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ABSTRACT

The paper describes an automatic speech recognition (ASR)
system for the 3rd CHiME challenge that addresses noisy
acoustic scenes within public environments. The proposed
system includes a multi-channel speech enhancement front-
end including a microphone channel failure detection meth-
od that is based on cross-comparing the modulation spectra
of speech to detect erroneous microphone recordings. The
main focus of the submission is the investigation of the am-
plitude modulation filter bank (AMFB) as a method to ex-
tract long-term acoustic cues prior to a Gaussian mixture
model (GMM) or deep neural network (DNN) based ASR
classifier. It is shown that AMFB features outperform the
commonly used frame splicing technique of filter bank fea-
tures even on a performance optimized ASR challenge sys-
tem. Le., temporal analysis of speech by hand-crafted and
auditory motivated AMFBs is shown to be more robust
compared to a data-driven method based on extracting tem-
poral dynamics with a DNN. Our final ASR system, which
additionally includes adaptation of acoustic features to
speaker characteristics, achieves an absolute word error rate
reduction of approx. 21.53 % relative to the best CHIME-3
baseline system on the "real" test condition.

Index Terms— Amplitude modulation filter bank,
frame splicing, deep neural network, temporal dynamics,
chime challenge

1. INTRODUCTION

The 3™ CHIiME speech separation and recognition challenge
provides an evaluation platform to test different combina-
tions of front- and back-end technologies for noise robust
automatic speech recognition (ASR). The ASR user scenario
is aimed at consumer electronics by using a tablet device
that is equipped with multiple microphones [1]. Real and
simulated audio recordings are generated in various noisy
public environments including real-world speech and back-
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ground noise recordings that pose high requirements to a
noise robust ASR system.

Our proposed system is a combination of multi-channel
speech enhancement (SE), extraction of long-term acoustic
features, speaker adaptation, and deep neural network
(DNN) based ASR. Moreover, due to occasional malfunc-
tions of single microphones, a channel failure detector is
used to exclude corrupted channels prior to SE and ASR.
The SE algorithm is taken from the CHiME-3 baseline [1],
which is a time-varying minimum variance distortionless
response (MVDR) beamformer that suppresses sound
sources not arriving from the direction of the target speaker
[2,3]. The direction of arrival (DOA) is estimated by the
steered response power (SRP) source localization method,
which is computed from the phase transform (PHAT) [4].
We investigated several modifications of the baseline SE,
i.e., replaced the SRP-PHAT with the multiple signal classi-
fication (MUSIC) localization algorithm [5], added two dif-
ferent postfilters, i.e., the McCowan postfilter [6] and the
single channel enhancement scheme from [7], and even re-
placed the CHiME-3 baseline SE by a rank 1 speech distor-
tion weighted multi-channel Wiener filter [8]. However,
using a “simple” ASR system trained on noisy data only and
without adjusting SE parameters to the CHIME data, none
of these SE modifications could achieve a significant word
error rate (WER) reduction. Thus, mentioned modifications
of the baseline SE are not further discussed in the present
study.

Long-term acoustic features are extracted based on analyz-
ing temporal amplitude fluctuations in spectral sub-bands by
employing the amplitude modulation filter bank (AMFB)
[9]. Amplitude modulation (AM) frequencies between 2 and
16 Hz contain the most important acoustic cues for speech
understanding and recognition [10,11]. Analysis of low AM
frequencies implies a comparatively long temporal context
of approx. 300 ms [12,13,9] that is almost three times longer
than the commonly used delta and double delta filters
[14,9]. While Gaussian mixture model (GMM) and hidden
Markov model (HMM) based ASR systems predominantly
use short-term features such as Mel-frequency cepstral

ASRU 2015



—»  AM Analysis (—»
L AN
i M
SRR
4.:*% .
_.._. : —

Figure I Signal processing scheme to extract amplitude
modulation filter bank features. STFT denotes a short-term
Fourier transform.
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coefficients (MFCC) plus their temporal derivatives, long-
term acoustic features have shown to be advantageous on
numerous corpora [9].

