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Abstract

This paper investigates whether modulation domain speech en-

hancement methods are better than corresponding acoustic do-

main methods when used as a preprocessor to automatic speech

recognition. It is well known that linguistic information of

speech is contained not only in the short-time magnitude spec-

trum but also in its temporal evolution. In addition, this study

investigates whether popular metrics used in speech enhance-

ment (such as PESQ, segmental SNR, STOI) are indicative of

ASR performance. ASR experiments on the TIMIT speech cor-

pus corrupted by various noises were performed to compare re-

cent modulation domain methods with their acoustic domain

variants.

Index Terms: modulation domain, robust speech recognition,

speech enhancement

1. Introduction

It is commonly known that automatic speech recognition (or

ASR) systems trained on clean speech will perform poorly

when applied to speech that has been corrupted by environ-

mental noise, in so-called mismatched conditions. A number

of approaches have been investigated to mitigate the degrading

effects of noise in ASR systems and these have been reported

widely in the speech literature [1]. One popular approach is to

apply a speech enhancement-based preprocessor on the noisy

speech before it is passed to the ASR system. The premise for

this approach is to use a speech enhancement algorithm to re-

duce the level of noise in order to improve the quality and in-

telligibility of the speech, which should assist in improving the

ASR performance.

A large number of speech enhancement algorithms have

been reported in the literature. We can classify all of these al-

gorithms into two categories, based on the domain they process

in. Typically, the short-time Fourier transform (or STFT) of

the speech signal is processed, where the speech is windowed

into short frames and a discrete Fourier transform is computed

for each frame. In acoustic frequency domain methods, such as

spectral subtraction [2], Wiener filtering [3] and MMSE-STSA

(minimum mean squared error-short time spectral amplitude)

[4, 5], the estimation is performed on the magnitude or power

spectrum across all acoustic frequencies within each frame. A

notable characteristic of acoustic frequency enhancement meth-

ods is that they generally process each short time frame in-

dependently without exploiting inter-frame dependencies that

model the temporal dynamics of speech. For modulation do-

main methods, the estimation is performed on the modulation

frequencies within the time trajectory of the magnitude [6] or

the real/imaginary parts [7] of the STFT at each acoustic fre-

quency; they are able to enhance the temporal dynamics of

the power spectrum of the speech. Several modulation domain

speech enhancement algorithms, such as modulation domain

spectral subtraction [8], MMSE modulation magnitude estima-

tion [9], and the modulation domain Kalman filter [10] have

been reported to outperform their acoustic frequency domain

analogues in terms of the quality of the enhanced speech.

In this paper, we investigate whether the advantage offered

by recent modulation domain speech enhancement algorithms

that are tuned for human listening, also results in improved

performance in hidden Markov model (HMM)-based speech

recognition. The feature vectors used in typical ASR systems

comprise a parametric representation of the power spectrum,

such as Mel-frequency cepstral coefficients (MFCCs) [11], as

well as their first and second derivatives (also known as delta

and delta-delta coefficients) [12], in order to exploit the tempo-

ral movements of the vocal tract. These derivatives have been

shown in [13] to be equivalent to applying bandpass filters on

the time sequences of spectral parameters (or TSSPs). There-

fore, modulation domain enhancement methods have the poten-

tial to provide a better set of feature vectors for the ASR system.

Previous studies on modulation domain-based preprocess-

ing in ASR, such as RASTA IIR filtering [6] and FIR-Slepian

bandpass filtering [13], have demonstrated improvements in

ASR accuracy when using basic filtering techniques in the mod-

ulation frequency domain. Therefore, this study examines the

ASR performance when the noisy speech is preprocessed by

recent and more sophisticated modulation domain speech en-

hancement algorithms. ASR experiments were performed on

the TIMIT speech corpus [14] using the HMM Toolkit (or HTK)

[15], that compare the performance across several acoustic and

modulation domain enhancement methods for the white, F16

and babble noises. Phoneme correctness results from these ex-

periments are presented along with speech quality (PESQ and

segmental SNR) and intelligibility metric (STOI).

