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A Hybrid Framework for Ego Noise Cancellation of a Robot

Gokhan Ince, Kazuhiro Nakadai, Tobias Rodemann, Yuji Has&, Hiroshi Tsujino and Jun-ichi Imura

Abstract— Noise generated due to the motion of a robot is deal with ego-motion noise like the following studies:
not desired, because it deteriorates the quality and intelyjibility Nishimuraet al. [4] estimated the ego-noise using robot’s
of the sounds recorded by robot-embedded microphones. It ‘et res and motions. With the help of the motion command
must be reduced or cancelled to achieve automatic speech th ded t . ¢ lat tchi t th,
recognition with a high performance. In this work, we divide € pre-recorded correct noise template matching 1o the
ego_motion noise pr0b|em into three subdomains of arm, |eg recent motion was Selected from the template databa.se and
and head motion noise, depending on their complexity and subtracted. It@t al.[5] developed a new approach of frame-
intensity levels. We investigate methods that make use ofrgile-  py-frame based prediction with a neural network to cope
channel and multi-channel processing in order to SUppress yyith ynstable walking noise. The trained network had to
€go noise separately. For this purpose, & framework consisg redict the noise spectrum from angular velocities of the
of a microphone-array-based geometric source separationa p p g )
consequent post filtering process and a parallel module for joints of the robot. In another work, analysis results of-ego
template subtraction is used. Furthermore, a control mechaism  motion noise [6] showed clearly that it has a highly non-
is proposed, which is based on signal-to-noise ratio and stationary nature. Therefore, Ine al. [6] proposed to use
instantaneously detected motions, to switch to the most dable o mp|ate subtraction which incorporates tunable paramete
method to deal with the current type of noise. We evaluate ¢ ith . ¢ lat tati that d i
the proposed techniques on a humanoid robot using automatic ©© COP€ WIth noise tempiate representations that do no
speech recognition (ASR). The preliminary results of isoled Mmatch to the instantaneous noise due to the deviations
word recognition show the effectiveness of our methods by in the noise spectra. However, all those methods suffered
increasing the word correct rates up to 50% compared to the from the musical noise[7], which can be described as
single channel recognition in arm and leg motion noises and gma)jer attenuations of the frequencies compared to velgti
up to 25% in very strong head motion noises. . . . . .

larger attenuations of their neighboring frequencies edus
by non-linear mapping of the negative or small-valued
_ _ _ spectral estimates. This distorting effect comes alondp wit

In daily environments, where robots are intended to bRonlinear single-channel based noise reduction techsique
employed in the near future, a lot of noise sources exisand reduces the intelligibility and quality of the audio
Therefore, a robot audition system must be able to cope witlignal. If we consider also that in order to cope with
all kinds of noises including the robot's own noises, i.€0 €gthe dynamically-changing environmental factors such as
noises, during an interaction with a human. One special typackground noises and unknown source positions, we apply a
of ego noise, which is observed while the robot is performingonlinear stationary background noise reduction techaiqu
an.act_lon using its motors, is cglled ego-motion noise. This.g. Minima Controlled Recursive Averaging (MCRA) [8]
noise is rather ignored [1] or circumvented by using closeprior to ego-motion noise reduction. Two consecutive
talk microphones [2] in the robotics literature, howevettwi nonlinear noise reduction operations produce even more
increasing popularity and growing demand on home/servig@usical noise, eventually causing deteriorated recamniti
robots, it will apparently become an important problem.  performances of automatic speech recognition (ASR).

Nakadaiet al. [3] proposed a noise cancellation method In this work, we propose the use of a framework that
with two pairs of microphones. One pair in the inner p_aft:onsists of a microphone array, sound source localization
of the shielding body records only internal motor noisgSSL), sound source separation (SSS), speech enhancement
and helps the sound localizer to distinguish between th&E) and template subtraction to cancel motor noises.
spectral subbands that are noisy and not noisy, and Furthermore, ASR is integrated to the framework to evaluate
ignore the ones where the noise is dominant. Besidege results of each processing stage qualitatively. Becaus
some single-channel based approaches are introducedefo-motion noise is created in the near field of the
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I. INTRODUCTION



mainly into three categories that can be analyzed sepgratel based on the known locations of the microphones and

from each other and investigate the performance of multi- positions of the sound sources obtained from SSL
channel approach for each of them. The main contribution relaxes the limitations of BSS such as permutation and
of our work will be incorporation of the SSS stage for a scaling problems. Therefore it can run in real-time.

