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Abstract In this chapter, we investigate the performance of a misdatg recog-
nizer on real-world speech from the SPEECON and SpeechBatdabases. In
previous work we hypothesized that in real-world speechiclvis corrupted not
only by environmental noise, but also by speaker, revetioerand channel ef-
fects, the ‘reliable’ features do no longer match an acoustidel trained on clean
speech. In a series of experiments, we investigate theityabd this hypothesis
and explore to what extent performance can be improved byoony MDT with
three conventional techniques, viz. multi-condition iiag, de-reverberation and
feature enhancement. Our results confirm our hypothesisshod that the mis-
match can be reduced by multi-condition training of the aticoumodels and fea-
ture enhancement, and that these effects combine to someed€ur experiments
with de-reverberation reveal that reverberation can havejar impact on recog-
nition performance, but that MDT with a suitable missingadatask is capable of
compensating both the environmental noise as well as tlegberation at once.

1 Introduction

Automatic speech recognition (ASR) performance dropsdigpivhen speech is
corrupted with increasing levels of unfamiliar backgrouudse (i.e., noise not seen
during training) since the observed acoustic features ngdomatch the acoustic
models. One of the most effective approaches to improviagitiise robustness of
a speech recognizer is to perform multi-condition trair{itf]: Rather than training
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acoustic models on speech from a quiet environment onhyatbestic models are
trained directly on noisy speech signals. By carefully ctithg the training speech
to reflect the multiple acoustic conditions under which th&tesm must operate, it
is possible to minimize the mismatch between training astiusage conditions.
While often effective, recognition accuracies obtainechwitulti-condition train-
ing quickly deteriorate when the noisy environment dewdtem the one that was
used for training. Another disadvantage of multi-condittcaining is that the per-
formance for truly clean speech tends to degrade.

Missing Data Techniques (MDT) [25] are a very different aggmh to improve
noise robustness that ideally overcomes the problems witti-oondition training.
MDT, first proposed in [5], build on two assumptions: The faissumption is that
it is possible to estimate —prior to decoding— which spetémporal elements in
the acoustic representation of noisy speech are relialele iominated by speech
energy) and which are unreliable (i.e., dominated by bamkgd noise). These re-
liability estimates are referred to asrissing data mask. The second assumption is
that the statistics of the features which are consideredasmated by speech en-
ergy match with the statistics of clean speech training.ddtes assumption implies
that the acoustic models of MDT recognizers can be trainadjusean speech.

In the unreliable elements, the speech information is clemedmissing, and the
challenge is then to do speech recognition with partiallsesteed data. In this work,
we focus on the so-callddnputation approach [24], which handles the missing el-
ements by replacing them with clean speech estimates.i€lagsutation methods
include e.g. correlation and cluster-based reconstnudfi8, 25], state-dependent
imputation [17] which combines front-end imputation andsdlifier modification,
and the Gaussian-dependent method [32] which additioaliiys for reconstruc-
tion in the cepstral and PROSPECT domains. The latter mashexiployed in this
chapter.

While imputation has proven effective for increasing noaustness in the pres-
ence of both stationary and non-stationary noise, mostegtisting knowledge
about the effectiveness of MDT has been acquired using dséstwith noisy speech
that has been constructed by artificially adding noise oibugrtypes and intensi-
ties to clean speech (see e.qg. [6, 23]). Using artificiallsruiqated data is attractive
as it allows creating a missing data mask based on exact kdgelof the speech
and noise power in each time-frequency cell. This facégatomparison of differ-
ent MDT approaches and allows for analysis of the influencairs in reliability
estimation.

Real-world recordings, however, are generally not onlywated by background
noise, but can also affected by room acoustics. Moreovalwerld recordings
are more likely to introduce a mismatch between the obsespe@ch and the
speech on which the recognizer is trained, due to microplebaeacteristics and
speaker specific behavior such as lip-noises and Lombaedteffery few reports
exist that describe the effectiveness of single-channelfM&cognition on real-
world recordings (notable exceptions are [13, 19, 27]). tevipus research we
have used the SPEECON [16] and SpeechDat-Car [30] datafuadbst purpose.
The SPEECON and SpeechDat-Car databases are recordelisticreavironments
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such as in an entertainment room, office, public hall and Tae. databases con-
tain simultaneous recordings from four microphones plaatedifferent distances
from the speaker, one of them being a close-talk microphbimes, SPEECON and
SpeechDat-Car make it possible to investigate the impatitfefent degrees of nat-
ural distortions (background noise and reverberation)henperformance of ASR
systems. Specifically, since the close-talk microphonddcbe considered as an
approximation of ‘clean speech’, these corpora make itiptes$o investigate the

performance of MDT on real-world speech using an approaciiesi to what has

proven so effective with artificially corrupted databases.

We have found that a MDT recognizer that is trained with sphéram the close-
talk microphone is not very robust against the distortidret &are present in the
speech recorded with the three other (far-talk) micropkdti8]. Moreover, even
when using information from all available channels to eatera ‘cheating’ missing
data mask, the so-calledmi-oracle mask, we obtained much lower accuracies than
previously obtained on similar recognition tasks (such BRRARA-4 [22]) with
artificiality corrupted speech [35]. We hypothesize thé th due to a violation of
the second assumption underlying MDT, namely that thessizdi of the features
that are not dominated by background noise match with thistita of the features
from the close-talk microphone. Experiments with artifigijmdded noise all but
guarantee that the second assumption holds true: If in spewrs-temporal ele-
ment the speech energy is higher than the noise energy, seeweld signal will fit
the distribution of the clean training data. With real-vdorécordings, however, the
speech in the other recording channels is not only affegtedibitive noise, but also
by microphone characteristics and reverberation. Thistagffect that the ‘reli-
able’ features, while dominated by speech energy, stilhmaish the trained speech
features. As a result, imputation and recognition accuaaeybound to suffer.

In this chapter, we test this hypothesis and explore whedtagnition accuracy
can be improved by combining MDT with three conventionahtgques, multi-
condition training, de-reverberation and spectral suiiva. First, we extend the
MDT approach, in which the recognizer is trained on clode-thannel ‘clean’
speech, by using acoustic models that are trained on madtlition training ma-
terial from all recording channels. In doing so, we assunat the proven tech-
niques for estimating missing data masks and for imputingsing data can also
be applied to real-world speech. Second, the availabifitipor parallel channels
in the SPEECON and SpeechDat-Car databases makes it possitgttect strong
reverberation and to create a new kind of ‘cheating’ missiata mask that labels
time-frequency cells dominated by reverberation as ‘uapéd’. This missing data
mask, reminiscent of the de-reverberation technique usdd, 21], allows us to
investigate the impact of reverberation on the recognitiocuracy and to explore
whether a combination of de-reverberation and MDT will ioy®@ performance.
Third, we investigate the performance obtainable withueaenhancement tech-
niques on real-world recordings and whether feature erdraant can be combined
with MDT, either to improve missing data mask estimation @mréplace multi-
condition training as a means for diminishing the hypothegimismatch between
training and test/use conditions.
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The rest of the chapter is organized as follows. In sectiore2ntroduce MDT
and the imputation method used in the chapter. In section @eseribe the isolated
word recognition task used in our experiments. In sectiore4lescribe the missing
data mask estimation techniques used for MDT and the dege@dahitecture used
in later sections. In section 5 we present the experimenitis @é&an and multi-
condition acoustic models. In section 6 we investigate thmkination of MDT
and de-reverberation and in section 7 we investigate useatfife enhancement
in combination with MDT. Finally, we have a general discossand present our
conclusions in section 8.