2. Method

In this paper we aim to evaluate the effect of applying mod-

ulation domain and RI (real and imaginary)-modulation do-

main based speech enhancement methods in the preprocessing

stage, on the recognition rates of ASR. For this purpose, noisy

stimuli were processed using various modulation domain, RI-

modulation domain, and (for comparison) acoustic domain en-

hancement algorithms, then ASR experiments were conducted

on these preprocessed speech stimuli. Details of these experi-

ments are described below.
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2.1. Speech corpus

The TIMIT speech corpus [14] was used for the ASR experi-

ments. This corpus consists of 6300 utterances recorded from

630 different male and female speakers. The dataset is sam-

pled at 16 kHz, and divided into training and testing sets. The

training set consists of 3696 clean utterances from 462 speakers.

The core test set, consists of 192 utterances from 24 speakers.

Clean stimuli of the test set were corrupted with various noise

types at input SNRs ranging from 0 dB to 20 dB. Noise types

investigated include white (AGWN), babble, F16 and factory

noises, and were generated with use of noise samples from the

NOISEX-92 noise corpus [16]. Noisy test stimuli were pro-

cessed by each speech enhancement method before their use in

the ASR experiments.

2.2. Speech enhancement algorithms

The speech enhancement algorithms that were investigated in-

clude spectral subtraction, minimum mean-square error ampli-

tude estimation, and Kalman filtering. Methods were imple-

mented in the modulation domain, the RI-modulation domain,

and for comparison in the acoustic domain. A total of 8 differ-

ent enhancement methods were considered. Table 1 summarises

each speech enhancement method evaluated, along with key pa-

rameters used in their implementation. Parameters applied for

each are consistent with those given by the cited reference work

and/or implementation.

2.3. ASR experiments

Automatic speech recognition (ASR) experiments made use of

the TIMIT speech corpus (see section 2.1). The ASR model

was generated using clean stimuli from the training set only.

To prevent the biasing of the results, we removed the sa* utter-

ances from both the training and testing sets, as was done in [1].

For testing, noise corrupted stimuli from the core test set were

first processed by each enhancement method described in sec-

tion 2.2. Recognition tests were then conducted for each noise

type, input SNR, and enhancement method type.

ASR experiments were conducted using an HTK-based tri-

phone recogniser. Three states per HMM and 8 Gaussian mix-

tures per state were used. Consistent with [21], the set of 48

phonemes was reduced to 39 for testing. A frame size of 25 ms,

and frame shift of 10 ms was used. MFCC features, energy

coefficients, and first and second order derivatives were used,

to give 39 coefficients in total. Cepstral mean subtraction was

also applied. The bigram language model was used. Recog-

nition used the Viterbi decoder, with no pruning factor, likeli-

hood scaling factor of 8 and a penalty of 0. Recognition rates

of phonemes were determined for each noise, input SNR, and

treatment type in terms of correctness (Corr %).

3. Results and discussion

Results for ASR experiments for each noise type are shown in

Table 2. Objective evaluation of the enhanced utterances used in

each experiment are also shown in terms of mean PESQ score.

Table 3 shows mean segmental SNR and STOI for each treat-

ment type.

For higher SNRs, LOGAcMME was shown to be very ef-

fective in improving speech recognition rates. However, for

lower SNRs, the results were less clear. When dealing with

white noise, AcKal, a method originally designed for compen-

sating AWGN corrupted stimuli, resulted in the highest recog-

nition performance at all SNRs. RISSUB and ModSSUB out-

Table 1: Enhancement methods evaluated for preprocessing
stage of ASR. Important parameters used for each method are
also given. These include Acoustic frame duration (AFD),
Acoustic frame shift (AFS), Modulation domain frame durati on
(MFD), Modulation frame shift (MFS), Smoothing factor α,
number of Linear Prediction Coefficients (LPCs) used to model
speech p , and the number of LPCs used to model noise q.