smooth speaker/ego-noise separation and utilization f th 2) Sound separation of moving sources is possible. This is
SE stage for ego-motion noise suppression. We also enhance especially important if we consider that the part of the
the proposed system further by incorporating template robot where the microphones are mounted (e.g. head)
subtraction method into the hybrid framework to compansate  can move as well. Relative to a moving microphone
the poor performance of multi-channel approach especially  array, even stationary sound sources are regarded as
with the head motion noise (See Fig. 1). We demonstrate  moving objects.
that the proposed methods achieve a high noise elimination3) Generally, an embodied robot has loud ego noises
performance and thus improve speech recognition accuracy. such as stationary operational noise of hardware and
The rest of the paper is organized as follows: Section Il fan noise, which are also located close to each other.
describes an overview of the system. Section Il presents  Assuming we know the positions of these high noise
the main building blocks of the proposed framework that is emission sources, we can specify their direction,
composed of SSL, SSS, SE and template subtraction stages because our GSS module has a function of suppressing
in detail. Section IV shows the conducted experiments and  stationary ego noise as a fixed noise source.
consecutive results. The last section gives a conclusidn an The next stage after SSS is a speech enhancement step
future work. called multichannel Post Filtering (PF). This block attetes

/ . stationary noises, e.g. background noise, and non-station
| sound Multi-channel noises that arise because of the leakage energy between the
: Source Noise Reduction . 9 . 9y
| Localization System output channels of the previous separation stage for each
/ P individual sound source. We also inspected single-channel
ic. emplate subtraction module’s performace as an altemativ
t lat btract dul f It t
Speech ulti- . \ i u
SS"“”“ ) to the multi-channel approach. The overall architecture of
. ource . . . . .
| separation Enhancement/ the proposed noise reduction system is shown in Fig. 1.
C—> Reigz:ic:on As a final operation, the appropriate features are extracted
Background Template from the output of either PF or template subtraction
Noise Subtraction : operation, which represent the inputs of the ASR module.
Reduction Noise Recogmhzed
speec
- LGz E1E b [1l. SYSTEM ARCHITECTURE
. — oise . . .
| oOn | omenes | Template For our multi-channel approach, we will use the following
o ' Selection signal model forM sources andN (> M) microphones
otor .
sensors I througho_ut the textX(w) = [Xl(oo))_(z(w),--- , Xn ()] with
Template Xn(w) being the spectrum of the signal captured by kil

-
Template
Database

Fig. 1. Proposed hybrid noise cancellation system. The aftmv implies
a switch between two separate systems that operate siraaltaly.

Subtraction System / microphone.w denotes the angular frequency.
The following subsections explain processing blocks of

SSL, SSS, PF and template subtraction in detail.

A. Sound Source Localization

Il. SysTEM OVERVIEW In order to estimate the directions of arrival (DoA)

We propose to use an array that consists of multiplef the sound sources, we will use one of the most
omnidirectional microphones and that is mounted on thpopular adaptive beamforming algorithms called MUItiple
robot for this approach. The first building block of ourSignal Classification (MUSIC) [11]. It detects the DoA by
processing chain is composed of the elements performingerforming an eigenvalue decomposition on the correlation
SSL that extracts the location information of the mosmatrix of the noisy signal such as following:
dominant sources in the environment. Basing on the setectio
of the value assigned to the threshold parameter embedded Rxx(@, @) = X(w)X* (w), 1)

in this module (see Sec. llI-A), the number of detected h . ; | Lgate t ¢
sources can vary in time and space. The estimated locations” ere()* represents complex conjugate transpose operator

of the sources are used by a linear separation algorith de denp_tes the orientation of the robots head. Eigen
called Geometric Source Separation (GSS) [9]. It is a hybri ecomposition oR(w, p) leads to
algorithm that exerts Blind Source Separation (BSS) [1@] an _
beamforming. This method has three important advantages Ri(@,9) = Q(w, 9)AQ" 1w, 9), ©)
for the ego-noise cancellation problem. where A is the matrix, whose diagonal elements are the
1) The introduction of geometric constraints conceptorresponding eigenvalues, i&; = Aj andQ is the square
that involves calculation of current transfer functionmatrix, whosei-th column is the eigenvectay,. Moreover,



we assume that th& andg; belong to the sound sources of For this purpose, noise variances of both stationary noise
interest for 1< i <M and to the undesired noise sources fo$12(,n) and source leakagg®(w, n) must be predicted.
M+1<i<N. Whereas the former one is computed using the MCRA [8]
Prior to localization, steering vectors of the microphonenethod, to estimate the lattef$3(c,n) the formulations
array, G(w, ), are determined, which are measured aproposed in [12] are used. The noise suppression rule furthe

impulse responses for a certain orientationjof involves speech presence probability calculations such as
. given in [17] and is based on minimum mean-square error

