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Abstract power of the motor noises is stronger than that of target speech be-

) - ) ) cause the motors are closer to the robot's microphones. The motor
Automatic speech recognition (ASR) is essential for a robot to noises change irregularly so we cannot obtain satisfactory perfor-
communicate with people. One of the main problems with ASR mance from ASR using a conventional noise adaptation method.

for robots is that robots inevitably generate motor noises. The g far there has not been much research on speech recognition un-
noise is captured with strong power by the robot’s microphones, ger noises of robot motion.

because thehn0|se sou_ltﬁes are (lzloser to the_mlcfrpphones th?]nbthe One of the important differences between environmental
target speech source. The signal-to-noise ratio of input speec €hoises and robot motor noises is that a robot can estimate its motor

comes quite low (less than 0dB). However, it is possible to esti- 05 pecause it knows what type of motion and gesture it is per-

ma(;[e the n0|sebby using |nforma:|on on t/he robot's ogn motlcl)ns forming. Each kind of robot motion or gesture produces almost the
and postures, because a type of motion/gesture produces almosty e noises every time it is performed. By recording the motion

the same pattern of noise every time it is performed. This paper 5,4 gesture noises in advance, the noises are easily estimated.
proposes a method to improve ASR under motor noises by using By using this, we introduce a new method for ASR under robot
the information on the robot’s motion/gesture. The method selec- motor noise Ol;r method is based on three techniques, namely,
t_|vely uses_three techmq_ues—mu|t|-cond|t|0_n training, maximum- multi-condition training maximum-likelihood linear regression
likelihood linear regression (MLLR), and missing feature Fheory (MLLR) [5], and missing feature theorfMET) [7]. These meth-
(MFT).' The form_er two techniques cope W't.h the motor noises b_y ods can utiiize pre-recorded noises as described later.

selecting the noise-type-dependent acoustic model corresponding Since each of these techniques has advantages and disadvan-

to a performing motion/gesture. The last technique extracts un- hether it is effective d q h ¢ . q
reliable acoustic features in an input sound by matching the in- [29€S, whether itis effective depends on the types of motion an

put with a pre-recorded noise of the current motion/gesture, and9€Sture. Thus, just combining these three techniques would not be

masks them in speech recognition to improve ASR performance. Eff€ctive for speech recognition under noises of all types of mo-
Because, in our method, ASR technique selection affects the sysion and gestures. We therefore propose to selectively use those
tems performance, we evaluated the performance of three ASRgNethods according to the types of motion and motor noises. The
for each noise type of a robot's motion/gesture to obtain the best"€Sult of an experiment of isolated word recognition under a va-
technique selection rule. The preliminary results of isolated word M€ty of motion and gesture noises suggested the effectiveness of
recognition showed the effectiveness of our method using the ob-tiS approach. _ _ _ o
tained technique selection rule. In what follows, Section 2 discusses which of the existing
noise-robust ASR techniques would be effective for robot motor
: noises, and Section 3 explains our method for coping with robot
1. Introduction motor noises, with details of how we apply MFT applied using pre-
To make human-robot communication natural, it is necessary for recorded noises. Section 4 describes the isolated word recognition
the robot to recognize speech even while it is moving and perform- experiments, and Section 5 discusses the results, before summa-
ing gestures. For example, a robot’s gesture is considered to play dizing and mentioning future work in Section 6.
crucial role in natural human-robot communication [8, 9]. In addi-
tion, robots are expe_cted to perform tasks by physicgl actions [1_3] 2. Noise-robust automatic speech recognition
to make a presentation [10]. If the robot can recognize human in-
terruption speech while it is executing physical actions or making So far, a lot of noise-robust ASR techniques have been proposed.
a presentation with gestures, it would make the robot more useful. This section discusses which techniques are suitable for ASR un-
ASR by robot is difficult, however. This is because motor der robot motor noises.
noises are inevitably generated while in motion. In addition, the A common technique imulti-conditiontraining. It trains the
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Figure 1:Block diagram of the proposed method

acoustic model on speech data to which noises are added. This MFT-based methods show high noise-robustness against both
technigque improves ASR performance when an input signal in- stationary and non-stationary noises when the reliability of acous-
cludes the noises added in training the acoustic model. This hagtic features is estimated correctly. One of the main issues in apply-
a characteristic that it is easy to cope with stationary noises rathering them to ASR is how to estimate the reliability of input acoustic
than non-stationary ones. So, we expect that this is effective for features correctly. Because thignal-to-noise ratio (SNR)nd the
speech recognition in performing a motion or a gesture that pro- distortion of input acoustic features are usually unknown, the relia-
duces stationary noises. bility of the input acoustic features cannot be estimated. However,