Method Implementation details

AcSSUB Acoustic domain spectral subtraction [2]
AFD = 20 ms, AFS = 10 ms, Power spectral
subtraction.[17]

MdSSUB Modulation domain spectral subtraction [8]
AFD = 32 ms, AFS = 8 ms, MFD = 256 ms, MFS =
32 ms, Power spectral subtraction

RISSUb RI-modulation spectral subtraction [18]
AFD = 25 ms, AFS = 2.5 ms, MFD = 120 ms, MFS
= 15 ms, Magnitude spectral subtraction

LOGAcMME Acoustic MMSE Log-amplitude estimation [5]
AFD = 20 ms, AFS = 10 ms, α = 0.98 [17]

LOGMME Modulation MMSE Log-amplitude estimation [9]
AFD = 32 ms, AFS = 1 ms, MFD = 32 ms, MFS =
2 ms, α = 0.996

LOGRIMME RI-modulation MMSE Log-amplitude estimation
[19]
AFD = 32 ms, AFS = 1 ms, MFD = 32 ms, MFS =
2 ms, α = 0.996

AcKal Acoustic domain Kalman filtering
[20] AFD = 50 ms, AFS = 6.25 ms, p = 20, q = 10.

MdKal Modulation domain Kalman filtering
[10] AFD = 32 ms, AFS = 4 ms, MFD = 40 ms, MFS =

40 ms, p = 4, q = 8.

performed AcSSUB, and LOGRIMME and LOGMME outper-

formed LOGAcMME at lower SNRs. For utterances corrupted

with F16 noise at low SNRs, we similarly found that process-

ing with LOGRIMME resulted in better recognition rates than

when LOGAcMME was used. When considering babble noise,

LOGAcMME was in general found to be the highest performing

method. However, for the spectral subtraction-based methods,

MdSSUB and RISSUB were found to outperform AcSSUB.

This trend was also noticed in the Kalman filters, where Md-

Kal outperformed AcKal. The recognition accuracies for babble

noise indicated some degree of consistency with PESQ scores

shown in Table 2. However, in general for the other noise types,

it was found that high PESQ was not indicative of good recog-

nition accuracy. This was expected since PESQ was originally

developed for measuring perceptual speech quality in speech

coding applications for human listeners.

The intelligibility metric, short-time objective intelligibil-

ity measure (or STOI) [22], on the other hand, consistently

gave preference to MdSSUB. On the other hand, segmental

SNR gave preference to LOGMME for babble noise, and ei-

ther LOGMME or LOGRIMME for white and F16 noise types.

These results highlight the difference between various metrics

and ASR recognition rates, and the difference between methods

yielding improved human listener preference and those yielding

better ASR rates.

Considering the results reported for LOGMME and LO-
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Table 2: TIMIT experimental results: mean PESQ scores and phoneme correctness (%) scores for babble, F16, factory, and white
noises (clean corr = 75.82%). Highest scores are in bold .

Algorithm
Mean PESQ Corr (%)

SNR (dB) 0 5 10 15 20 0 5 10 15 20

Noisy (babble) 1.75 2.10 2.45 2.79 3.13 24.64 34.81 46.16 57.66 66.24

AcSSUB 1.74 2.21 2.64 3.06 3.44 26.01 35.76 47.18 54.21 62.44
MdSSUB 1.99 2.38 2.73 3.04 3.33 33.58 43.05 53.65 62.79 69.08
RISSUB 1.88 2.31 2.70 3.05 3.37 31.21 40.48 51.52 61.43 67.43

LOGAcMME 2.01 2.38 2.74 3.08 3.39 34.46 45.13 55.04 63.39 69.32
LOGMME 1.87 2.31 2.72 3.11 3.44 32.48 39.80 49.33 58.15 65.29
LOGRIMME 1.90 2.33 2.73 3.11 3.44 32.03 40.10 49.67 58.62 65.70

AcKal 1.92 2.22 2.51 2.83 3.13 31.46 37.49 43.95 50.31 55.29
MdKal 1.88 2.26 2.62 2.95 3.25 31.58 40.23 49.76 58.29 64.06

