system consisting of a human 
mimetic binaural ear, sound source direction estima-
tion system, and environmental sound detection system. 
The developed human mimetic binaural ear unit, which 
consists of the human mimetic outer ear structure, the 
microphone board that mimics human hearing char-
acteristics, and the acoustic processing board that per-
forms frequency decomposition with low latency, shows 
complex frequency response depending on the sound 
source direction like the human ear. The proposed sound 
source direction estimation method mimics detection of 
ILD and ITD at SOC and response to each direction at 
IC in human auditory information processing. In con-
trast to the existing engineering method, the proposed 
method uses neural networks that include the relation-
ship between directions and shows that it is possible to 
estimate the sound source direction using only two ears 
roughly. By implementing the proposed system, we real-
ized for the musculoskeletal humanoid to recognize 
the environment, including out-of-view areas, and per-
form some tasks which require recognition of objects 
out of view. In future works, we will work on the human 

mimetic wide-range environment recognition and task 
realization by integrating the proposed method with 
sensing modes, such as visual and tactile senses.
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