2 MDT ASR

2.1 Missing data Techniques

In this section, we briefly review the MDT framework [5,25).ASR, the basic rep-
resentation of speech is a spectro-temporal distributfaacoustic power, apec-
trogram. In noise-free conditions, the value of each time-freqyeat! in this two-
dimensional matrix is determined only by the speech signaloisy conditions, the
value in each cell represents a combination of speech andjimacd noise power.

To mimic human hearing, often a MEL-frequency scale andritgaic com-
pression of the power scale are employed. We denote the (vigjuency) log-
power spectrograms of noisy speechYaf clean speech &S and of the back-
ground noise all. Elements off that predominantly contain speech or noise energy
are distinguished by introducing a missing data mdsKk he elements of a mask
are either 1, meaning that the corresponding elemeltisfdominated by speech
(‘reliable’) or 0, meaning that it is dominated by noise (‘alable’ c.q. ‘missing’).
Thus, we write:

def . .

1 = reliable ifS(k,t) —N(k,t) > 6

Mikt) =4 Lo, ehanle  ifSlket) =Nkt (1)
0 = unreliable otherwise

with M, Y, S, andN two-dimensional matrices of size x T, with frequency-band
indexk, 1 <k <K and time-frame indek, 1 <t < T. 8 denotes a constant SNR-
threshold.

Assuming that only additive noise corrupted the clean dpgbe power spectro-
gram of noisy speech can be approximately described as th@ftthe individual
power spectrograms of clean speech and noise. As a conseygirethe logarithmic
domain, the reliable noisy speech features remain appaigisnuncorrupted [25]
and can be used directly as estimates of the clean speedhefeat

In the real-world speech recorded by multiple microphor@ssitlered in this
chapter it is questionable whether features that are ldlel@ble with such a pro-
cedure remain approximately uncorrupted. Most speakectsfflike the Lombard
effect) will show up equally in all recording channels. Exovimental noise, channel
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effects and reverberation, however, are likely to affeetdtiferent channel record-
ings differently. A fundamental problem is thus the defanitof ‘clean’ speech and
‘noise’ underlying (1). Even if a close-talk microphonersidis used for training
the acoustic models as an approximation of ‘clean’ speexkyas done in previ-
ous work [13], the ‘noise’ in the far-talk channels actualbnstitutes not only the
environmental noise, but also extra feature variation dube way in which chan-
nel characteristics and reverberation have affected tbecspenergy. Conventional
mask estimation techniques, however, make the distinti@ween features dom-
inated by speech or background noise by searching for gpttiporal elements
that have the characteristics of speech. As a result, thétires ‘reliable’ features
retain any channel and reverberation effects. As a consegué&eliable’ features
that are determined in the conventional way are likely tonmaich the statistics of
the features in the close-talk channel used for training.

In sections 5 and 7 we explore the impact of reducing this rismbetween the
acoustic model and the ‘reliable’ features. In section 6ake the opposite approach
and see if we can reduce a part of the mismatch by considdmmgeverberated
speech features as ‘noise’ and modify the missing data naskdingly.

2.2 Gaussian-dependent imputation

Originally, MDT was formulated in the log spectral domair].[blere, speech is
represented by the log-energy outputs of a filter bank andeteddy a Gaussians
Mixture Model (GMM) with diagonal covariance. In the imptitamn approach to
MDT, the GMM is then used to reconstruct clean speech estmfat the unreliable
features. When doinlgounded imputation, the unreliable features are not discarded
but used as an upper bound on the log-power of the clean spstuofate [6].

Later, it was found the method could be improved by usingestdi7] or even
Gaussian-dependent [31] clean speech estimates. In {hgsmahes, the unreliable
features are imputed during decoding and effectively deémenthe hypothesized
state identity. However, filter bank outputs are highly etated and poorly mod-
eled with a GMM with a diagonal covariance. This is the reasby conventional
(non-MDT) speech recognizers employ cepstral featureimdd by applying a
de-correlating Discrete Cosine Transformation (DCT) andpectral features.

In [31] a technique was proposed to do Gaussian-dependeuhded) impu-
tation in the cepstral domain. The drawback of that techmigpas the increased
computational cost, because the imputation of the cleaecépwas done by solving
a Non-negative Least Square (NNLSQ) problem. The Gausi@aendent imputa-
tion approach used in this chapter [32] refines that apprbgakeplacing the DCT
used in the generation of cepstra by another data-indepelidear transformation
that results in computational gains while solving the NNL&@blem. The result-
ing PROSPECT features are, just like cepstral coefficidatgely uncorrelated and
therefore allow to retain the high accuracy at high SNRs dkagdhe good perfor-
mance at lower SNRs obtained with Gaussian-dependent atiqoit
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3 Real-world Data: the SPEECON and SpeechDat-Car
databases

In the research reported in this chapter we used the SPEEA®Nahd the
SpeechDat-Car [30] databases. These databases contaih speorded in realistic
environments with multiple microphones. There are fouording environments:
office, public hall, entertainment room and car. The offiegljz hall and entertain-
ment room material stems from the SPEECON database andreontaltichannel
data with each channel corresponding to a different miasophposition: channel
#1 is a headset microphone, #2 a lavalier microphone andd*84are medium and
far distance microphones placed & o 3 meter from the speaker. The car envi-
ronment contains material from both the SPEECON and Speste@iBr databases,
with again channel #1 a headset microphone and #2 a lavalieopmone, while the
channel #3 microphone was placed behind the rear-view mand the channel #4
microphone was placed near the rear window (SpeechDateCa€gar the rear-view
mirror (SPEECON). The speech material is recorded with aH6dampling rate.

The use of these databases is a middle ground between ftigaiyi corrupted
speech as found in for example the AURORA databases [142#j@one hand,
and the complex real-world conditions on the other.

3.1 Isolated word test set

For our recognition experiments, we used a subset of thatembword data in the
Flemish part of the SPEECON and the SpeechDat-Car databEsese isolated
word data contains command words, nouns and verbs. We ootesira test set
containing a balanced mixture of SNR conditions. Using thiRSstimates ob-
tained in [13] we created 6 SNR subsets, each with a 5dB bithwapanning a
0dB to 30dB range. The SNR subsets were filled by randomlgsete700 utter-
ances per SNR subset, ensuring a uniform word occurren@&SMNR bins do not
contain equal numbers of utterances from the four chan@ssgerally speaking,
the highest SNR bins mostly contain utterances from chathelvhile the lowest
SNR bins mostly contain channel #4 speech.

The resulting test set contains, 585 utterancés with 565 unique words, 54
minutes of speech embedded in 13 hours of audio signal. Bheetis spoken by
232 speakers, 115 male and 117 female.