Noisy (F16) 1.64 2.01 2.37 2.73 3.08 16.48 27.65 39.53 53.27 63.11

AcSSUB 1.91 2.38 2.84 3.28 3.66 28.52 40.02 50.75 58.76 64.98
MdSSUB 2.32 2.63 2.91 3.17 3.41 38.47 47.86 57.43 63.94 68.34
RISSUB 2.15 2.52 2.85 3.15 3.43 38.74 46.41 56.36 61.75 67.08

LOGAcMME 2.24 2.61 2.94 3.23 3.51 35.56 48.38 59.30 66.10 69.27

LOGMME 2.05 2.45 2.87 3.24 3.56 38.21 48.47 57.59 62.35 65.42
LOGRIMME 2.14 2.54 2.92 3.26 3.56 40.68 50.70 58.66 62.51 65.77

AcKal 2.13 2.51 2.88 3.20 3.47 39.34 49.00 56.13 62.49 65.86
MdKal 2.10 2.45 2.75 3.01 3.27 35.54 45.57 53.29 58.37 62.93

Noisy (white) 1.37 1.71 2.09 2.46 2.83 11.39 20.57 30.58 43.24 54.65

AcSSUB 1.69 2.19 2.66 3.11 3.52 24.51 36.98 47.06 57.00 64.90
MdSSUB 2.20 2.53 2.79 3.04 3.29 31.91 41.75 50.93 59.07 64.98
RISSUB 2.08 2.41 2.71 2.99 3.27 33.20 41.03 49.32 56.01 62.35

LOGAcMME 2.01 2.43 2.79 3.09 3.38 27.39 38.63 50.27 60.64 66.62
LOGMME 1.92 2.32 2.69 3.03 3.37 31.80 41.90 52.31 57.97 62.36
LOGRIMME 1.97 2.37 2.72 3.05 3.38 32.69 42.69 53.32 59.38 63.27

AcKal 2.14 2.51 2.83 3.15 3.43 36.32 46.77 56.40 62.96 67.00
MdKal 1.94 2.33 2.64 2.91 3.16 30.13 40.80 50.23 57.00 61.10

GRIMME, it was noted that these methods incorporated the use

of a smoothing parameter α which provided a trade-off between

musical type noise distortion and slurring in the resulting recon-

structed speech. The value of α applied was determined exper-

imentally using human listening tests. Therefore, a preliminary

investigation was made to determine if this parameter might sig-

nificantly impact on the resulting recognition rates. Results for

experiments were conducted utilising various α values between

0.96 and 0.998 and the results are shown in Table 4. The recog-

nition rates shown are for the first 110 utterances of the test cor-

pus, with the stimuli being corrupted with 5 dB of babble noise.

Results show that reducing the value of α improved recognition

rates, particularly for LOGMME. This suggests that further im-

provement could be attained by further tuning of the modulation

domain based algorithms so that they are optimised for speech

recognition.

4. Conclusions

In this study, the ASR performance of modulation domain-

based speech enhancement methods was compared with that of

their acoustic domain counterparts, when used as a preproces-

sor of speech prior to the ASR feature extraction. The aim was

to determine if recently reported modulation domain methods,

which were tuned for human listening, would also offer addi-

tional advantages when coupled with an ASR system. In the

ASR experiments performed on the TIMIT speech corpus, it

was found that certain methods had performed differently and

for different noises. For the spectral-subtraction algorithms, the

modulation domain methods were found to be universally bet-

ter than their acoustic-based ones in phoneme correctness for

all noises. For the logMMSE-based methods, the acoustic do-

main variant was found to be more effective for all noises except

for white noise. To explain why the modulation-domain MME

methods were under-performing, preliminary tests were per-

formed to determine if better tuning parameters could improve

the ASR performance. The results demonstrated that further

tuning have the potential to improve their competitiveness in

ASR performance. Lastly, common speech enhancement met-

rics for speech quality and intelligibility were not found to be

reliably indicative of ASR accuracy.
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