MLLR also improves the robustness of ASR by using an adap- Pecause pre-recorded noises are available in recognition, the relia-
tation technique with the affine transform. MLLR adaptation for a Pility estimation of the input acoustic features is easier even when
multi-condition acoustic model is more effective in speech recog- the noise power is high. So, we think that MFT is more suitable to
nition than that for an acoustic model trained on clean speech,deal with the non-stationary noises from the robot's motors.
because the performance of speech recognition using the multi-  Spectral Subtraction (S$j] is one of the common methods
condition acoustic model is originally higher. Actually, we con- to suppress noises. l&t al. proposed to apply SS to cope with
firmed this through a preliminary experiment. Preparing multi- the robot’s own motor noise [1]. Their method estimated the mo-
condition acoustic models for all kinds of motor noises without tor noise from the robot’s joint angles with a neural network, and
using MLLR would be time-consuming. In addition, it might suf- performed SS using the estimated noise. One problem with this
fer from overfitting. approach is that ASR performance degraded when the noise is not

Missing Feature Theory (MFT[Y] is proposed to cope with ~ Well-estimated. In addition, when the noise estimation fails, the
noisy speech input. When there are noises, some areas in thélégradation is worse than that in the case of MFT approaches,
spectro-temporal space of speech are unreliable as acoustic fe2ecause SS modifies acoustic feature directly. Since the same
tures. Ignoring reliable areas or estimating features in the unreli- tyPes of motions do not always generate the exactly-identical mo-
able parts using reliable areas make it possible to perform noise-{or noises, it is difficult to estimate the motor noises well enough
robust speech recognition. As a similar approach, multi-band ASR for SS to cope with noises properly. So, the SS-based method is
[11, 12] has been proposed. This method uses HMMs for eachnot suitable for the robot.
sub-band, and obtains integrated likelihood by assigning smaller ~ When multiple microphones are available, it is possible to use
weights to unreliable sub-bands. In this paper, when we use thespeech separation techniques to extract the target speech such as
term MFT, it includes the multi-band ASR method. Beam Forming (BF}14], Independent Component Analysis (ICA)



[15], andGeometric Source Separation (G§3). BF is a com- of this process is described later.
mon method to separate sound sources by using multiple micro-  As discussed in the previous section, these three techniques
phones. However, in the cases of conventional BF approacheshave advantages and disadvantages. Multi-condition training
separate speech is distorted by noises and inter-channel leak enwvould be effective for all noises, but it might not be sufficient
ergy. This degrades ASR performance. Some BF methods withto adapt to each noise. MLLR enables adaption to each kind of
less distortion such as adaptive beamforming require a lot of com- noise, but, since MLLR's transform stays the same for all intervals
putational power, which makes real-time sound source separationof each speech, it might not work well for noises that change irreg-
difficult. ICA is one of the best methods for sound source separa- ularly. MFT is expected to work well for such irregular noises, but
tion. It assumes that sound sources are mutually independent andf the difference between pre-recorded noise and the noise included
the number of sound sources equals to that of microphones. Thesén the target speech is big, MFT is not effective.
assumptions are, however, too strong to separate sound sources \we therefore suspect that each of these are suitable for some
in the real world. In addition, it has some other problems called types of noises and not suitable for other noises. We apply these
permutation problem and scaling problem that are hard to solve.techniqueselectivelyaccording to the types of noises (Figure 2).
In GSS, the limitation of the relationship between the number of When the robot is performing a motion or a gesture and one of
sound sources and microphones is relaxed. It can separate up tehe techniques has been found to be effective for the noise of that
N — 1 sound sources wher® is the number of microphones  motion/gesture, that technique is applied. By this selective ap-
by introducing “geometric constraints” obtained from the loca- piication, we can avoid ASR performance degradation caused by
tions of sound sources and microphones. Actually, Yamarabto applying techniques that are not suitable for the noise.
al. reported a robot audition system that recognized simultane-
ous speech by combining of GSS and MFT-based ASR [2]. They 3 5. Missing feature theory for motor noises
showed the effectiveness of GSS as well as MFT-based ASR with
automatic reliability estimation using the inter-channel leakage en- Here we describe in detail how we apply MFT by using pre-
ergy. However, in GSS, errors in geometric constraints affect the recorded noises.
performance badly, while microphone and sound source locations  As stated earlier, throughout our method, we use log-spectral
generally include some errors in measurement and localization. features as acoustic features [3, 4]. The reason for this is as fol-
Multi-channel approaches are effective when sound sourcelows. Motor noise to cope with are additive noises. To use the
separation works properly. However, every approach generatesMFT for additive noises directly, we use log-spectrum acoustic
separation errors more or less. In addition, the size of a total sys-feature vectors. A log-spectral acoustic feature vector is normal-
tem tends to be large. This means that the number of parameterszed in the log-spectrum domain while MFCCs are normalized
for the system increases and more computational power is requiredn the cepstrum domain. The performance of ASR with the log-
by the system. Because the room and computational power a robospectral acoustic feature vector is equivalent to that with MFCC
can use are limited, they are hard problems when being applied toshown in Section 4. So, we use the log-spectral acoustic feature
a robot. Therefore, we focus on single channel approaches in thisvectors.
paper. In MFT, reliable features of the acoustic feature vector have
Consequently, we use multi-condition acoustic model training, large weight values and unreliable features have small weights.
MLLR, and MFT. The details of our utilization of these techniques The weights affect the acoustic likelihood as described in [3, 4].
are described in the next section. When not using MFT, the acoustic likelihood of a phoneme model
qr and the acoustic feature vectqris defined by