1 The observant reader will have noticed that the total numbenodis does not add up t0:46 x
700= 16,800. This is because one subset (the entertainment room envinbimtae [0 — 5| dB
SNR bin) only contains 435 utterances rather than 700 duattstarcity.
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3.2 Training sets

The clean training set contains 40 hours of speech embedd@&bihours of signal.
Among the utterances used for training are command wordseatbisentences. All
the 61940 utterances in this set are from channel #1 data, with tmasd SNR
range of 15 to 50 dB. The clean training set was spoken by 18aksps, 82 of
them are male and 109 female. There is no overlap betweekesgéa the test and
training sets.

The multi-condition train set contains 127 hours of speetibexded in 205
hours of signal, 23849 utterances in total. Beside all channel #1 data included
in the clean training set, the multi-condition set contalisitterances from chan-
nels #2, #3 and #4 which have an estimated SNR of 10dB andighe 10 dB
cut-off is necessary to prevent frame/state alignmenessluring training and to
ensure the acoustic models trained on this data remainisaffic discriminative.
The multi-condition training set thus contains an addiidsb hours of channel #2
data (54381 utterances), 54 hours of channel #3 dataZ58 utterances) and 32
hours of channel #4 data (375 utterances). While the training sets differ in size,
they do not differ in terms of speech-related observatiomsesthe data stems from
multi-channel recordings.

The speech in the training set is taken from three noise @mvients: office,
public hall, and car. The channel #1 speech used in the dleimmig set, 6% hours
of signal in total, is composed of 47 hours of signal from tffece environment, 2
hours from the public hall environment and.24ours from the car environment.
For the multi-condition model, the 205 hours of signal arae from 168 hours of
signal recorded in the office environment, 6 hours from thaipunall environment
and 31 hours from the car environment.

4 Experimental setup

4.1 Mask estimation

4.1.1 Semi-oracle masks

With the recordings used in this paper, the underlying clgagech and noise are
not known exactly. As a consequence, oracle masks usefobfaining an estimate
of the upper bound on recognition performance with MDT, adrive computed.
We can, however, use the multi-channel data to estimatecttvaltedsemi-oracle
mask. In order to calculate this mask, we use the channel #1 d&iahvis obtained
from a headset microphone, as an estimate for the underty@amn speech in the
other channels. In order to compensate for the delay andpthione differences
between channel #1 and the other channels, we use an acmsticanceler (AEC)
to predict the clean speech component.
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By minimizing the (energy) difference between a filteredsian of the chan-
nel #1 signal and a far-talk microphone signal, the AEC ea® a Finite Impulse
Response (FIR) which can be considered as the best possilotate of the trans-
mission path from the close-talk microphone to the far-talkrophone. Thus, the
remaining differences between the filtered far-talk chaand the unfiltered orig-
inal can be attributed to the noise in the far-talk channel @en serve as a noise
estimate. By thresholding the difference between the $paed noise estimates
using (1) we obtain the semi-oracle mask.

For the AEC, we used the PEM-AFROW algorithm [38], using secorder
pre-whitening filters and a 25 ms FIR filter. Because we cagnatantee that the
distance between the speaker and the microphone is cofmtatitutterances in a
session, the filters are re-estimated for every utteranderauitiple iterations over
the same utterance are used to improve the convergence. tBiads a ‘cheating’
missing data mask, we manually selected the optimal masislttbid after recog-
nition over a large interval of threshold values for eactording environment and
each acoustic model.

4.1.2 Vector Quantization Masks

As a first approach to estimate spectrographic masks fromgesiecording chan-
nel, we employ the Vector Quantization (VQ) strategy pragbs [37]. Here, the
key idea is to estimate masks by making only weak assump#bast the noise,
while relying on a strong model for the speech. The speectehiséxpressed as a
set of codewords (a codebook) containing the periodic aedi@gic part of train-
ing speech. The periodic part consists of the harmonicstelt paultiples and the
remaining spectral energy is considered the aperiodic Bath parts are obtained
using the harmonic decomposition method described in [33].

During decoding, we apply the harmonic decomposition taotheerved speech.
We then use the periodic and aperiodic part of the obsenesetéito recover a clean
speech estimate from the set of stored codewords by mimimecost function that
is robust against additive noise corruptions. The aperipdrt of the observation is
used to provide a noise estimate by taking its long-termmmimn as in [20]. Finally,
the spectrographic VQ-based mask is estimated by thrasigalde ratio of speech
and noise power estimates using (1). To compensate for loremnel distortions,
the VQ-system self-adjusts the codebook to the channehglueicognition.

Since the codebook only represents a model for the humame vdecoding of
non-speech (or noise) frames will lead to incorrect cod&lmatching and misclas-
sification of mask elements. ThereforeVa@ce Activity Detector (VAD), segments
speech from non-speech frames in order to restrict magkatitin to frames con-
taining (noisy) speech. For a frame labeled as non-spekchask values are set to
zero, indicating that all components are unreliable.

The VQ-codebook was trained on features extracted fromldsedalk channel
SPEECON training database. The number of codebook entee$@0. The VAD
was inspired by the integrated bi-spectrum method destiibn§26]. Recognition
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tests on the complete test set using a large interval oftibléwvalues revealed that
the threshold setting was not very sensitive. The (optimesjlts presented in this
work were obtained witl = 8 dB.

4.1.3 SVM masks

A different approach to mask estimation is to use machinmieg to classify each
feature as either reliable or unreliable. A machine leaymilgorithm can be used to
associate noisy speech features with reliability scoratsate obtained from suitable
training material. Such training material must necesgansist of oracle masks
and therefore requires the use of artificially corrupteduelspeech for training.

In [28] it was proposed to use a Bayesian classification ambrdor mask esti-
mation. In this work, we use Support Vector Machine (SVMEsiéiers, a machine
learning algorithm which is known for its excellent perfante on binary classifi-
cation tasks and generalization power when trained onvelasmall data sets [3].
From the machine learning perspective, mask estimatiomalt-class classifica-
tion problem with ¥ classes. Since such high-dimensional multi-class claasifi
tion is infeasible, we assume that the reliability estiraatee independent between
frequency bands and trained a separate SVM classifier fdr eithe K MEL-
frequency bands.

Each classifier used the same set of single-frame-baseld 7 1-dimensional
features consisting of: the-dimensional noisy speech features themselves, the har-
monic and aperiodic part and long-term energy noise estirdascribed in sec-
tion 4.1.2, the gain factor described in [33], the ‘Sub-b&nérgy to Sub-band Noise
Floor Ratio’ and ‘Flatness’ features derived from the ndiéiL-spectral features
described in [28], and finally a single VAD feature. The tragnmaterial was taken
from another corpus, AURORA-4 [22], which contains artdity noisified Wall
Street Journal (WSJ) utterances.

SVMs were trained using LIBSVM [4] on 75000 frames (amougtin 125
minutes of audio signal) randomly extracted from the AURGRMnulti-condition
training set. Reliability labels used in training were ob¢al from the oracle mask,
derived by using the (available) clean speech and noisessim (1) withd = —3
dB (cf. [37]). We used an RBF-kernel and hyper-parametene wptimized by
doing 5-fold cross validation on the training set.

