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Abstract

Elderly care

This paper proposes and implements an open framework of active auditory learning for a home service robot to serve
the elderly living alone at home. The framework was developed to realize the various auditory perception capabili-
ties while enabling a remote human operator to involve in the sound event recognition process for elderly care. The
home service robot is able to estimate the sound source position and collaborate with the human operator in sound
event recognition while protecting the privacy of the elderly. Our experimental results validated the proposed frame-
work and evaluated auditory perception capabilities and human-robot collaboration in sound event recognition.
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Background

For the elderly who live independently in their own resi-
dence, home service robots can play as a social com-
panion to collaborate and interact with the elderly. One
important communication channel in human daily life is
the sound, which includes voice and non-voice. There-
fore, it is desirable to equip home service robots with
sound processing capability. The robot needs to know
where the sound sources are located even when multiple
sound sources exist. This can help the robots respond to
human commands and events more accurately. Further-
more, it is very important for the home service robots
to understand the sound events that are generated by
human’s daily activities such as cooking, drinking, wash-
ing hands, having shower, using a toilet, sounds associ-
ated with anomalous behaviours such as falling on the
floor. Sound event recognition helps the robot not only
monitor elderly’s activities but also detect anomalies
happening in their home. Such a human-aware capa-
bility frees the robot to do its daily routine work, while
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being able to take care of the elderly more proactively and
effectively.

In recent years, home service robots for the elderly
living alone at home have been receiving growing inter-
est. There are already some commercial assistive social
robots for elderly care, such as Pearl, Aibo [1], Care-o-
Bots [2], Homie, iCat, Paro, and Huggable. [3]. Some of
them, for example Pearl and Care-o-Bots, can recognize
words, synthesize speech, work as autonomous guidance
or telepresence robots, and remind people about daily
activities such as eating, drinking, and taking medicine,
but they do not have the auditory capability that enables
the robots to understand both voice and event sounds.
Several research and development robots for domestic
environments, such as Johnny [4] and European Com-
panionAble project’s Hector [5], were equipped with
mapping, navigation, friendly graphical user interface
(GQUI), speech recognition, etc. The PR2 robot platform
was programmed to help a severely disabled man [6].
However, these robots are not able to recognize sound
events, especially in a multi-source environment.

Recently, sound event recognition (SER) has received
growing attention from the research community. Vari-
ous approaches have been developed for SER. Most
approaches are derived from the research on speech
recognition, such as hidden Markov models (HMM)
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with mel-frequency cepstral coefficients (MFCCs) [7],
Gaussian mixture models (GMMs) with LFCC [8], and
iGMM [9]. On the other hand, nonparametric learn-
ing methods have been proposed, such as the technique
based on sparse coding of stabilized auditory images
(SAIs) [10]. Recently, principal component analysis and
linear discriminant analysis are applied to the scale-
frequency map to generate the feature for sound event
classification based on the multi-class SVMs [11]. SVM-
based methods show high performance on sound event
recognition. MFCC-SVM can achieve an accuracy rate of
74.50 % [12]. Several works have applied deep neural net-
works (DNNs) for polyphonic sound event recognition,
such as multi-label DNNs [13], novel spiking neural net-
work system [14], and DNN-based framework with the
different spectrogram image-based front features such
as Google-style SAI features and spectrogram image fea-
tures (SIFs) [15]. These works were mainly tested on the
sound event databases that are the mixtures of sounds in
both indoor and outdoor environments. However, only a
few sound events that are associated with the daily activi-
ties of the elderly in home environment have been evalu-
ated by the auditory systems on the robots.

Humans have strong capability of auditory perception,
which enables them to not only understand the voice and
non-voice sounds, but also sort through the incoming
information. It is highly desired to equip the robots with
both speech recognition and sound event recognition
capability. Speech recognition has been well researched,
and there is even open-source software available, such as
PocketSphinx [16] and Julius [17]. However, sound event
recognition is still challenging due to the diversity of the
sounds associated with the same event. For example, even
the same event of an elderly person falling on the floor
can create different sounds, depending on where the fall
occurs. Different events also produce different sounds,
which makes it extremely hard to preprogram the robot
with a small set of training data. Moreover, it is not easy
for humans to recognize what is going on from hearing
domestic audio without context. The knowledge of the
context is one important factor that allows the humans
to hear in unconstrained environments and helps them
form predictions and guide their perception of the envi-
ronment [18]. These examples tell us that such a robot
should gradually learn the audio events in its unique
environment and, whenever possible, get assistance from
humans who can provide guidance on the auditory learn-
ing process. It is also desired that the robot can provide
contextual information for the humans by estimating the
position of sound sources.