3. Automatic speech recognition based on
missing feature theory for motor noises L(selqs) = iL(s a8) 1)
t - ti .

3.1. Selective application of noise-robust ASR techniques i=1

This section describes the proposed method using multi-condition
acoustic model training, MLLR, and MFT to cope with noises gen-
erated by a robot’s motion. Figure 1 illustrates the block diagram N
of the proposed method. _ _ _

As acoustic features, we use log-spectral features, not mel- Liselar) = ;WIL(S“M"’)' @)
frequency cepstrum coefficient (MFCC). This is because log- =
spectral features are suitable for MFT as explained later. The
acoustic model is trained on the speech to which noises of all kinds

of motions and gestures are added. feature index in the log-spectrum acoustic feature vectortasd

o Forl each éYPe of motion, an dMIL'LT trans;orm_atlon matrix for yhe time frame. Because the range of log-spectrum is wide, we use
the multi-condition acoustic model is learned using some amount e gjgmoid function to limit the range of log-spectrum from 0 to

of spe_ech ?]at?/'”_vlillgen ret;ognlz[ng speephfconrt]amlnated byd"’_l MO3 . The average noise power at each frame is subtracted from the
tor naise, the R transformation matrix for the corresponding  5.4stic feature vector in order not to bias the value of output from
motion type is applied. the sigmoid function.

In addition, the pre-recorded noise for the motion is selected . . . .
; L F'is the number of dimensions of acoustic feature vector.
from pre-recorded noise templates. The pre-recorded noise is

matched to the target sound which is a mixture of speech and motor F
noise, and which frequency band of which time frame is damaged n' (f.t) = n(f,t) — 1 Z”(g t) @)
by the motor noise for determining weights for MFT. The details ’ ’ F et ’

In MFT, using a weight;, the acoustic likelihood is defined by

Weights for MFT are determined based on the noise level. Let
the log-spectrum of the estimated noisertf¢, t), wheref is the
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Figure 2:Robust ASR technique selection according to the types of noise

Next, n’(f,t) is inputted to the sigmoid function. The relia- ASIMO has two microphones mounted on its head. We made eval-

bility is defined by uations using the data recorded from the left microphone.
@ The data were recorded in an anechoic room. This is because
w(f,t) =1+ 1+ exp(n/(f, 1)) ) we wanted to avoid the effect of room reverbaration and other en-