P(w, ) = |NG (w,w)*G(w7w)| ) (3) estimation of the spectral amplitude [16]. According to
Snmi1 |G (o, )| the outcomes of our experiments, we conclude heuristically

The peaks occurring in the spatial spectrum yield théhat an eventual additive white noise step applied after
source locations. Moreover, a consequent source tracke@st filtering improves the speech recognition results by
system, which actually performs a temporal integration ogenerating an artificial spectral floor in the background of
the source directions in a given time window, runs to ensur@ speech signal and blurring the musical noise distortions.
the reliability of.the I_ocation estimation;. The decision o D. Template Subtraction [6]
the source locations is made by comparing the power of the __ _
peaks ofP(w, ) to a threshold valud and if the power of This method requires sensors attached to each motor

the source is less than the threshold, the source is eliminat(jomt) to measure its angular positions individually. hi
Currently, we set the threshold manually noise reduction method works like the following: During

the motion of the robot, actual positior@)( information
B. Sound Source Separation regarding each motor is gathered regularly in the template
We present here Geometric Source Separation whigieneration (database creation) phase. Using the differenc
is an adaptive algorithm that can process the input datketween consecutive sensor outputs, velodityalues are
incrementally and makes use of the locations of the sourcéslculated, too. Considering thhit joints are active, feature
explicitly. It requires lower computational cost compated vectors with the size of I? are generated. The resulting

ICA-based BSS algorithms. feature vector has the form & = [61,61,65,6,..., 6N, 6N].
SupposeV (w) is the separation matrix, separated sourceAt the same time, motor noise is recorded and spectrum of
Y (w) can be found such as below: the motor noise is calculated by the sound processing branch
running in parallel with motion element acquisition. Both
Y(w) =W(w)X(w). (4) feature vectors and spectra are continuously labeled with

. . . _time tags so that templates are generated when their tinse ta
To estimateV (w) properly, GSS introduces cost functions g P g 9

that t b nimized i iterati Ref tmatch. Finally, a large noise template database consisfing
at must be minimized in an iterative way (Refer %hort noise templates for many joint configurations is @éat

[12] for deta||s)._ Moreover, we use adaptive step-5|_ze In the prediction phase a nearest neighbor search in the
control that provides fast convergence of the separatlotﬁw

rix [13]. Besid GSS impl i | it atabase is conducted for the best matching template of
matrix [13]. Besides, our implementation aiso ExpBits |, i hoise for the current time instance using the feature

method called Optima Controlled Recursive Averaging [14]§[0int-status) vectors. The coefficients are calculatedifthe

which controls window size adaptlve_ly causing a smoothe elected templatess for the weighting operation in a simila
convergence and thus better separation results [15]. fashion like in Eq. (5)

C. Speech Enhancement

IV. RESULTS
Afte_r the_ separa}non process, a multi-channel post filterin O|n order to evaluate the performance of the proposed multi-
operation is applied so that the sounds can be enhanc

further. This module is based on the optimal estimato(r(;an"jmnel approach, we used ASIMO. As depicted in Fig. 2,

proposed by Ephaim and Malah [16], Since therr metno 8 % | ZANIREC W B8 THEE LSRR S
takes temporal and spectral continuities into considemati arm. 5 motors to move éach leg

it generates less distortion compared to the conventionail,[’iS clear that using the abc;ve-mentioned microphone
spectrgl subtr.ac.tlon based noise r.eductlon meth(_)ds. .%t¥ray configuration the neck motors are the closest sound
extending their idea further, a multichannel post filter IS urces. thus the most problematic ones, because the
proposed by Cohen [17], which can cope with nonStationa%tensity; of a sound wave depends on how’far it is from
interferences as well as stationary noise. This modulestreaa source with the basic formula:

the transient components in the spectrum as if they are dause '
by the leakage energies that may occasionally arise due to
poor separation performance .