In this paper, we propose that by putting a human in
the loop of sound event recognition, a robot can better
understand and more quickly adapt to its environment.
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The human-assisted sound event recognition for home
service robots is proposed and implemented based on
our previous work [19]. Using a microphone array, the
robot is able to localize and separate multiple sound
sources. Then, the robot classifies the separated sounds
into voice and non-voice. The non-voice sounds along
with location data can be sent to a human caregiver for
recognition and labelling. Since only non-voice sound
is sent to outside, the privacy of the elderly can be pro-
tected. With more and more labelled event sound data,
the robot can train its sound event recognition algorithm
to achieve better accuracy, therefore enabling incremen-
tal auditory learning. Such human-robot collaboration in
sound event recognition allows developing social intelli-
gence through active auditory learning.

This paper is organized as follows: The next section
describes the design of the robot platform with an audi-
tory system. Then, we describe the implementation of
auditory services and human-assisted sound event rec-
ognition, respectively. Following that, experiments and
results are presented to verify the working of the frame-
work. Finally, we conclude the paper and indicate the
potential future work.

Robot platform with an auditory system

The ASCC home service robot is built with a pre-existing
mobile platform as shown in Fig. 1. Besides basic features
such as simultaneous localization and mapping (SLAM)
and autonomous navigation based on 2D maps, the robot
also has the capability of auditory perception to collabo-
rate with the remote caregiver to recognize sound events.

Home service robot platform

Robot hardware

Our home service robot as shown in Fig. 1 was built on a
Pioneer P3-DX base with approximately a 1.5-m-long alu-
minium frame holding up a touch screen monitor, which is
used for video communication and graphic user interface.
Mounted on it are a RGB and Depth (RGB-D) camera, a
laser range finder (LRF), an Intel NUC minicomputer,
and a netbook computer. The RGB-D camera mounted
on top of the robot is an ASUS Xtion PRO LIVE, which
allows developing functions such as 3D mapping, obstacle
avoidance, and gesture-based control. The LRF, a Hokuyo
URG-04LX-UGO01, is a low-power LRF with a wide range
up to 5600 mm x 240° and an accuracy of 30 mm.

Robot software

The software for the robot was developed on ROS [20]
which runs in Ubuntu on the Intel NUC minicomputer.
For the basic functions in the robot, we utilized existing
packages from the ROS repositories to set up drivers that
interface with the robot base, the Hokuyo LRF, and the
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Fig. 1 The home service robot platform and the auditory system

Xtion camera. Two main services including SLAM and
navigation were developed based on existing ROS pack-
ages. SLAM was based on Rao-Blackwellized particle
filters [21]. Motion planning and autonomous naviga-
tion were based on the particle filter-based localization
method and the adaptive (or KLD-sampling) Monte
Carlo localization approach [22].

Auditory system

Auditory hardware

The hardware for auditory perception as shown in Fig. 1
was built with 4 G.R.A.S IEPE (integrated electronic pie-
zoelectric) microphones and an NI USB-9234 DAQ (data
acquisition). This set of microphones has high sensitivity
at 50 mV/Pa, a wide frequency range up to 20 kHz, and a
large dynamic range topping at around 135 dB. The DAQ
is a USB-based four-channel C Series dynamic signal
acquisition module for high-accuracy audio-frequency
measurements from IEPE and non-IEPE sensors. It can
deliver a dynamic range of 102 dB, incorporate program-
mable AC/DC coupling and IEPE signal conditioning for
accelerometers and microphones, as well as digitize signals
at rates up to 51.2 kHz per channel with built-in antialias-
ing filters that automatically adjust to the sampling rate.