' __ vironmental noise sources so that we can verify the efficacy of our
wherea is a parameter to represent the sharpness of the reliabil-proposed method, that is, to cope with the additive motor noises.
ity function w. When the« is large, the difference between the The data contain the speech signal recorded in the condi-

aCO.USt'C fealure vectors becomesllarge,and versa w IS nor- tion where distance from the speech source to the microphone
malized so that the sum of the weights at a frame can be equal to.

th ber of di ) d ibed in 3. 41, Thi lizati Is with switching off ASIMO’s motors. We used the ATR
€ number ot dimensions described in [3, 4]. This normalization 216 phonetically-balanced word set and conducted isolated word
suppresses the change in optimized values of parameters such

: . A aI’%cognition experiments. There are 25 speaker’s data in an ATR
|nse\;\t/|ﬁnnp\elzvnalty. ThemnclJtrimaIrl]zd?tciiliused foﬂr M;Ta | the station 216 phonetically-balanced word set and 1 speaker's data consist

1en we use a muili-condition acoustic model, the Stalion-- ¢ 51 g 3553656 word utterances. The duration of 1 word utter-
ary noises are incorporated into the acoustic model. We there-

f v MET onlv when th timated noise is st th ance is about 1.5 to 2 second. The speech data contains speeches
ore apply only when the estimated noise IS stronger than an ¢ 5 speakers (12 males and 13 females). The acoustic model
experimentally-defined threshold.

When the t f moti th th di was trained on the data of 22 speakers, (10 males and 12 females).
en the types of motions are the same, the Corresponaingr, unsupervised MLLR is applied to adapt to noises. The test

motor noises have similar spectral features. We recorded the noiseget consists of speeches of 3 speakers (2 males and 1 female)

OI ?” m\?\;lons zetLor?hl?nd_. Thes{ﬁ I’(letISES ?rﬁ tl:]sed as rt\0|se| t(tem"l'his set is different from the training set. The noise data con-
plates. Ve used the foflowing method to match Ine noise templa eSgin 34 kinds of noises: motor noise when ASIMO is not moving,

and tge targett n0|sfes. No:]e thgt th.e noises CothZ'?ﬁdtm thf ta.rge esture noises, noises when ASIMO is walking, and others. The
§0tL1hn (@ mix EIJ'LZ\C; speelc an n0|sefst)har§_f(;a N E ?Irvge ng]lse NR of each condition and motion pattern is shown in Table 2.
In this paper. sampie average of Ine diflerence bEWEEN € ¢ 1y jti-condition acoustic model is trained on speech data to

noise template and the target noiSés) is defined by which 34 kinds of noises are added. We also used these 34 kinds
1N of noises for the recognition experiment. The noises of these mo-
D(s) = — Z |T(s5)n — Ryl (5) tions were recorded several times, and the noises for evaluation,
N . . . . R
— multi-condition acoustic model training and template for match
ing are mutually exclusive.

We compared the speech recognition performances in the six
conditions shown in Table 1. Since acoustic models with multi-
condition training had been found effective by our preliminary ex-
periment, we used them for all conditions. MLLR (all) means

where T and R are a noise template, and a target noise, re-
spectively. T(s) or T(—s) means the acoustic feature vector
shifted forward or backward at samples. R is obtained as an
acoustic signal including no speech ddRais extracted manually

n th_:_shgargstr(.:hedm is defined by supervised MLLR for the noises of all 34 types of motions, and
MLLR (each) means supervised MLLR for the noise of each type
Sm = argmin D(s). (6) of motion. In condition C, the weights for MFT in this condition
s were determined by the average of the noise over time; that is, the
The acoustic features @f( s, ) are sentto MFT weight calculation ~ Weights were the same for all time frames. On the contrary, in con-
asn(f,t) in Eq. (3) with time shift informatiors,y,. dition F, the weights were computed for each time frame using the

estimated noise. We also tested SS for reference. In SS, noises are
; estimated by the same matching algorithm as used for MFT. Since
4. Experlment the application of MFT without MLLR resulted in worse perfor-
We conducted an experiment to investigate the effectiveness of themance than other conditions, we do not show the result of those
proposed method. We used the Honda Humanoid Robot ASIMO. conditions.