The main aim of post filtering is to find the weighting where R denotes the distance. Therefore, we decided to
coefficientsGm(w) and estimate the clean audio signal thahandle the noise problem in different domains, each one
is represented bﬁn(w) by attenuating’m(w) as in Eq. (5). covering a set of joints required for a certain type of

an interaction with the robot's environment. We recorded

Sn(®) = Gm(w)Ym(w). (5) random motions performed by a given set of limbs, which

SoundIntensity- SoundPowet(4R?), (6)



can be classified mainly into 3 distinct categories follagvin « Single channel recognition,
the order of increasing noise intensitarm motion leg « GSS (implied as SSS) performed with a high threshold
motionand head motion T = 25dB (See Sec. llI-A for the usage df),
. : ; « GSS and Post Filter (implied as SE) with a low
thresholdT = 23dB,

« GSS and Post Filter with a high threshdld= 25dB,

« GSS and Post Filter with known source location.

Note that the threshold values are determined heuristicall
to ensure the accuracy of the detected source locations.

100

-&-Single channel

90} . GSS with high thr.
—~GSS+PF with low thr.
80, —+~GSS+PF with high thr.

-6-GSS+PF w. known src. loc

70p

Fig. 2. Experiments are conducted on ASIMO whose legs, amdshaad
can move. Motion noise is recorded by an 8-ch microphoneyawith a
circular layout embedded on ASIMO’s head.

Word Error Rate [%)]

Because the noise recordings are comparatively longe
than the utterances used in the isolated word recognitien, w
selected especially those segments, in which all contrigut
joints of corresponding category were active, thus the
noisiest parts of the recordings. The noise signal congjsti
of ego noise (incl. ego-motion noise) and environmental Fig. 3. Recognition performance of speech with arm motiois@o
background noise is mixed with clean speech utterances used
in a daily human-robot interaction dialog. This Japanese Speech recognition accuracy results are shown in Fig. 3.
word dataset includes 236 words per 4 female and 8ingle-channel results are used as a baseline. As expected,
male speakers. Acoustic models are trained with Japandbe GSS+PF system achieved up to 40% improvement
Newspaper Article Sentences (JNAS) corpus, 60-hour @fompared to the single-microphone based recognition and
speech data spoken by 306 male and female speakers, heoigtperformed GSS by increasing the ASR rates by an
the speech recognition is a word-open test. Furthermoragditional 10%. This result proves that the arm-motion @ois
multicondition training of an acoustic model is performedcan be treated as a directional & diffuse non-stationary
for each processing technique to be able to compare theise source that can be handled by GSS & PF stages. We
results of each processing stage in a better way. Speealso included GSS+PF, which makes use of the locations
recognition accuracy on clean audio files is around 97%btained from SSL with a low threshold, in order to show the
Speech recognition results are given as average word erigrportance of the threshold selection. If an inapprophyate
rates (WER) of five arbitrarily selected noise instancesifro low threshold is selected, additional non-existiggost
corresponding noise categories. The position of the speak&ources are detected, which at the end deteriorates the
is kept fixed at O throughout the experiments. Besidesperformance of GSS and PF. On the other hand, GSS+PF
recording environment was a room with the dimensionwith high threshold causes missing sources at low signal-
of 4.0mx7.0mx3.0m with a reverberation timeR({lbg) of to-noise ratio (SNR) cases that diminish the performance in
0.2s. The implementation runs on HARK, which is an openanother way. For an additional test bench, we also introduce
sourced software for robot audition [18]. "GSS+PF with known source location” results, where we
assume that the location of the sound source is estimated
precisely. Though it may seem that it achieves only a small

While moving arms (whole-arm motion pointing jmprovement on the ASR accuracy, the result is significant,
behavior), the microphone array and the head are keggcause it demonstrates the upper performance limit of our

stationary. Henceforth, we are able to fix the direction oproposed method just in case we solve the SSL problem.
the ego-noise originating from the backpack of ASIMO

(—180°). Note that giving a fixed ego-noise direction doed- SPeech Recognition with Leg Motion Noise

not pose any hard constraint on robot audition scenario The legs are used for performing stamping behavior and

or application, because the robot is already equipped witthort distance walking. Again, the same conditions as in the

sensors that transmit the positions of the joints. Dependirprevious experiment are provided. The recognition results

on the posture of the body, we exactly know where theurves in Fig. 4 show very similar patterns as in Fig. 3.

ego-noise is emitted and change the direction automaticallThis time, we observe severely deteriorated outcomes or th
The results are presented for five different conditions: GSS+PF method provided by an SSL that runs with a low

—%0 —1‘5

-10 -5
Signal-To-Noise Ratio [dB]