Auditory software

The auditory software platform was based on HARK [23],
which is an open-sourced audition software consisting
of modules for acoustic signal processing, sound locali-
zation and separation, speech recognition, and audio
streaming. The data collection program was developed to
capture the audio data from the microphones, filter them
out, and send them to AudioStreamFromMic block (an

Page 3 of 12

audio stream receiver) through a WiFi TCP/IP socket for
further processing.

HARK-based auditory services

As shown in Fig. 2, developed using HARK, audition ser-
vices perform sound localization, sound separation, and
voice/non-voice recognition from the four-channel audio
stream coming from the data collection module.

Sound localization and separation

Sound localization is implemented based on the GEVD
(generalized eigenvalue decomposition) method [24].
Direction of arrival (DOA) in the horizontal plane
is estimated by the multiple signal classification
(MUSIC) method [25], which has shown the best per-
formance. This method localizes sound sources based
on source positions and impulse responses (transfer
function) of microphones. The transfer function gen-
erally varies depending on the shape of the room and
the relative positions between microphones and sound
sources [26]. However, when ignoring acoustic reflec-
tion and diffraction, and given that the relative posi-
tion of microphones and sound sources is known, the
transfer function Hp(k;) is limited only to the sound
source direction and calculated by the following
Equation [26]:

—j2m w;
Hpmu(ki) = exp( ! c lrm,n> @)

where c is the speed of sound; w; is the frequency in
the frequency bin kj; ry,, is the difference between the
distance from the microphone m to the sound source n
and the distance from the reference point of the coor-
dinate system to the sound source .

The sound that is emitted from N sound sources is
affected by the transfer function H(k;) in space and
observed through M microphones as expressed by Eq. (2).

X (ki) = H (k;)S (ki) + N (ki) (2)

where S(k;) is the sound source complex spectrum cor-
responding to the frequency bin k; N (k;) is the additive
noise that gets into each microphone.

The matrix of a complex spectrum of separated sound
Y (k;) is obtained from the following equation:

Y (k) = W (k)X (k) 3)

The separation matrix W (k;) is estimated by Geo-
metric-Constrained High-order Source Separation
(GHDSS) [27], which has the highest total performance
in various acoustic environments. With the source direc-
tion from sound localization, the separated sound Y (k;) is
likely close to its sound source S(k;).
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Fig. 2 The framework of human-assisted sound event recognition

Voice/non-voice recognition

The separated sounds are classified into voice and non-
voice. To achieve this, we use the support vector machine
(SVM) algorithm. In SVM, the kernel function is applied
to transform nonlinear and high-dimensional feature
vectors into simpler feature vectors that can be classified
by the optimal decision hyperplane using linear discrimi-
nant functions. The kernel function widely used in SVM
for audio applications is the Gaussian radial basis func-
tion (RBF) as follows:

KGaix) = exp( =y I — x11?) @
where y is a control parameter estimated from the vari-
ance of the distribution function of the training data.
RBF-SVM aims to construct the decision function for
the data point x based on N support vectors {xk}f,(\’:1 and
labels (¢}, as follows:

N

y(x) = sign lz apyiK (xp,x) + b
k=1

&)

where oy is the weight assigned to the support vector xy,
b is a constant bias. As shown in Fig. 3, the RBE-SVM was
implemented for voice/non-voice recognition based on
Voice Active Detection proposed in [28]. In order to train
the SVM, the audio training data consisting of labelled
voice and non-voice segments are decomposed into

frames. The 36-MFCC feature vectors are computed for
each frame. The trained SVM model can classify frames
of separated sounds into voice or non-voice.

Human-assisted sound event recognition

To the best of our knowledge, this is the first work that pro-
posed a framework for human-robot collaboration in sound
event recognition. The framework allows the robot not only to
capture and separate acoustic events but also to estimate the
context of sound events and send the audio data along with
their contextual information to human caregivers for labelling.
Human-assisted sound event recognition contains three func-
tions: sound source position estimation, human-assisted label-
ling, and autonomous sound event recognition as shown in
Fig. 2. The robot is able to estimate the sound source position
and send only non-voice sounds along with location data to a
human caregiver for recognition and labelling. The labelled data
are stored in the sound library (SoundLib), which can be used to
train the sound event recognition algorithm on the robot.