In addition to the difficulty in finding a suitable feature
transformation to extract the essential AM frequency cues of
speech, there are two more reasons for the enduring use of
short-term features in GMM-based systems. Firstly, the
decomposition of short-term features into AM frequency
components increases the feature dimensionality, whereby
more attention is required to adjust the acoustic model (AM)
or language model (LM) scaling factor and beamwidth,
which are used by the Viterbi search [15]. Secondly, high
dimensional feature vectors easily show correlations, which
is disadvantageous in GMM-based systems with diagonal
covariance matrices, and thus may require decorrelation
techniques. The recent use of DNNs has overcome these
difficulties. The extraction of temporal information is
achieved by splicing adjacent feature frames using a context
window and feeding them to a DNN feature extractor
[16,17]. Thereby, the DNN learns weight matrices that can
be interpreted in the first layer as spectro-temporal AM
frequency filters.

By comparing GMM and DNN-based ASR systems with
different feature inputs, it has been demonstrated that the
benefit of DNNs can largely be attributed to an improved
temporal processing [18]. Our results in the present
contribution show that AMFB features significantly improve
ASR performance in both GMM and DNN-based systems.
Consequently, the AMFB with its pre-selected and fixed
temporal weight pattern for extraction of AM information
outperforms a comparable data-driven temporal processing
method. In addition, features are adapted to speaker
characteristics using the feature space maximum likelihood
linear regression (fMLLR) transform [19,20].

2. METHODS

The proposed ASR system consists of three main modules
that are SE, AMFB feature extraction, and acoustic model-
ing. The SE algorithm is based on the CHiME-3 baseline
system, cf. Section 3.1. In addition, due to occasional mi-
crophone failures in the multi-channel CHiME-3 data, a
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detector for identification and removal of corrupted micro-
phone channels has been developed.

2.1. Amplitude modulation filter bank feature extraction

The acoustic feature extraction scheme employs the ampli-
tude modulation filter bank (AMFB) to decompose short-
term spectral features into AM frequency components [9].
Signal processing steps are depicted in Figure I. The short-
term spectral representation Y (/) for block / is calculated by
applying a discrete Fourier transform (DFT) on speech seg-
ments of 25 ms length with a hop size of 10 ms. Speech
segments are windowed by the Hann function w;, (r) to min-
imize the spectral leakage effect.

_Jj2mkn

K((l):niy(")'wb(”‘l)'e Y

0<k<N-1 (1)

0.5-0.5- 2m) . 0<n<bh
wb(n)={ cos(). 0<n @

0 otherwise

In (1) and (2), n, k, b, and N represent the discrete time and
frequency indices, the analysis window length, and the DFT
length, respectively.

The magnitude of the complex valued spectrum Y (/) is
passed to the triangular-shaped Mel filters F,, that integrate
DEFT bins into M critical spectral bands. Mel-spectral ener-
gies are compressed using a logarithmic function, whereby
the log-Mel-spectrogram Y, (/) is derived for each Mel band
m.

Y (l)zlog(g|Yk(l)|oFk’mj, 0<m<M-1 3)

Log-Mel-spectral energies are analyzed by a discrete cosine
transform (DCT), which leads to the cepstrogram Y, () with
C being the DCT length.

~ M-l A
Y, (1)=Y7,(I)-cos(£(m+1)c), 0<e<C-1 (4
m=0
Temporal dynamics of the cepstrogram are analyzed using
the AMFB. The AMFB consists of / complex exponential
functions, which are denoted by g¢; (/y), that are windowed
by the zero-phase Hann envelope W; (/).
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Table I Center frequency (CF) and bandwidth (BW) pa-
rameters of the amplitude modulation filter bank.

i 0 1 2 3 4
CF [Hz] 0 5.5 10.15 15.91 27.03
BW [Hz] 8.25 5.5 6.13 8.27 19.52

T. Q; and p; are the angular AM frequency and the -3 dB
AM filter bandwidth, respectively. Convolution of ¢, (/;) and
Y. (ly) yields the AM frequency decomposition of the
cepstrum.