Table 1:Experimental Conditions

Condition A|B|C|D| E| F
Multi-conditon || v/ | v | V | V | V | V
MLLR (all) v | v

MLLR (each) VvV
MFT v v
SS v

Table 2:Signal-to-noise ratio and word accuracy

Motion Pattern SNR(dB) Word Accuracy (%) Best
A ]l B ] CJ]TDTJETTF method
| Motor noise w/o motion | 8.93 ][ 77.93] 77.01] 76.23] 81.02[ 80.25[ 80.09] D* |

Gesture | Right hand (1) 6.06 || 77.31| 77.47| 74.85| 77.93| 69.60 | 75.77 D
Right hand (2) 513 || 7454 | 7253 | 73.61| 73.46| 72.22 | 75.31 F
Right hand (3) 6.76 || 77.78| 77.47| 76.85| 77.78 | 77.93| 77.62| AorD
Right hand (4) 6.99 || 77.93| 76.85| 75.93| 78.40| 75.62 | 77.62 D
Right hand (5) 6.96 || 77.93| 77.01| 7855 | 77.47| 73.61| 79.32 F
Left hand (1) 6.58 || 75.31| 74.38| 73.92| 75.00| 68.67 | 75.31| AorF
Left hand (2) 6.16 || 73.46| 72.99| 72.69| 73.15| 70.22 | 72.99 A
Left hand (3) 6.90 || 76.85| 76.39| 77.62| 77.93| 77.16 | 79.32 F*
Left hand (4) 6.39 || 77.31| 76.08| 75.00 | 76.85| 76.08 | 78.86 F
Left hand (5) 711 78.09| 77.31| 75.46| 77.93| 72.38| 76.70 A
Both hands (1) 4311 70.83| 70.52| 70.06 | 72.07 | 66.51| 72.99 F
Both hands (2) 531 71.30| 70.52| 68.83| 71.14| 67.13 | 69.60 A
Both hands (3) 5.09 | 71.60] 69.75] 69.91| 71.30 | 68.67 | 71.91 F
Both hands (4) 554 || 72.38| 70.83| 72.563| 72.84| 70.22 | 73.92 F
Both hands (5) 6.39 || 75.00| 7454 | 73.15| 75.46| 71.14 | 75.31 D
Head (1) 7.01 | 77.62| 76.23| 70.22| 77.62| 74.07 | 73.30| AorD
Head (2) 7.39 || 74.07| 73.15| 69.60 | 75.15| 74.85| 72.99 D
Head (3) 754 || 75.15| 73.77| 73.92| 75.62 | 75.77 | 76.85 F
Head (4) -0.13 || 66.82| 65.43| 64.51| 68.36| 65.74 | 67.13 D
Head (5) -0.42 || 66.05| 64.66 | 65.12 | 66.67 | 63.58 | 67.28 F
Head and hands (1 245 || 65.74 | 65.12 | 63.27 | 64.97 | 62.81 | 64.51 A
Head and hands (2 3.11 | 66.51| 64.97| 63.12| 66.20 | 60.34 | 63.89 A
Head and hands (3 6.33 || 7454 | 73.77| 74.07| 75.15| 72.38 | 76.39 F
Head and hands (4 476 || 73.15| 71.91| 71.76 | 70.99 | 70.06 | 72.84 A
Bow 7.12 || 73.30| 73.77| 69.75| 75.15| 69.44 | 70.52 D*

Walking | Pattern (1) -5.81 || 60.65| 58.80| 62.35| 61.11 | 61.73 | 63.43 F
Pattern (2) -7.06 || 59.88| 59.26 | 55.86 | 59.41| 52.93 | 57.87 A
Pattern (3) -4.24 || 67.75| 65.90 | 64.97 | 68.36 | 63.43 | 65.90 D
Pattern (4) -4.23 ]| 70.37| 68.98| 67.13| 68.83| 64.51| 69.14 A
Pattern (5) -4.16 || 66.51| 65.59 | 64.81| 66.98| 58.80 | 67.13 F
Pattern (6) -4.85 || 66.82| 64.66 | 63.43 | 66.51 | 58.33 | 64.51 A
Pattern (7) -3.77]| 70.37| 68.98| 67.13| 68.83| 64.51| 69.14 A
Pattern (8) -4.11 ]| 65.90| 64.81| 64.81| 66.67 | 60.49 | 65.59 D

* shows the best method is better than A with the significance jevel0.05.