Sound source position estimation

The direction of the sound source can be estimated
using the sound localization method described above.
With one stationary microphone array, it is hard to esti-
mate the sound source position. However, the home ser-
vice robot can move around, which makes it possible to
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use triangulation to localize the sound source. Figure 4
shows an example of using triangulation to estimate the
positions of two sound sources. If the robot can measure
the sound direction at two different positions on the 2D
map, the sound position can be estimated by calculat-
ing the intersection of two lines pointing to the sound
sources from the robot positions. This method may cre-
ate a undesired intersection point like point P as shown
in Fig. 4. However, this point moves when the robot
measures at another position. Therefore, it can be elimi-
nated given the assumption that the sound sources are
stationary. With multiple steps, the robot can improve
the accuracy of position estimation using the RANdom
SAmple Consensus (RANSAC) algorithm [29]. The
sound source position estimation algorithm is shown in
Algorithm 1.

Algorithm 1: Sound Source Position Estimation

1. Measure direction data in N steps:
for step = 1 to N do
- Do sound localization in T seconds
- Remove data with large Root-Mean-Square-Error
- Generate the goal point on based on direction data and
the map and navigate the robot.

2. Calculate intersection points:

- Calculate intersection points by triangulation between the N

groups of direction.

- Remove the intersection points outside the map.

3. Random and select data:

for k = ko to Mazimum-of-K-times do
- Pick up n random points in intersection groups and
calculate RMSE of each n-point subgroup.

4. Calculate sound positions from average of the subgroups
with the least Root-Mean-Square-Error.

Human-assisted labelling

Many non-voice sounds are generated by human activi-
ties at home, such as having shower, flushing a toilet,
soaping hands, washing hands, brushing teeth in the
bathroom; using a microwave oven, and boiling water
in the kitchen. Recognizing these sounds can help the
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robot understand human activities. However, due to
the lack of sufficient training samples in the individual
home environment, it is very hard to achieve satisfac-
tory non-voice sound recognition. Therefore, as shown
in Fig. 2, we propose to let the robot and the human car-
egiver collaborate to recognize it. Basically, the robot
sends the segment of non-voice sound to the caregiver,
who then recognizes it and labels it through a user inter-
face. Such an interface can be on a computer, or a mobile
device such as a tablet or smartphone. The sound library
(SoundLib) consists of labelled sound events, which
can be used in the training of the sound event recogni-
tion algorithm, therefore enabling incremental learning.
When sufficient labelled data are available, the robot will
be able to use the recognition algorithm to accurately
recognize the event sounds.

Autonomous sound event recognition

In this work, we implement sound event recognition
based on multiple class SVMs with MFCC features.
SVM was originally designed for binary classification.
However, it can be utilized to construct multi-class clas-
sification or recognition in several approaches. The first
approach is decomposition by combining multiple SVMs
using One-Against-One (OAOQO), One-Against-All (OAA),
or hierarchical binary tree methods. The second is global
or all-together approach by solving a single optimiza-
tion problem. Compared with other methods by experi-
ments on large problems, Hsu and Lin concluded that
the OAA method could be more suitable for practical
use [30]. As shown in Fig. 5, the multi-class classification
is constructed by K SVM models where K is the number
of classes. SVM models are trained by the One-Against-
All (OAA) method. The ith SVM is trained with all train-
ing data in the ith class with positive labels and all other
training data with negative labels. After the training
phase, there are K decision functions as follows:

NL
Vi) = Y oK (xhx) +0 i=1.,K (6)
k=1
where Ol;'( is the weight assigned to the support vector x}(,
b'is a constant bias of the ith SVM.
The input x is classified into the class which has the
largest value of the decision functions:
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Sound Sources H

’.@’.‘:: ---------------- . é) Robot Pose 1

Fig. 4 Sound source position estimated by triangulation
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SVM-based SER is implemented by using OAA, RBE,
and 36-MFCC feature vectors.