0.;(1)=(Y.%4,)(1) ®)

Center frequency (CF) and bandwidth (BW) settings of the
employed AM filters are presented in Table I, which are
derived by an ASR study on finding optimal AMFB pa-
rameters using different ASR corpora. The last step of
AMFB feature extraction is the concatenation of real and
imaginary AM filter outputs to form a feature vector. Note
that the imaginary part of the DC filter is zero, and thus is
not taken into account.

2.2. Detection of microphone failures

The multi-channel CHiME-3 data occasionally show drop-
outs of single microphones that can last from a few milli-
seconds up to seconds. Short dropouts are perceived as
crackling noise. Corrupted recordings of individual channels
affect the ASR performance, and thus should be excluded
from the succeeding processing modules.

The detection of an erroneous microphone channel is
achieved by cross comparing the signals of each channel,
whereby outliers are identified. Therefore, we compute the
correlation coefficient between channels based on a spectro-
temporal signal representation. In order to increase robust-
ness against noise, non-speech AM frequency components
are suppressed by using three filters of the AMFB whose
CFs are 5.5 Hz, 10.15 Hz, and 15.91 Hz (cf. Table I). Sub-
sequently, AM filter outputs are combined by computing the
mean. After estimating all cross-correlation coefficients, the
average correlation of each channel compared to all other
channels is computed and normalized by the maximum val-
ue. If the normalized average correlation of a channel is
lower than a threshold of 0.9, then an outlier and error is
assumed, respectively. However, this method can result in
many false-positive recognitions, e.g., if the signal-to-noise
ratio (SNR) considerably varies between channels. There-
fore, a pseudo-SNR is estimated for each channel by com-
paring low and high AM band energies using filters of the
AMPFB. If the pseudo-SNR of a supposedly malfunctioning
channel is amongst the best values, then the corresponding
microphone signal is probably not corrupted but contains a
lower amount of noise relative to the other channels.
Moreover, the pseudo-SNR is used to select a different
channel, if a demanded microphone channel is erroneous.

470

2.3. Acoustic model training

Two different acoustic model (AM) architectures are em-
ployed for ASR. The first is based on GMM-HMMs for
estimating the fMLLR transform, which is used to equalize
speaker characteristics in feature space, as well as to derive
initial state labels to train the second ASR back-end, which
is a hybrid DNN-HMM system [21].

2.3.1. GMM-HMM training

Context-dependent acoustic models are learned using max-
imum likelihood (ML) training of GMM-HMM models with
a total maximum number of 30K Gaussian mixture compo-
nents. Triphone states are clustered based on a decision-tree
with 3000 leaves. Speaker independent models are further
trained with speaker normalized features that are derived by
estimating and applying an fMLLR transform [20]. Finally,
GMM-HMMs are discriminatively trained using the mini-
mum phoneme error (MPE) criterion [22].

2.3.2. DNN-HMM training

The training of a 7-layer hybrid DNN system is initialized
by stacked restricted Boltzmann machines (RBMs) that are
pre-trained in a greedy layer-wise manner [23]. Each DNN-
layer has 2047 neurons and sigmoid hidden units except for
the final hidden layer, which employs a softmax activation
function instead. Mini-batch stochastic gradient descent
(SGD) with the cross-entropy objective function is utilized
to train the DNN at frame-level [24]. The cross-entropy
trained acoustic model is then used to generate lattices and
state alignments for a succeeding sequence-discriminative
DNN training using the state-level minimum Bayes risk
(sMBR) criterion [24]. Note that sSMBR training is sequen-
tially performed twice.

3. EXPERIMENTS

All shown word error rates (WERSs) are obtained following
the CHiME-3 challenge rules and are based on official train-
ing and test sets [1]. Section 3.1. provides a description of
the CHiME-3 datasets and ASR baseline results. Section
3.2. presents recognition scores of the proposed ASR sys-
tem.