4.2 Recognizer setup

4.2.1 Recognizer

The MDT-based recognizer was built by adding the requirediiiddifications to
the speaker-independent large vocabulary continuouskpeeognition (LVCSR)
system that has been developed by the ESAT speech group &f.theeuven;
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cf. [1] for a detailed description of the system. This redagnwas chosen because
of its fast experiment turn-around time and good baseliriracy. Decoding is
done with a time-synchronous beam search algorithm.

The recognition performance will be expressed in terms efwiord error rate
(WER), which is defined as the number of word errors, i.e. tiwes, deletion and
substitution errors, divided by the total number of wordshi@ reference transcrip-
tion. The word startup cost was tuned over all noise enviemsiand channels
jointly, but has only minor importance given the nature @ task.

The (word-independent) word insertion penalty was tunet ell noise environ-
ments and channels jointly by maximizing recognition aacyr The word insertion
penalty only marginally affects the accuracy via the prgnmimechanism because in
an isolated word task the same penalty is applied to all ingsats.

4.2.2 Preprocessing

The acoustic feature vectors consisted of MEL-frequengyplmwver spectreK = 22
frequency bands with center frequencies starting at 200tz f{rst MEL-band is
not used). The spectra were created by framing the 16 kHzalkigith a Ham-
ming window with a window size 25 ms and a frame shift of 10 mise Becoder
also uses the first and second time derivative of these fgtuesulting in a 66-
dimensional feature vector. During training, mean noreadion is applied to the
features. During decoding, the features are normalizedgra sophisticated tech-
nigue which works by updating an initial channel estimatedigh maximization of
the log-likelihood of the best-scoring state sequence etagnized utterance [36].
In the MDT experiments, as described in section 2.2, thetepaand their deriva-
tives are transformed to the PROSPECT domain [32] duringdiag. Missing data
masks for the derivative features were created by takingjiteand second deriva-
tive of the missing data mask [34]. In the uncompensatedibasexperiments, the
MEL-frequency features are transformed using the Mututdrimation Discrimi-
nant Analysis (MIDA) linear transformation [9]. The MIDA&nsformation maxi-
mizes class separation much like Linear Discriminant AsialyL. DA) does, but is
based on a mutual information criterion.

4.2.3 Acoustic model training

First, for each of the two training sets an acoustic model tnaised based on the
MIDA feature representation. After training, the cleanesgemodel contains 2534
tied states using 2917 Gaussians. Because the multi-condition training data i
larger in size and richer in variation (the clean data plasisy variants), more
tied states (4476) and slightly more Gaussians{82) are retained by the decision
tree inference algorithm. We have chosen to allow the nwaltielition model to ex-
ploit the augmented data set to maximize its accuracy andeheat to constrain
its size. For the MDT experiments, we then created two newst@models in
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the PROSPECT domain by single-pass re-training. Thisingtiga procedure con-
sisted of replacing the means and variances of the MIDA daoomdel with their
PROSPECT counterparts.

For each of the two training sets an acoustic model was tldi@sed on the
MIDA feature representation. This is achieved in severapst First, a set of 46
context-independent phone models plus four filler modetsagilence model are
trained using Viterbi re-estimation. Each HMM state hastafep to 256 unshared
Gaussians. Subsequently, a phonetic decision tree (d) f&fines the 2534 tied
states (for the clean training data) in the cross-word ctttependent models. The
final acoustic models are obtained by allowing sharing aceisGaussians and
subsequently retaining only those with maximum occupafdy, [resulting in an
average of 98! Gaussians per state for the clean training data.

Because the multi-condition training data is larger in sind richer in variation
(the clean data plus its noisy variants), more tied statég@@and slightly more
Gaussians (3247) are retained by the decision tree inference algoritMmhave
chosen to allow the multi-condition model to exploit the engmted data set to max-
imize its accuracy and hence not to constrain its size. Oragee 902 Gaussians
per state are retained in this model. For the MDT experimeveghen created two
new acoustic models in the PROSPECT domain by single-passining. This
retraining procedure consisted of replacing the means aridnces of the MIDA
acoustic model with their PROSPECT counterparts.

5 MDT and multi-condition training

In this section, we investigate the effectiveness of a @ak#DT recognizer on
speech recorded in real-world environments in combinatitth a multi-condition
trained acoustic model. To that end we determined the réfograccuracy us-
ing a number of different mask estimation methods: the smaniie mask (cf. sec-
tion 4.1.1), the VQ mask (cf. section 4.1.2) and the SVM masksection 4.1.3).
Each mask estimation method was tested using two differemiistic models: a
model trained on the clean speech training set and a modeédran the multi-
condition training set. In order to give a baseline recagnitesult, we also discuss
recognition experiments without using any additional eeisbust preprocessing
other than what's inherent in the acoustic model and chatorapensation. In sec-
tion 5.1 we describe the results of our experiments and iticseb.2, we discuss
the results.

5.1 Recognition results

The speech recognition results from our experiments, tegbias word error rate
(WER) as a function of SNR are displayed in Fig. 1. The left paogesponds
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Fig. 1 Word error rate (WER) as a function of SNR displayed for cleagesp (left) and multi-
condition trained models (right). From top to bottom the raepresent different noisy environ-
ments, viz. car, entertainment room, office, and public hallalchepanel the results are shown for
the uncompensated baseline, semi-oracle mask, VQ mask and SVM masglalVents around the
data points indicate 95% confidence intervals.
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to recognition using the clean acoustic model while thetrjggne corresponds to
recognition with the multi-condition acoustic model. Freap to bottom, the re-
spective rows represent different noise environments,céag, entertainment room,
office and public hall, respectively.

Within each plot we display the results of the following nudb:

e The uncompensated baseline, with no further noise robssprecessing beyond
what'’s inherent in the channel compensation or acousticefrteaining.

e MDT with the ‘cheating’ semi-oracle mask described in sat#d.1.1

e MDT with the VQ-based missing data mask described in seetibr?

e MDT with the SVM-based missing data masks described incedtil.3

In the top left plot of Fig. 1, corresponding to recognitiorthe car environment
using a clean speech acoustic model, we can observe lafgeedifes between the
approaches. It is apparent that all MDT approaches improkstantially over the
baseline. The ‘cheating’ semi-oracle mask (SO) perfornttebthan the other miss-
ing data masks in the-85 dB range; at higher SNRs it is outperformed by the es-
timated masks. In the highest SNR bins the VQ mask and the S\@skmerform
comparably, while at lower SNRs the SVM mask performs béfizn the VQ mask.

When using a multi-condition acoustic model (right pane, row), the WERS
at SNRs below 10 dB are much lower. Especially the VQ mask fiisnachiev-
ing up to 24% lower WERs (absolute) in the-( dB range. The baseline, on
the other hand, has performance gains0f0% at lower SNRs. The ranking of
the missing data methods is roughly the same as when usingleéha acoustic
model, although the differences between the methods ark smaller. Importantly,
there is no significant difference in speech performancégat BNRs when using a
multi-condition acoustic model. 3% WER (multi-condition model) vs.8% (clean
model) for the VQ mask.