Experiments and results

We conducted physical experiments to test and evalu-
ate our framework. A smart home testbed is set up in
our laboratory at the area of 16 ft x 22 ft as shown in
Fig. 6. It simulates a small apartment, which includes a
living room, a bedroom, a kitchen, a dinning room, and
a bathroom. Furniture is set up in different rooms. Dur-
ing the experiment, we use the OptiTrack system [31]
to provide the location ground truth of the robot, the
speakers, and the human to evaluate sound localiza-
tion as well as sound source position estimation. We
developed a system to simulate the multiple sound
events like those in a typical house. As shown in Fig. 7,
the sound simulation system includes multiple audio
nodes, an audio server, and an audio control applica-
tion. The audio nodes were developed using minicom-
puters (Beagleboards) and speakers. The sound events
in the bathroom, kitchen, living room, bedroom, and
dinning room were recorded or collected from the
Internet. Currently, our sound library (ASCC Sound-
Lib) has 50 sound event files and 50 speech files. As
shown in Fig. 7, audio control programs for the audio
server and the android smartphone were developed
to play sounds associated with the human activities
or play multiple sound event files at the same time on

different speakers placed at different locations. For
example, it can play both the TV sound in the living
room and the shower sound in the bathroom, or play a
sequence of sound events related to the cooking activ-
ity in the kitchen. The script or schedule for playing
sound events can be written in the JSON (JavaScript
Object Notation) format.

Sound localization

Sound localization was tested using the sound simula-
tion system and the OptiTrack system. To fully evalu-
ate the accuracy of the sound localization, the speaker
was placed at different directions (0°, +45°, +90° and
+135°) and distances (0.5, 1, 2 and 3 m) with respect
to the robot. The OptiTrack system obtains the rela-
tive locations between the speaker and the robot, which
are treated as the ground truth. For each location, we
run the sound localization algorithm 10 times and cal-
culated the mean and the standard deviation, which are
given in Table 1. The sound sources can be localized at
reasonable accuracy. From Table 1, the detection errors
are close in the same distance and not very sensitive to
the direction of the sound sources. However, the errors
increase with the distance. The standard deviation of
errors is < 2° at 0.5 m and < 4° at 3 m away from the
robot.

Sound separation and voice/non-voice recognition

Event sounds and voice sounds in our SoundLib are
randomly divided into training and testing data for
the SVM-based VNR. We labelled non-voice for all
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frames in event sounds and voice for all frames in
voice sounds. The VNR was trained by 36-MFCC fea-
ture vectors extracted from the audio segments with

a length of 512 samples. The testing event sounds and
voice sounds were divided into voice/non-voice pairs
that were simultaneously played by two speakers at the
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Table 1 Results of sound localization
Distance Errors Direction
0° +45° +90° +135° Sum
05m Mean (°) —03 —0.1 —0.2 0.2 —02
Std (°) 15 20 19 16 1.7
Tm Mean (°) 0.6 —-0.8 -02 0.5 —0.1
Std (°) 22 2.1 23 20 22
2m Mean (°) 0.1 02 —0.1 0.1 —03
Std () 3.1 29 30 2.7 29
3m Mean (°) 1.8 03 -1 —09 0.5
Std () 4.2 3.6 4.0 3.7 39
SNR of 0 dB. The robot successful separated each pair
into two different sounds. These separated sounds were Frame-based Voice/Non-Voice Classification Result
used to test our SVM-based VNR algorithm. It shows ) ' ' ' :
e ;
that 95 % of these separated sounds have more than %
70 % of frames that were recognized correctly into voice 2 .
or non-voice frames. Therefore, when the thresholds 3
of voice/non-voice decisions are set at 70 %, the voice/ < : : _
= i i 1 i 1 i
non-voice recognition results of the robot can reach an <~ 0 50 100 150 200 250 300

accuracy of 95 % for the whole separated sounds. As
shown in Figs. 8 and 9, more than 75 % frames of the
separated voice-sentence sound are voice, and more
than 72 % frames of the separated washing-hand sound
are non-voice.

Sound source position estimation

Two speakers are deployed in the living room and the
kitchen, respectively, and they simultaneously played
voice sound and non-voice sound at a SNR of 0 dB.
Figure 10 presents the results of sound positions esti-
mated by the robot using triangulation. The ground truth
positions of the two speakers are provided by the Opti-
Track system and represented by the red dots in the 2D
map created by the robot. The red arrow and the cyan
arrow represent the robot poses in the 2D map at the
beginning and the end of the triangulation, respectively.
The estimated positions are represented in the map by
the blue dot for the non-voice source and the green dot
for the voice source. The mean absolute error and the
standard deviation of estimated positions depend on the
initial distance between the robot and the sound source
as shown in Fig. 11.