3.1. CHIiME-3: Datasets and baselines

The CHiME-3 scenario is using a multi-channel microphone
array for ASR in various noisy environments, i.e., public
transport (BUS), café (CAF), street junction (STR), and
pedestrian area (PED) [1]. The microphone array has six-
channels, which are distributed along the frame of a tablet
device. For each of the four noise conditions, real and simu-
lated recordings are generated. The simulated data is built
by mixing clean recordings of the Wall Street Journal cor-
pus (WSJO0) [25] with real background noise recordings of



Table I Word error rates of the CHIME-3 baseline ASR
systems. Results are obtained with multi condition training
and the pruned trigram (tgpr) LM. When indicated, SE is
used on both training and test data.

DEV [%] EVAL [%] Avg.
AM SE Real | Simu | Real | Simu | [%]
GMM | x 18.70 | 18.71 | 33.23 | 21.59 | 22.59
GMM | v | 2055 9.79 | 37.36 | 10.59 | 19.10
DNN x 16.13 | 14.30 | 33.43 | 21.51 | 20.68
DNN v | 17.72 | 8.17 | 33.76 | 11.19 | 17.20

the different environments. The real data is recorded in each
environment by four different native English speakers read-
ing sentences from the WSJO corpus. A development (DEV)
and evaluation (EVAL) test set is provided for real and sim-
ulated recordings consisting of 410 and 330 utterances per
environment, respectively. Note that average WERs pre-
sented in this paper take the number of test files into ac-
count. The training set contains 7138 simulated utterances
taken from WSJO plus additional 1600 real recordings [1],
what is referred to as the “multi-noisy” training set.
Moreover, two baseline ASR systems are provided to train a
GMM-HMM and DNN-HMM system using the Kaldi
toolkit [21,1]. The GMM-HMM system employs MFCC
features with 13 cepstral coefficients but without deltas and
double deltas. Raw MFCCs are spliced using a context win-
dow of =3 frames prior to a linear discriminant analysis
(LDA) to reduce the feature dimensionality from 91 to 40.
Features are further processed by a maximum likelihood
linear transform (MLLT) and speaker adapted training is
performed based on the fMLLR method. Training of the
baseline DNN-HMM system is similar to the procedure de-
scribed in Section 2.3.2. 40 Mel-spectral features with a
splicing context of 11 continuous frames are used as an in-
put for the DNN.

WERSs of the two CHIME-3 baseline systems are shown in
Table II. The baseline SE algorithm is a MVDR beamformer
that uses 400 to 800 ms context immediately before the ut-
terance to estimate the multi-channel covariance matrix of
the noise [1]. The steering vector is derived by a SRP-PHAT
based localization method, whereby movements of the
source are tracked over time using the Viterbi algorithm.
Note that the baseline SE algorithm already incorporates a
simple microphone failure detection that rejects channels of
low signal energy.

Two standard 5k words closed-vocabulary WSJO language
models (LMs) are provided, i.e., a full trigram model (tg)
and a pruned trigram model (tgpr). Baseline results, which
are shown in Table II, are obtained using the tgpr LM.

3.2. Results

Table III summarizes the effect of different changes that are
incorporated into the proposed ASR system. The starting
point is a standard ML trained GMM-HMM system that
uses raw MFCC features including deltas and double deltas
as input. Note that our GMM-HMM system is trained with
twice as many Gaussian mixture components and approx.
25 % more senone targets in comparison to the CHiME-3
baseline GMM-HMM systems, whose WERs are shown in
Table II. The ML trained and fMLLR speaker adapted
MFCC system of Table III already achieves 2.75 % lower
WERs on average compared to the GMM-HMM baseline
system without SE. Discriminative training with the MPE
criterion further enhances ASR scores by approximately
2 %. Application of the SE algorithm reduces the average
WER by another 3.74 %, which is largely due to lower
WERSs on the simulated test data, whereas results for the real
data remain almost unchanged. The channel failure detec-
tion method improves WERs by approx. 0.84 %, which can
primarily be attributed to improvements with real test data,
while results of the simulated test conditions are degraded.