Compared to the car environment, the entertainment roocoifskrow of Fig. 1),
is a more challenging environment: even the semi-oracléciwtioes best in this
environment, has a 62% WER in the 0- 5 dB range when using a clean acoustic
model. While SVM performs up to 8% better (absolute) than theebne, the VQ
mask performs worse than the baseline in thel® dB range. As before, there is
no significant difference between the methods at high SNR£nWising a multi-
condition acoustic model, there is again a substantialedhveop in WER. As in the
car environment, the VQ mask benefits especially and novopasgf comparably to
the SVM mask.

In the office and public hall environments (third and fourdtvs in Fig. 1), we can
observe many of the same trends described for the entegatmoom environment.
The SVM and semi-oracle masks perform comparably, and bethads perform
up to~ 12% better (absolute WER) than the baseline. The VQ mask doesewn
the office environment but comparably in the public hall eswiment. When using a
multi-condition acoustic model, overall WERs are much loeved the gap between
MDT and the baseline is much bigger.
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5.2 Discussion

5.2.1 Effect of multi-condition training

Comparing the uncompensated baseline scores in Fig. 1 odetobtained with
MDT, it is clear that MDT manages to substantially improvenphe clean model
baseline, reaching comparable recognition accuracidseasntlti-condition model
baseline. Moreover, comparing the left and right-hand parid=ig. 1 we can see
that the use of a multi-condition acoustic model improvesT®cognition accu-
racy substantially, especially at lower SNRs. In fact, tafgrmance increase when
using a multi-condition model with MDT is much larger tharr foe uncompen-
sated baseline. From these results we conclude that outtiegie — that ‘reliable’
features do not match the statistics of the clean acoustilehe- is correct.

The mismatch of the reliable features with the acoustic rhbde two causes.
First, mask estimation techniques make errors and sometimjastly label features
dominated by noise as ‘reliablefalse reliables. On real-world data, conventional
mask estimation technigues do not take into account thagglech signal can be
corrupted by channel and reverberation effects as well aanlsiyonmental noise.
As a result, speech features that should have been maskadseeihey are domi-
nated by any of these effects are also unjustly labeledodi. The multi-condition
model (partly) corrects false reliables because the aicomstdel matches a much
larger variance of the speech features. Second, even iéatlifes which are not
too heavily affected by additive noise or reverberation ldarorrectly be labeled
as ‘reliable’, the resulting features can, in contrast tdieially noisified data, still
mismatch the speech distributions trained on close-tadkohl data due to remain-
ing microphone characteristics and reverberated speerhyehe multi-condition
acoustic models will also compensate for this effect.

5.2.2 Mask estimation accuracy

The semi-oracle mask, a ‘cheating’ mask created with kndgéeof all channels, in
general hardly performs better than the estimated maslepekt the lowest SNR
bins. And even there, the differences are small, unlike #réopmance differences
between estimated masks and ‘true’ oracle masks in expetanveth artificially
noisified data [14, 22]. While it cannot be established whatphrformance of a
‘true’ oracle mask would be, especially given the testfireg mismatch issues dis-
cussed above, we can point out two shortcomings of the seawleomask. First, the
semi-oracle is derived under the assumption that the ¢kdkesignal can be consid-
ered as ‘clean’ speech, resulting in all-reliable maskskose-talk channel speech.
Even the features of close-talk channel speech, however,bmaccasionally be
corrupted and should have been labeled ‘unreliable’. Sdbe AEC captures not
only the transmission path between the close-talk micropltemd a far-talk micro-
phone, but also reverberation. The semi-oracle thus dddabel speech dominated
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by reverberation of channel effects as unreliable. We wiplere this effect in more
detail in section 6.

Compared to the other mask estimation methods, the VQ mas& lwaver per-
formance and in various conditions does even worse thandbkelibe. When us-
ing a mask derived with multi-condition acoustic modelswheer, the VQ mask
performs much better. As with the semi-oracle mask, thigabably because the
codebook is created using channel #1 speech, under the pigsniihcontains clean
speech. Because in the other channels the observed spsatlth e harmonic de-
composition components that will often be poorly describgthe codebook, many
reliable features are likely to get mis-labeled as unré&ialp vice versa.

The SVM mask generally performs very well, often performicgmparably
to the semi-oracle mask. Its performance is a testamentetgeheralizability of
SVM-based machine learning; after all, the mask estimatias trained using the
AURORA-4 corpus. The use of this corpus, which containsifiets Wall Street
Journal (WSJ) speech, means there is a mismatch in noise tgpgaage and con-
tent. Still, it generally performs better than the VQ maskerethough they share
many of the features such as the harmonic decompositioneder, the SVM
mask does not require the tuning of a threshold parameteswhside of the SVM
method, not discussed in this chapter, is its high compartaticost.

6 MDT and de-reverberation

In order to investigate whether MDT can be combined with @esrberation and
to what extent reverberation can affect the recognitiorioperance of our MDT
recognizer, we performed two experiments that will be dbsdrin more detail in
this section.

In the first experiment, we determined to what extent MDT caruged to im-
prove recognition accuracy of artificially reverberatedesgh. In [7,21] it was shown
that treating features which are dominated by reverbera® unreliable, can be
quite effective when using clean speech models. Here, vesiigate to what extent
this approach can be combined with the use of multi-conulitieodels to provide
robustness for the artificial reverberation. Using artiigireverberated speech con-
structed by filtering clean speech with a known room impuksponse filter, we
created an oracle mask by considering the difference betteereverberated and
the non-reverberated versions of the speech as ‘noiseaiglilse conventional mask
definition of (1) and the previously trained clean speechef®and multi-condition
models (cf. section 4.2.3), we investigated to what exte@atrécognition accuracy
of our MDT recognizer can be improved using this oracle mask labels features
unreliable when they are dominated by reverberation.

In the second experiment we applied the insights gained tranfirst experi-
ment on real-world data. Under the assumption that the eiafindata has negli-
gible reverberation and that the reverberation effect®imecmore pronounced in
microphone channels #2#4, we use the estimated room impulse response filter
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of the AEC to estimate the underlying non-reverberated @dps@gnal. Thus, we

can construct, similarly as with the artificially reverbtedh speech, an improved
(semi-)oracle mask that not only labels features unredialdien they are affected
too severely by environmental noise, but also when they aneirhted by rever-

beration. By comparing improvements in recognition accyraoth for acoustic

models that were trained on clean speech and for multi-tiondmodels, we try

to estimate an upper and lower bound on the impact reveiberean have in our

MDT recognition experiments on real data.

6.1 Experimental setup

6.1.1 MDT for de-reverberation of artificially reverberated data

We created artificially reverberated speech as followstRive measured two room
impulse responses (RIR) using a microphone at 261 cm fronspeaker. The
room of 36 n? has curtains on all walls. In the first RIR, the curtains wdosed
(Tso = 140 ms), while in the second RIR they were op&p (= 250 ms). The RIRs
were measured with Gaussian white noise excitation usiegstdsquares estima-
tion approach. The resulting FIR filter had a length of 125 B¥( coefficients at
16 kHz). Next, these two FIR filters were applied to the chagtaitterances from
all four environments in the 20 25 dB bin of our SPEECON and SpeechDat-Car
data. This results in two new artificially reverberated set§, each containing 1236
utterances.