Human-assisted sound classification

In our experiment, we were able to successfully assist the
robot in labelling non-voice sounds when the caregiver
is in another laboratory room. The GUI for sound label-
ling is shown in Fig. 12. Each of the separated non-voice
sounds was sent to the caregiver in five-second segments
that were saved into .wav files. They were also played on
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Fig. 8 Voice/non-voice recognition of separated voice sentences
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Fig. 9 Voice/non-voice recognition of separated washing-hand
sound
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the GUI and the caregiver selected the appropriate labels
by clicking on the combobox or inputting new labels.
The labelling results were sent back to the robot using
JSON format files that can be used in further training.
Therefore, this application can be used for human—robot
collaboration in detecting abnormal sounds in home
environments.

In order to evaluate human-assisted labelling, two
speakers simultaneously played the voice sound and the
event sound with the SNRs between the event sound
and the voice sound at around 0, 3, 6, and 9 dB. In these
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cases, the voice sound is treated as the noise and its
power is controlled by the audio player software on the
audio node. The speaker that plays event sounds was
moved around the testbed based on where the sounds
should come from, for example boiling-water sound was
played by the speaker in the kitchen. All 50 event sounds
in the ASCC SoundLib were played. The robot estimates
their position, separates, and recognizes them from the
background of the voice sound, then sends separated
event sounds to the remote caregiver for labelling. A
total of 10 graduate students from our laboratory par-
ticipated in this experiment as remote caregivers. The
experiment consists of two different tests. In the first
test, only the separated sounds were sent to caregiv-
ers. In the second test, both separated sounds and their
position estimation were sent to caregivers. As shown
in Fig. 13, the average accuracy rates of human-assisted
labelling in the first test are around 75 %, but 98 % in the
second test due to the position information is attached
with each sound. Such contextual information provides
reasonable hints for the caregivers to classify the sound
events.

Similarly, in order to evaluate autonomous sound
event classification, two speakers simultaneously played
the voice sound and the event sound. The SNRs between
the event sound and the voice sound are approximately
0, 3, 6, and 9 dB. We tested the SVM-based SER with 20
classes of sound events (boiling water, frying fries, mak-
ing coffee, washing dishes, teapot whistle, filling water
glass, washing hands, brushing teeth, soaping hands,
having shower, washing machine, flushing toilet, drying
hair, eating snack, glass dropping, door opening, yawn-
ing, coughing, laughing, others). The average accuracy
rates of sound event recognition with respect to SNRs
are shown in Fig. 14. In the first experiment, clean
event sounds in the ASCC SoundLib were used as the
training data. The testing results without sound sepa-
ration are very poor with average accuracy rates below
60 %. In the second experiment, the results are better
when the sound separation is applied. These separated
event sounds are labelled by the human and then used
for training in the third experiment. The results are
improved significantly.

Conclusions

In this research, we proposed and developed human-
assisted sound event recognition for home service robots.
Besides implementing robot services based on ROS and
the auditory services based on HARK, three functions
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Fig. 12 The user interface for human labelling of non-voice sounds

were implemented for human-assisted sound event rec-
ognition: sound source position estimation based on tri-
angulation, human-assisted sound event labelling, and
autonomous sound event recognition. We tested and
evaluated the above functions. Experimental evaluation

verified that the remote caregiver and the robot can col-
laborate to facilitate sound event recognition while pro-
tecting human privacy. Overall, this system will help
develop social intelligence for robot companions. The
future work will develop algorithms for the robot to
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Fig. 13 Average accuracy rates of human-assisted sound labelling
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Fig. 14 Average accuracy rates of sound event recognition with
respect to different SNRs

understand and predict the human activities and inten-
tions through sound events.

Authors’ contributions
The authors have equal contributions. All authors read and approved the final
manuscript.

Author details
! School of Electrical and Computer Engineering, Oklahoma State University,
Stillwater, OK 74078, USA. ? Beijing Advanced Innovation Center for Imaging

Page 11 of 12

Technology, Capital Normal University, Beijing 100048, China. * College of Elec-
trical Engineering, Zhejiang University, Hangzhou 310027, China.