Table III' Word error rates of GMM-HMM based ASR systems. MFCCs include 13 cepstral coefficients, which are
computed from 31 Mel-channels, as well as delta and double delta features. AMFB features use the same MFCC compu-
tation as a basis (without deltas and double deltas) for the succeeding AM sub-band decomposition. The asterisk indi-
cates that 20 cepstral coefficients are employed instead of 13. “Fail Det.” denotes usage of the proposed microphone fail-
ure detection method. SE and fMLLR indicate the application of speech enhancement and speaker adapted training, re-

spectively. R.I. denotes the relative improvement and “#feats”

gives the feature dimensionality.

Feat. GMM Fail DEV [%] EVAL [%] Avg.

Type fifeats Tr. MLLR | SE Det. LM Real Simu. Real Simu [%g] R %]
MFCC | 39 ML X x x | tgpr | 22.40 22.43 34.00 28.67 26.40 -
MFCC | 39 ML \4 X x | tgpr | 16.35 17.27 25.94 21.27 19.84 25.04
MFCC | 39 | MPE \4 X x | tgpr | 14.19 15.87 23.33 19.25 17.82 32.84
MFCC | 39 | MPE 4 v x | tgpr | 14.75 9.02 22.76 10.86 14.08 46.93
MFCC | 39 | MPE 4 v v | tgpr | 12.80 10.10 18.81 12.12 13.24 49.67
MFCC | 39 | MPE 4 v v tg 12.12 9.48 17.93 11.43 12.53 | 5242/ -
AMFB | 117 | MPE 4 v v tg 11.23 8.45 16.04 10.03 11.27 | 56.99/10.01
AMFB* | 180 | MPE 4 v v tg 10.70 8.06 15.26 9.77 10.78 | 58.82/13.75
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Table IV Word error rates of DNN-HMM based ASR sys-
tems. Employed MFCC features include deltas and double
deltas. 1 and § denote the use of 40 (out of 40) and 25 (out
of 31) cepstral coefficients, respectively. “#feats” indicates
the number of features that are fed to the DNN.

an () o
feature é £ ‘::3 DEV [%] | EVAL [%] Avg.| RL

= [ 0 0,
type 2 & * | Real |Simu|Real |Simu (%] | [%]
MFCC'| % [+7]1800]12.66] 8.90 [20.54]11.36]13.08] -
AMFBT| x [+1]1080(11.56] 8.40 [18.89(10.13]12.00] 8.36
MFCC* | v [+7[1125]9.97]6.57[15.21] 8.17 ] 9.79 [25.28
AMFB*| v [+1]| 675 | 8.816.12[12.986.90 | 8.57 [34.34

Note that we do not use speech enhanced training data but
the channel failure detection is applied. A closer investiga-
tion as to why WERs for simulated test conditions are de-
graded has identified application of the channel failure de-
tection on the training data as the culprit. A possible reason
is the use of varying channel characteristics during training
that may be disadvantageous for recognition of simulated
data. Nevertheless, the failure detection continues to be used
for training and testing in subsequent experiments.
Replacing the pruned trigram by a full LM effects a WER
reduction of about 0.71 %. Although the current ASR sys-
tem is already highly optimized and shows a relative WER
improvement of 52.42 % compared to the initial system,
AMFB features can further decrease absolute WERs by
1.26 %, corresponding to a relative improvement of
10.01 %. Increasing the number of cepstral coefficients from
13 to 20 lowers absolute WERs of AMFBs by an additional
0.49 %. Finally, all changes applied to the GMM-HMM
based ASR system help to increase WERs by approx.
58.82 % relative to the initial standard system.

Table IV presents results of several variants of DNN-based
ASR systems that all apply the tg LM, speech enhancement,
and microphone failure detection. Two different feature
types are employed as input to the DNN. The first are
MFCCs including deltas and double-deltas, and the second
are AMFB features. MFCCs are spliced with a context win-
dow of £7 frames. AMFB features are spliced using three
adjacent frames, which is a favorable setting for AMFBs. If
no feature space speaker adaptation is used, MFCC and
AMFB features utilize 40 cepstral coefficients, which is a
quasi-standard for hybrid DNN systems [17,16]. If the
fMLLR transform is used, which is estimated by a preceding
decoding pass with a GMM-HMM system, the number
cepstral coefficients is set to 25 instead.