Subsequently, we created a delayed version of the origigaakby filtering it
with the same FIR, but with the tail of the filter coefficientsgresenting the echo’s
from the non-direct path) zeroed out. This was done by m&nsatting all FIR
filter coefficients of the AEC filter beyond 3 ms after the firetf to zero. Then, we
calculated the residual between the delayed and the rea¢edechannel #1 data.
Using the residual as the ‘noise’ and with the delayed chiaththelata taking the
place of the clean speech, we applied (1) to obtain our omaelgk. This oracle
mask was then used in the MDT recognizer to decode the atificeverberated
signal.

In order to obtain the optimal oracle mask, we performed grpnts with a
large number of SNR thresholds. The results that will be garesd pertain to the
oracle masks obtained with the threshold that resultedarb#st accuracy. Tuning
the threshold on the test data is justified by the fact that thiese artificial test data
we are only interested in an estimate of the upper bound oihtpeovement that
can be achieved.

As before, all experiments are done both with the acoustidaisotrained on
clean speech and multi-condition speech. No new models tregreed for the ex-
periments described here.
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6.1.2 MDT using a reverb-masking semi-oracle mask on real-wi data

In this experiment, we try to estimate which spectro-terapdeatures in the
SPEECON and SpeechDat-Car data are associated with spesxgly éhat reaches
the microphone via a direct path rather than being dominbyefirst and higher
order reflections or additive noise. To that end, we estiraade-reverberated ver-
sion of the clean speech signal by modifying the room imprdseonse filter in the
AEC described in section 4.1.1. Analogously with the expenits on artificially
reverberated data, the de-reverberated clean speeclatstsrobtained by manu-
ally setting all FIR filter coefficients of the AEC filter to zebeyond 3 ms after the
first peak. Thus, the resulting FIR filter ideally should ondpresent the transfer
function of the direct path between the two microphonegatiing any reflections
caused by the room acoustics.

Next, we consider the residual of the features of the obsesignal and the non-
reverberated clean speech estimate as noise. We use (betoidy those speech
features reliable which can be assumed not to be excessiffelsted by additive
noise or reverberation. This improved semi-oracle maskg¢hwve will denote by
reverb-masking semi oracle (RMSO) mask, is then used toddette original noisy
speech features. This allows us to test whether or not inramndwork, masking
reverberated speech can improve recognition accuracydasiit [7, 21].

As before, only the thresholds with the best accuracy arevstand all exper-
iments are done both with the acoustic models trained omdeaech and with
multi-condition models.

6.2 Results and discussion

6.2.1 MDT for de-reverberation of artificially reverberated data

In Fig. 2 we can observe a clear trend that on artificially reeeated speech, mask-
ing the reverberation improves performance. This holdé bat the clean speech
model (left panel) and for the multi-condition model (rigignel). Moreover, com-
paring the overall performance of the multi-condition miogied the clean model
in the various reverb conditions, clearly shows that thetirmaindition model is the
most robust against the artificial reverberation. Sunpgilsi the performance for the
no-reverb condition shows a similar trend: with the mutiirdition model perfor-
mance is better than with the clean model. Although we do ae¢ fa solid explana-
tion why the apparent mismatch between the current tesinskth@ clean training
data would be greater than with the multi-condition traindata, we take this ob-
servation as yet another illustration that recognitiorhvétclean speech model is
sensitive to even the slightest training/test mismatchthatisuch a mismatch can
often be compensated by using a multi-condition model.

In the case of the reverberation caused by a RIR of a room \ged curtains,
the oracle missing data mask is able to completely compefisathe performance
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Fig. 2 Word error rate (WER) for recognition with clean (left) andltiraondition models (right).
Vertical bars around the maxima indicate 95% confidence iaterin each bar-graph results are
shown for the non-reverberated ‘clean’ test set, the reveidxzbtast set with closed curtains and
the reverberated test set with open curtains.

loss due to reverberation, yielding a performance whicmdsstinguishable from
the no-reverb condition. This holds true both for the clepaesh model and the
multi-condition model.

In summary, these results suggest that loss in recognitioaracy due to rever-
beration can be compensated by using a multi-conditionstimmodel as well as
by a suitable missing data mask which labels the featurestafil by reverberation
unreliable. In fact, it seems that these two approachesoaserhe extent comple-
mentary and can be combined to combat reverberation.

6.2.2 MDT using a reverb-masking semi-oracle mask on real-wi data

In Fig. 3 we observe that when using the clean acoustic mogelking the reverber-
ation generally increases performance substantiallye&afly in the entertainment
room and public hall environments, performance differsrean be up to 23% (ab-
solute WER). From this we conclude that we were successfudtimating which
features were excessively affected by reverberation aeréfibre should be labeled
unreliable, and thus better approximate the ‘true’ orackskn(cf. section 5.2.2).
Moreover, these results show that MDT can be used to comfgehsth noise and
reverberation at once by using a suitably chosen missirggrdask.

In none of the environments, however, does the reverb-mgsl@mi-oracle mask
(RMSO) in combination with a clean acoustic model perforrttdyehan the orig-
inal semi-oracle mask (SO) in combination with a multi-cibiodd acoustic model.
This means that masking the reverberation effects (usiagrtodified RIR filter
approach) does not account for all mismatch between they mpisech features
and the clean acoustic model. When using the RMSO mask in catidn with
a multi-condition model, the results vary between envirents. In the entertain-
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Fig. 3 Word error rate (WER) for four different noise environmentseéth panel the results are
shown for recognition with the semi-oracle masks in combinatiah tiie clean acoustic model,

semi-oracle mask with the multi-condition acoustic model, andrbewgasking semi-oracle mask

with the clean or multi-condition acoustic model. Verticaldaround the data-points indicate 95%
confidence intervals.

ment room and office environments, the performance is wiae when using the
SO mask. This implies that in these environments, the revation is already fully
compensated by the multi-condition model, and masking rfeaires only results
in masking features that are useful for imputation or redomn

In the car environment, the RMSO and SO masks perform corblyaad high
and low SNRs, with the RMSO mask performing better in the2s dB SNR range.
In the public hall environment, which is the most reverbéemvironment, masking
the reverberation lowers the WER by 7% (absolute) at SNRg 15 dB. It seems
that in the public hall environment, the impact of reverlierais substantial in the
channels that contribute most to the lower SNR bins (i.eanokls #3 and #4).

From these results we can roughly estimate an upper bountleommipact of
reverberation on our recognition results by taking theedéfice between the WER
obtained with worst performing method (SO mask with a cleauatic model), and



20 Gemmeke et al.

the best performing method (usually RMSO mask when usingrihié-condition
acoustic model). This would imply that at most 10% to 35% & énrors in the
lower SNR bins, depending on the environment, can be até&ibio reverberation.

For some environments, we can also try to establish a lowenddy taking
the difference in performance obtained with the RMSO maskthe original SO
mask in combination with the multi-condition acoustic modée rationale behind
this would be that the multi-condition acoustic model afiyeaccounts for various
sources of variation, to some extent including reverbenato if explicitly masking
reverberation helps, it must be due to the reverberatiomtiodti-condition models
did not capture. Following this approach, we might conclude thahepublic hall
environment, at least at least about an 7% WER loss (abseiu8Rs under 15dB
is due to reverberation.