Acknowledgements

This work was supported by the National Science Foundation (NSF) Grant
CISE/NIS 1231671 and CISE/IIS 1427345, National Natural Science Foundation
of China (NSFC) Grants 61328302 and 61222310 and the Open Research
Project of the State Key Laboratory of Industrial Control Technology, Zhejiang
University, China (No. ICT 1536).

Competing interests
The authors declare that they have no competing interests.

Received: 3 March 2016 Accepted: 17 May 2016
Published online: 02 June 2016

References

1. TamuraT, Yonemitsu S, Itoh A, Oikawa D, Kawakami A, Higashi Y,
Fujimooto T, Nakajima K. Is an entertainment robot useful in the care of
elderly people with severe dementia? J Gerontol Ser A Biol Sci Med Sci.
2004,59(1):83-5.

2. Graf B,Hans M, Schraft RD. Care-O-bot ll—development of a next genera-
tion robotic home assistant. Auton Robots. 2004;16(2):193-05.

3. Broekens J, Heerink M, Rosendal H. Assistive social robots in elderly care: a
review. Gerontechnology. 2009;8:94-03.

4. BreuerT, Macedo GRG, Hartanto R, Hochgeschwender N, Holz D, Heg-
ger F, Jin Z, Mdller C, Paulus J, Reckhaus M, et al. Johnny: an autono-
mous service robot for domestic environments. J Intell Robot Syst.
2012,66(1-2):245-72.

5. Gross H, Schroeter C, Mueller S, Volkhardt M, Einhorn E, Bley A, Martin C,
Langner T, Merten M. Progress in developing a socially assistive mobile
home robot companion for the elderly with mild cognitive impairment.
In: 2011 IEEE/RSJ international conference on intelligent robots and
systems (IROS); 2011. p. 2430-437.

6. ChenTL, Ciocarlie M, Cousins S, Grice PM, Hawkins K, Hsiao K, Kemp CC,
King CH, Lazewatsky DA, Nguyen H, Paepcke A. Robots for humanity:
using assistive robotics to empower people with disabilities. IEEE Robot
Autom Mag. 2013;20(1):30-9.

7. Ramasubramanian V, Karthik R, Thiyagarajan S, Cherla S. Continuous
audio analytics by hmm and viterbi decoding. In: 2011 IEEE international
conference on acoustics, speech and signal processing (ICASSP); 2011. p.
2396-399.

8. Fleury A, Noury N, Vacher M, Glasson H, Seri J-F. Sound and speech
detection and classification in a health smart home. In: 30th annual
international conference of the IEEE engineering in medicine and biology
society, 2008. EMBS 2008; 2008. p. 4644-647.

9. SasakiY, Hatao N, Yoshii K, Kagami S. Nested igmm recognition and
multiple hypothesis tracking of moving sound sources for mobile robot
audition. In: 2013 IEEE/RSJ international conference on intelligent robots
and systems (IROS); 2013. p. 3930-936.

10. Lyon RF, Rehn M, Bengio S, Walters TC, Chechik G. Sound retrieval
and ranking using sparse auditory representations. Neural Comput.
2010,22(9):2390-416.

11. Wang J-C, Lin C-H, Chen B-W, Tsai M-K. Gabor-based nonuniform scale-
frequency map for environmental sound classification in home automa-
tion. IEEE Trans Autom Sci Eng. 2014;11(2):607-13.

12. Temko A, Malkin R, Zieger C, Macho D, Nadeu C, Omologo M. Clear
evaluation of acoustic event detection and classification systems. In:
Multimodal Technologies for Perception of Humans. 2007; p. 311-22.

13. Cakir E, Heittola T, Huttunen H, Virtanen T. Polyphonic sound event detec-
tion using multi label deep neural networks. In: 2015 international joint
conference on neural networks (IJCNN); 2015. p. 1-7

14. Dennis J, Dat TH, Li H. Combining robust spike coding with spiking
neural networks for sound event classification. In: 2015 IEEE international
conference on acoustics, speech and signal processing (ICASSP); 2015. p.
176-80.



Do et al. Robot. Biomim. (2016) 3:7

20.
21.

22.

23.

McLoughlin I, Zhang H, Xie Z, Song Y, Xiao W. Robust sound event classi-
fication using deep neural networks. [EEE/ACM Trans Audio Speech Lang
Process. 2015;23(3):540-52.