Table2 shows the experimental results. Conditions A, D, and 5. Discussion
F give better performance. In addition to multi-condition train-
ing, MLLR(each) and MFT are found effective for certain kinds Based on the experimental results, we can consider it possible to

of noises. On the contrary, MLLR(all) and SS are found to be not improve speech recognition performance by selecting condition A,
effective. D, or F according to the types of motion/gesture. This selective

application of noise-robust techniques would perform better than
employing a fixed strategy, that is, using one of the conditions of



A, D, and F for all types of noises. [4] Y. Nishimura, T. Shinozaki, K. lwano and S. Furui, “Noise-

Although applying MLLR to each noise type and applying robust speech recognition using band-dependent weighted
MFT may seem effective for certain kinds of noises, the improve- likelihood,” Technical report of IEICE, 2003, SP2003-116,
ment is rather small. We suspect that this is because the acoustic ~ pp. 19-24ih Japanesg

model based on multi-condition training is already well adapted [5] c. J. Leggetter and P. C. Woodland, “Maximum likelihood

to most of the noise types. The noises which were used in multi- linear regression for speaker adaptation of continuous den-
condition training and the noises added to the target speech were sity hidden Markov models,” Computer Speech and Lan-
recorded in the exact same environment. This is not the case, how- guage, 1995, vol.9, pp. 171-185.

ever, in robot speech recognition in a real environment where there

is reverberation and the distance between the human speaker and(®! 22 :
the robot changes. We think if the environment is different, acous- spectral subtraction,” IEEE Trans. on Acoust., Speech, Sig-
tic models obtained by multi-condition training is less effective nal Process., ASSP-33, 1979, vol.27, pp. 113-120.

and MLLR and MFT would achieve a more statistically signigi- [7] J. Barker, M. Cooke and P. Green, “Robust ASR based on

S. F. Boll, “Supression of acoustic noise in speech using

cant improvement in ASR performance. clean speech models: An evaluation of missing data tech-
niques for connected digit recognition in noisfoc. EU-

. ) .. [8] C. Breazeal, C., “Designing Sociable Robots,” MIT press,
In this paper, we have proposed an automatic speech recognition 2002.

method that copes with a robot’s own motor noises. In order to ] )
improve ASR under a robots’ own motor noises, our method used [9] H. Miwa, T. Okuchi, K. Itoh, H. Takanobu and A. Takan-

three techniques, that is, multi-condition training, MLLR adapta- ishi, “A New Mental Model for Humanoid Robots for Hu-
tion, and the missing feature theory. In applying the missing fea- manFriendly Communication-Introduction of Learning Sys-
ture theory, automatic estimation of unreliable acoustic features ~teém, Mood Vector and Second Order Equations of Emotion,”
is a main issue. Our method solved this problem by utilizing in- Proc. IEEE International Conference on Robotics and Au-
formation on a motion pattern obtained from a robot controller tomation 2003, pp. 3588-3593.

and a pre-recorded motor noise corresponding to the motion pat-[10] Y. Nishimura, K. Kushida, H. Dohi, M. Ishizuka, J. Takeuchi
tern. Also, it has another new feature that it selectively applies and H. Tsujino, “Development and Psychological Evalua-

those three noise-robust techniques to according to the types of tion of Multimodal Presentation Markup Language for Hu-
noises. The results of a preliminary experiments suggested that manoid Robots,’Proc. 5th IEEE-RAS Intl Conf. on Hu-
this method is effective. manoid Robots (Humanoids-2002D05, pp. 393-398.

For further improvement in ASR for a robot with motor noises, [11] A.Hagenand A. Morris, “Comparison of HMM experts with
we still need to solve several problems. We should confirm the '

ffecti f hod i | . th b MLP experts in the full combination multi-band approach to
effectiveness of our method in a real environment with reverbera- robust ASR Proc. International Conference on Spoken Lan-

tion and in a dynamically-changing environment as mentioned in : ) N
Sec. 5. In addition, it is required to improve noise estimation for guage Processing (ICSLP-2002000, vol.1, pp. 345-348.

the better weighting in MET. We are also considering combining [12] H. Bourlard et al., “A new ASR approach based on inde-

our method with sound source separation by using multi-channel pendent processing and recombination of partial frequency
microphones embedded in the robot. bands,"Proc. International Conference on Spoken Language
Processing (ICSLP-19961996, pp. 426—429.
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