7 MDT and feature enhancement

In the sections above we successfully combined MDT with eatienal noise ro-
bustness techniques, such as multi-condition trainingdeateverberation. In sec-
tion 5 it was shown that replacing a clean speech model by &-naridition acous-
tic model dramatically improves results, confirming the diyyesis that the ‘reliable’
features no longer match the clean speech distributionsaigged that the im-
provement of using a multi-condition model is partly caubgé greater robustness
against mask estimation errors. Multi-condition trainmgterial, however, is costly
to acquire and the computational effort of training muttindition acoustic models
is substantial. In this section, we explore the combinatibMDT with conven-
tional feature enhancement techniques. Our aim is to reith@ceismatch between
reliable features and the clean acoustic model, and to wepmask estimation on
real-world recorded speech.

First, as an alternative to multi-condition training, wg to reduce the reliable
feature mismatch by applying feature enhancement to th&yrfeatures prior to
missing data imputation. In doing so, we keep the estimagtimtedures for the
missing data masks unaltered. For unreliable featuretyrie@nhancement may
also be beneficial since the unreliable features are used apper bound during
imputation. Feature enhancement yields tighter imputaiounds [8]. Here, care
must be taken since the uncertainty on the enhanced speeoyyeéncreases as
the underlying speech signal becomes weaker and the ingputadund may be-
come inaccurate. We therefore opted for spectral subtra¢8S) [18] as a feature
enhancement method since the amount of noise suppressasilig controlled.

Secondly, we explore whether mask estimation on real-wialz, which was
argued to be more difficult than in artificially corrupted aladses (cf. section 2.1),
can be improved by applying feature enhancement on the Isgeatures used in
mask estimation while not preprocessing (NP) the featused or imputation and
recognition. The ratio behind this is that on real-worldaddhe features used for
mask estimation mismatch the clean speech features usedrtot tune the mask
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estimation technique, just like the close-talk channeliatio models mismatch the
observed features in recognition. In our experiments, vexl ube SS feature en-
hancement technique with the VQ-based mask estimatiomiggod. The VQ mask
was chosen because recreating the codebook was less ctiomaliy demanding
than retraining the SVM mask estimators used for the SVM mask

Finally, we combine the two approaches described abovdingado four MDT
scenarios: whether SS is applied to the features used in estishation (MSS vs.
mNP), and whether SS is applied to the features used in rémg(fSS vs fNP).
These approaches are summarized below:

mNPfNP the VQ-based mask estimation nor the recognizer featueeprapro-
cessed with spectral subtraction. This is the VQ-mask resusec-
tion 5.1.

mSSfNP only the VQ-based mask estimation is preprocessed withtrspetib-
traction; the recognizer features are not preprocessed.

mMNP{SS features for mask estimates are not preprocessed; onlyetogmizer
features are preprocessed with spectral subtraction.

MSSfSSboth the VQ-based mask estimation and the recognizer fafue pre-
processed with spectral subtraction.

SS SS feature enhancement is used without MDT.
AFE the ETSI AFE front-end is used without MDT.

The last two configurations serve as a baseline. The SS swailws us to
evaluate the quality of the feature enhancement method.a@kianced front-end
feature extraction (AFE) baseline is included in order tmpare our approach to
what is currently regarded as a very good feature enhandemsthod (though it
cannot be tuned to control the amount of noise suppresséauad for combination
with MDT).

7.1 Experimental setup

7.1.1 Spectral subtraction

The basic principle of spectral subtraction (SS) is to pievan estimate of clean
speech features (feature enhancement) by subtractinga datimate of the magni-
tude spectrum of noise from the noisy speech. In our appraaattral subtraction
was done using the multi-band spectral subtraction apfprdascribed in [18]. In
summary, spectral subtraction is performed independémtiach frequency band.
The first 20 non-speech frames (as decided by the VAD in sedtib.2) are used to
provide a noise estimate, which is then assumed constantghout the utterance.
Negative values in the enhanced features are floored to kg sjpectrum using a
flooring parametefl set to 01 (c.f. [18]). Other parameter settings were the same
asin [18].
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For experiments with SS, new acoustic models are geneitatedgh retraining
with aligned MIDA and cepstral feature streams. This reireg procedure consisted
of replacing the means and variances of the MIDA acousticahwih their cepstral
counterparts.

7.1.2 AFE

The AFE algorithm proposed by ETSI [2] is based on a two-stafgner filter-
ing noise reduction. Since the parameters of the two Wielierdiare updated on
a frame-by-frame basis the ETSI AFE can deal with dynamjaaianging noise.
After estimating the linear spectrum of each frame, the paspectral density is
smoothed along the time axis. A voice activity detector (JAIl2termines whether
a frame contains speech or background noise; the estinagettism of both speech
and noise are used to calculate the frequency domain Widter dbefficients.
Frames labeled as non-speech by the VAD are dropped. The Adtkiges cep-
stral features which are directly used for recognition.

As for the experiments with SS, new acoustic models are geeefor AFE
through retraining with aligned MIDA and AFE feature strearWhen retraining,
we do not drop the non-speech frames in order to properly diig MIDA and
AFE features. The resulting AFE model is then updated usimgpass of Viterbi
training. Finally, the AFE model is updated by another pddéterbi retraining on
AFE features with frame dropping enabled.

7.1.3 VQ mask estimation after SS

The VQ-codebook for the mSSfNP and mSSfSS experiments \aasle from the
same close-talk channel data used in section 4.1.2, to v@f&ckvas applied. The
VAD and harmonic decomposition method were applied to theztspl subtracted
noisy test utterances. The mask threshold was again opgtihdzer the complete
test set and set t6 = 8 dB.

7.2 Results and discussion

7.2.1 MDT versus feature enhancement

Comparing the results of the SS and AFE baseline featureneehgent scores with
the MDT recognition scores, it becomes apparent there istedifference between
the methods. SS, on the one hand, performs worst of all mstludigtn worse than
the uncompensated baseline in Fig. 1 in section 5.1. The AREhe other hand,
has a performance that is among the best of all methods. Thpddormance of
the SS method is misleading, however, since it was set toltmeceative in its noise
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suppression. This was necessary to prevent the MDT methadnbination with
which it is used, from having upper imputation bounds thettao tight.

The competitive AFE performance underlines that MDT on-weatld data is
difficult, since in previous work on artificially corruptecth our MDT framework
was superior to AFE. While never compared directly, this casden for AURORA-
4 by comparing the AFE recognition accuracies in [29] wita kDT results in [35],
and for AURORA-2 by comparing the AFE scores in [33] with th®M™results
in [35].

7.2.2 Spectral subtraction to improve mask estimation

First we compare recognition performance when doing reitiognon the origi-
nal noisy features in combination with the unmodified VQ mésiNPfNP) and
the mask in which SS is applied to the noisy features used iskmaatimation
(mSSfNP). We observe in Fig. 4 that applying spectral sehta to improve mask
estimation does not lead to significant improvements. Whenpeoing the two
MDT approaches in which spectral subtraction is also agpbethe features used
in recognition, i.e., MNPfSS and mSSfSS, we again obsergigmificant improve-
ment when applying spectral subtraction to the featured ismask estimation. If
anything, there is a trend towards higher WERSs, especialonaar SNRs and when
using the multi-condition acoustic model.