Huggins-Daines D, Kumar M, Chan A, Black AW, Ravishankar M, Rudnicky
Al. Pocketsphinx: A free, real-time continuous speech recognition system
for hand-held devices. In: 2006 IEEE international conference on acous-
tics, speech and signal processing, vol. 1; 2006.

Lee A, Kawahara T. Recent development of open-source speech recogni-
tion engine julius. In: Proceedings: APSIPA ASC 2009: Asia-Pacific signal
and information processing association, 2009 annual summit and confer-
ence; 2009. p. 131-37.

Bar M. The proactive brain: using analogies and associations to generate
predictions. Trends Cogn Sci. 2007;11(7):280-89.

Do HM, Sheng W, Liu M. An open platform of auditory perception for
home service robots. In: 2015 IEEE/RSJ international conference on intel-
ligent robots and systems (IROS); 2015. p. 6161-166.

ROS wiki. http://www.ros.org/wiki/

Grisetti G, Stachniss C, Burgard W. Improved techniques for grid mapping
with Rao-Blackwellized particle filters. IEEE Trans Robot. 2007;23(1):34-46.
Fox D. Adapting the sample size in particle filters through KLD-sampling.
Int J Robot Res. 2003;22(12):985-1003.

Nakadai K, Takahashi T, Okuno HG, Nakajima H, Hasegawa Y, Tsujino H.
Design and implementation of robot audition system’HARK'—open
source software for listening to three simultaneous speakers. Adv Robot.
2010,24(5-6):739-61.

25.

26.

27.

28.

29.

30.

31.

Page 12 of 12

Nakamura K, Nakadai K, Asano F, Hasegawa Y, Tsujino H. Intelligent
sound source localization for dynamic environments. In: 2009 IEEE/RSJ
international conference on intelligent robots and systems (IROS); 2009.
p. 664-69.

Schmidt RO. Multiple emitter location and signal parameter estimation.
IEEE Trans Antennas Propag. 1986;34(3):276-80.

Okuno HG, Nakadai K, Takahashi T, Takeda R, Nakamura K, Mizumoto T,
Yoshida T, Lim A, Otsuka T, Nagira K, Itohara T, Bando Y. Hark document
version 2.1.0. Technical report, Kyoto University (2014).

Nakajima H, Nakadai K, Hasegawa Y, Tsujino H. Blind source separation
with parameter-free adaptive step-size method for robot audition. IEEE
Trans Audio Speech Lang Process. 2010;18(6):1476-485.

ZouY, Zheng W, Shi W, Liu H. Improved voice activity detection based on
support vector machine with high separable speech feature vectors. In:
2014 19th international conference on digital signal processing (DSP);
2014. p. 763-67.

Sasaki'Y, Kagami S, Mizoguchi H. Multiple sound source mapping for a
mobile robot by self-motion triangulation. In: 2006 IEEE/RSJ international
conference on intelligent robots and systems; 2006. p. 380-85.

Hsu C-W, Lin C-J. A comparison of methods for multiclass support vector
machines. IEEE Trans Neural Netw. 2002;13(2):415-25.

Motion Capture Systems-OptiTrack. https://www.naturalpoint.com/
optitrack/

Submit your manuscript to a SpringerOpen®
journal and benefit from:

» Convenient online submission

» Rigorous peer review

» Immediate publication on acceptance

» Open access: articles freely available online
» High visibility within the field

» Retaining the copyright to your article

Submit your next manuscript at » springeropen.com



http://www.ros.org/wiki/
https://www.naturalpoint.com/optitrack/
https://www.naturalpoint.com/optitrack/

	Human-assisted sound event recognition for home service robots
	Abstract 
	Background
	Robot platform with an auditory system
	Home service robot platform
	Robot hardware
	Robot software

	Auditory system
	Auditory hardware
	Auditory software


	HARK-based auditory services
	Sound localization and separation
	Voicenon-voice recognition

	Human-assisted sound event recognition
	Sound source position estimation
	Human-assisted labelling
	Autonomous sound event recognition

	Experiments and results
	Sound localization
	Sound separation and voicenon-voice recognition
	Sound source position estimation
	Human-assisted sound classification

	Conclusions
	Authors’ contributions
	References