A. Speech Recognition with Arm Motion Noise



threshold. Because legs’ noise level is considerably hmigheffective with spectral subtraction based methods, becaus
and even more complex than arms’ noise, the localizatiomost speech enhancement techniques distort the spectrum
system fails with an improper setting, thus yielding ineatr and degrade features. Though the audio signals may be
position information to the next processing stages. Howeveperceived to be cleaner, it does not necessarily mean that th
for an optimally tuned threshold value, drastically highrecognition rate is improved. Moreover, template subtosct
suppression rates can be achieved even for high SNR’s. Trequires a long training session to build a database of
post filter contributes to a 30-50% reduction in the WERs.templates to choose from (For more details address to [6]).
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GSSwith highthr. 4 e
—~GSS+PF with low thr. =
—+~GSS+PF with high thr. 80 >
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40|-v-Only MCRA
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# GSS+PF w. known src

a0t
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Fig. 4. Recognition performance of speech with leg motiois&io Fig. 5. Recognition performance of speech with head motinsen
C. Speech Recognition with Head Motion Noise Fig. 5 illustrates the ASR accuracy for head motion noise.

Microphones’ current placement provides the fact thathe results of single-channel MCRA-based background
whenever the head moves, the microphone array rotates ragise reduction are poor, because the level of background
well. Another consequence of the head motion is of coursapise is considerably lower than the motor noise.
the relative motion of sound sources and ego-noise witNot surprisingly, we observed that GSS+PF operations
respect to the microphones. Since in this work we onlglemonstrate far worse performance compared to GSS alone.
applied isolated word recognition, the effect of the movinghat is because short range reverberation effects and
sound sources on the separation and speech enhancenmeultipath propagation are properties of head-motion noise
performance is rather mild. Nevertheless, to inspect thidat are very hard to overcome with the current post filter
capabilities of our proposed noise reduction system based algorithm assumptions and settings. However, we clearly
the SSS and keep the results coherent with future researgge that only GSS has performed promising results to deal
extensions of this work, we did not fix the ego-noise diractiowith highly non-stationary head motor noise. For a suitable
of the robot. In this experiment, SSL system predicted ithresholdT, it yields 15% improvement for low SNR's,
automatically. whereas WERs suffer a considerable reduction when SNR

The head motor noise is extremely loud due to itgets higher. We include "best case scenario with known
close proximity. Our partial directional & diffuse noise source” for GSS by giving the position of the sound source
assumption is violated, because a strong noise source iinadvance, which enables us to cross-check the significance
the very near field of the microphone array has highlpf the source separation approach for ego-noise suppressio
complicated propagation pattern. As a consequence, theoblem. The decrease in the WER’s even for high SNR rates
separation quality gets worsened and the noise model used20% compared to SSL-dependent GSS approach) prove
in the post filtering stage also does not hold any more (e.that a substantial improvement can be achieved in case we
the transient components in the separated signal spectr@an gather correct positions of the sources.
are due to leakage energies, etc.). Hence, after validatingFor the second part of the experiment, we recorded
the performance of the proposed multi-channel approachead motion noise by rotating the head of ASIMO
we want to compare the results with those of singlefelevation=[—30° 30°], azimuth=[—90° 90°]) randomly.
channel template subtraction technique. This method do&satus information (positions and velocity) of the motors
not model the noise depending on its nature, but rathare gathered from the joints with an average acquisition
uses instantaneous prediction of the current noise templatte of 7.3 ms, slightly faster than our frame shift rate of
depending on the position and velocity of the joints thal0 ms. The training data was a joint database consisting
contribute to the noise generation. Whereas it is prone w@f 30 minutes of motor noise and the corresponding joint-
modeling errors, it suffers from musical noise componentstatus vectors stored during this time span. We stored a test
caused by subtraction in the spectral domain. Therefordatabase of 10 minutes long. In Fig. /& indicates template
multicondition training of acoustic models is not alwayssubtraction andset specifies the database the templates



are extracted fromTraining set corresponds to the real real situation which involves speech recognition of selvera
experimental conditionTest setindicates the usage adeal speakers simultaneously while the robot is performing some
template constructed from the test set which yields theask or action.
maximum achievable results for the single-channel apfroac
in that sense. Although the potential of this method is very

impressive (as pointed out by the curve labeled with u-|-$1] T. Rodemann, M. Heckmann, B. Scholling, F. Joublin and@@erick
"Real-time sound localization with a binaural head-systesing
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