The reason for this failure to improve mask estimation maynstrom the fact
SS mostly compensates for stationary noise, somethingwvibialready covered to
some degree in the VQ-mask estimation because a noise rtriaokeaployed that
uses the long-term energy minimum (cf. section 4.1.2). hrepwords, SS may
simply not be powerful enough a technique to reduce a sutistaart of the mask
estimation errors which are likely due to non-stationarises. Another possibil-
ity is that the harmonic decomposition underlying the V@dzhmethod fails after
speech has been processed by SS because the speech nonsaouigical noise.
Although the VQ-codebook is trained on speech processédSft it is conceivable
that not all such errors are covered (‘learned’) by the codkb

7.2.3 Spectral subtraction to improve MDT recognition

Comparing the results of the MDT approaches in which spestifatraction is ap-
plied to the features used in recognition (MNPfSS and mS3f&6 those in which
the recognizer uses the original noisy speech features {MRBNd MSSTNP) in
Fig. 4, we observe a substantial decrease in WER when usingVii$.a clean
acoustic model, the use of SS improves the results signiffcahSNRs< 15 dB,
with differences as large as 18% (absolute WER) in thés@B SNR range. When
using a multi-condition acoustic model, SS improves realiSNRs< 10 dB, with
differences up to 9% (absolute WER).
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The results show that combining SS and MDT can be beneficB8ifs used
to modify the features used in recognition. Moreover, oguls show that multi-
condition training and SS are complementary, making it athgeous to combine
the two approaches. With the multi-condition model the intpgd applying SS on
recognition performance is smaller (both in absolute atative terms).

As discussed in section 5.2, a mismatch exists between liablesfeatures (or
false reliables) and the clean acoustic model. It is likblgttthe improvement in
recognition performance is at least partly due to SS reduttirs mismatch. The
smaller impact of SS when using a multi-condition model doog explained by
assuming the multi-condition model already compensatgsdid of the test/training
mismatch. As mentioned above, however, the applicatiorsalSo results in tighter
imputation bounds when applied to the unreliable featwbg;h may also improve
recognition accuracy. Our experiments do not allow us testigate the relative
contribution of these two factors when using SS; furtheeaesh is needed for that.
One possibility to do that would be to only apply SS to eittediable or unreliable
features.

The improvements found when applying SS raise the questiomhiat extent
recognition with other types of estimated masks, such aSt¥hé mask described
in section 4.1.3, can benefit from feature enhancement. 8dteres used for mask
estimation in the SVM mask largely overlap with those use¥/@-based mask
estimation. Therefore, given the results in section 7iRi& doubtful whether SVM
mask estimation improves after applying SS. Given the sscoéapplying SS to
the features used in recognition, however, it seems likedy SVM-based mask
estimation will also benefit, and without the additionaltooisretraining the SVM
and re-estimating the missing data masks.

The AFE front-end, used as a baseline in this chapter, wasisext for com-
bination with MDT due to its inflexibility. Its competitivegsformance, however,
merits the question whether a feature enhancement teahbiaged on, or similar
to the Wiener filtering used in AFE can be used for combinatidh MDT. A very
similar combination of techniques is described in [12].

8 General discussion and conclusions

In this chapter, we have investigated the performance ofssing data recognizer
on speech recorded in real-world environments. We hypatbéshat on real-world
speech, which is corrupted not only by noise, but also bylsgpeeeverberation and
channel effects, the ‘reliable’ features no longer match@ustic model trained on
clean speech. We investigated the validity of this hypaghasd explored to what
extent performance can be improved by combining MDT witlke¢hconventional
techniques, viz. multi-condition training, de-reverbiema and feature enhancement.
Using a multi-condition trained acoustic model in combioatvith MDT, we con-
firmed the hypothesis and showed that recognition accurapyaves substantially
in all noise environments and at all SNR-levels. When conmggttie performance
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of conventional mask estimation techniques, we found then @ ‘cheating’ semi-
oracle missing data mask did not perform better than VQ- dviéased estimated
masks. We argued this was at least partly due to the senlieardssing data mask
not being designed to label speech features dominated keybenation as unreli-
able.

In a second experiment (cf. section 6), we combined MDT withelerberation
by doing recognition with the reverberated part of speedield ‘unreliable’,
both on real-world recordings and on artificially reverltedaspeech. The experi-
ment with artificially reverberated speech confirmed presitindings, that mask-
ing reverberation improves recognition accuracy, but aésealed that the multi-
condition trained acoustic model is intrinsically more usbagainst reverberation.
To some degree, these two methods can work together for anbateer perfor-
mance. The experiment on real-world recordings showedtlileatemi-oracle mask
also improved when the reverberant part of speech was hbeleliable, and thus
that with a suitable missing data mask, MDT can compensateise and reverber-
ation at once. Finally, the experiments showed that revatioe has a major impact
on the recognition performance in far-talk channels.

Third, we did an experiment (cf. section 7) in which we conelirMDT with
feature enhancement techniques. We investigated whegibetral subtraction (SS)
could reduce the mismatch of reliable features to such anextat it might serve
as an alternative to multi-condition training. We also stigated whether spectral
subtraction could improve the performance of VQ-basedingssata mask estima-
tion, which was found to be unexpectedly poor when usingnclaustic models.
The application of spectral subtraction to the featuresl us&Q mask estimation
did not improve results, but the application of SS to theusss used in recogni-
tion proved to be quite successful: WERs decreased when asatgan as well
as a multi-condition model. We argued that this is either wua reduction of the
test/training mismatch in the reliable features, or duegtatér imputation bounds on
the unreliable features. Finally, even though in previoagkWIDT was shown to be
superior to the ETSI advanced front-end (AFE) on artifigiabbrrupted speech, we
could show only a small advantage of MDT in case multi-caaditraining is not
an option, while MDT performs comparably with the AFE undenalti-condition
scenario.

From our findings we conclude that two issues make applyingTD real-
world speech difficult. The first issue is that one of the agstions underlying
MDT, viz. that reliable features remain uncorrupted, carviodated. The second
issue is that conventional mask estimation techniquesatrabie to deal with the
the fact that real-world speech can be affected not only yr@mmental noise,
but also by effects such as reverberation. In this chaptesheaved that the first
issue can be dealt with to some degree with conventionaémeduction techniques
such as multi-condition training and feature enhancem&ith even a ‘cheating’
missing data performing only marginally better than estedanissing data masks,
it is clear that in order to deal with the second issue, (mueh)e effort is needed
to improve mask estimation techniques.
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Based on our results, however, it is not at all obvious whelti®T can beat a

well-designed feature enhancement technique such as tBedfiVanced front-end,
which operates at a fraction of the computational cost. tfet,fact that our work
shows that MDT can be combined with conventional noise rolass techniques
and since mask estimation allows to integrate additionaltedge sources (e.g.
harmonicity), or to use classifiers that do not integratédyeasHMMs (e.g. SVM-
based classifiers), means there is still potential for imipigpthe results, for example
by combination with the aforementioned feature enhancéteehnique.
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