The total average WER of the two MFCC-based DNN-
HMM systems amount to 13.08 % without and 9.79 % with
speaker adaptation, respectively. Thus, the fMLLR speaker
adaptation effects a relative WER improvement of approx.
25.28 %, when used in combination with a hybrid DNN
back-end. The AMFB as a temporal pre-processing concept
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Table V Word error rates of the final best performing ASR
system sperately for each test condition using the standard
CHIiME-3 “multi-noisy” training set.

DEV [%.] EVAL [%] Ave. [%]
real simu real simu
BUS 10.55 5.59 14.83 5.29 8.96
CAF 8.17 7.74 14.83 7.64 9.42
PED 8.13 5.38 11.75 7.19 7.97
STR 8.39 5.77 10.52 7.49 7.94
Avg. 8.81 6.12 12.98 6.90 8.57

Table VI Word error rates of the final ASR system using
an extended version of the original “multi-noisy” training
set by using each channel (except channel 2) plus a speech
enhanced version of the “multi-noisy” training data.

DEV [%.] EVAL [%] Ave. [%]
real simu real simu
BUS 9.07 4.65 13.50 4.82 7.89
CAF 7.48 7.11 13.52 7.45 8.72
PED 6.90 4.73 10.56 6.37 7.00
STR 7.74 5.49 9.23 7.13 7.31
Avg. 7.80 5.50 11.70 6.44 7.73

prior to a DNN feature extractor reduces absolute WERs on
average by more than 1 % compared to both MFCC-based
DNN systems with frame splicing. Thereby, the relative
improvement amounts to 8.36 % without and to 12.1 % with
speaker adapted features, respectively.

Detailed WERs of the final best performing ASR system,
i.e., the hybrid DNN with fMLLR transformed AMFB fea-
tures, are shown in Table V. Results are further enhanced by
increasing the amount of training examples. Table VI pre-
sents WERs with an extended training set that is build using
channel 1, 3, 4, 5, and 6 as well as a SE processed version of
the “multi-noisy” training data.

4. DISCUSSION AND CONCLUSIONS

The paper presents an investigation of the amplitude modu-
lation filter bank (AMFB) used to extract long-term infor-
mation prior to GMM and DNN-based ASR systems. It is
demonstrated that the AMFB, which comprises a fixed
weight pattern to extract temporal information, can outper-
form a data-driven method, i.e., the commonly used frame
splicing approach, in conjunction with a hybrid DNN sys-
tem. Since the AMFB design is inspired by psychophysical
findings [9], its application in DNN-based system can be
motivated in a related way as the use of filter bank features,
which mimic acoustic frequency resolution of the human
inner ear [26]. Recent investigations on learning neural net
(NN) based ASR front-ends directly on raw time signals
indicate that the first NN-layer will learn similar weights



compared to an auditory-inspired filter bank front-end
[27,28]. This provides evidence that auditory-motivated
signal processing concepts are well-matched to ASR, which
endorses their future use. In addition, learning of an NN-
based front-end directly on raw waveforms requires a com-
parably large amount of training data in order to obtain
comparable results to filter bank features [27]. Therefore,
the AMFB might be a good candidate to incorporate further
auditory-inspired processing concepts to DNN-based ASR
systems, by which learning efforts, computational costs, and
WERSs can be reduced.

The proposed CHiME-3 challenge system, which involves
multi-channel SE, AMFB features, fMLLR speaker adapta-
tion, and a DNN-HMM ASR back-end, achieves an average
WER reduction of 8.63 % compared to the best baseline
system. Thereby, the WER of the real evaluation test condi-
tion is reduced by 20.25 % using the original unmodified
“multi-noisy” training set. Increasing the training data by
considering the official training set in different versions
provides a further WER reduction of 1.28 %.
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