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ABSTRACT: We investigate noise-robust automatic speech recognition by comparing conventional Mel
frequency cepstral coefficients (MFCC) with and without RASTA filtering, using a hidden Markov model
(HMM) classifier. Real-world noisy speech from standard corpora TIMIT and others are used. Key concepts
such as MFCC extraction, RASTA filtering, and HMM-based modeling are described in detail. We derive
equations for MFCC computation, the RASTA filter, and the HMM probability model. Performance metrics
including word error rate (WER), accuracy and SNR improvement are defined with equations. Experimental
results on spoken-word recognition tasks with noise added are presented in tables and graphs. We observe that
the RASTA enhanced MFCC front end significantly reduces WER in low SNR conditions, consistent with prior
studies [14][16].
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1. INTRODUCTION N-1
Most automatic speech recognition (ASR) systems X(k) = Z x(n)e~I@mkm)/N

struggle with noise immunity, as environmental noise n=0
and channel distortion significantly ~degrade  So, |X(k)|? becomes the power spectrum of the
signal.

recognition performance in real-world scenarios [1].
While traditional ASR approaches using Mel- A bank having M triangular filters j;(k)which are
spaced as per the Mel scale is applied, so to have

Frequency Cepstral Coefficients (MFCCs) and

Hidden Markov Models (HMMs) [27][29] are  filter energies as
inherently noise-sensitive, techniques like RASTA N-1
filtering [17] and cepstral normalization [19][24]

have been developed to enhance noise robustness.
This paper compares a baseline MFCC-HMM system
against a RASTA enhanced MFCC approach for
noisy speech recognition. We evaluate both using
public datasets (e.g., TIMIT [6][ 10]) added with
simulated noise and measuring performance via
accuracy and Word Error Rate (WER).

The paper provides detailed mathematical definitions
of MFCCs, RASTA filtering [27], and HMMs [2],
alongside formal definitions of the performance
metrics. Experimental results confirm a significant
performance gap at -5 dB SNR, the baseline WER
often exceeds 80%, while RASTA preprocessing
reduces it to approximately 60%, aligning with prior
findings [8][14]. Our study includes a fundamental
noise robustness comparison of MFCC, RASTA, and
HMM components using our collected corpora.

2. BACKGROUND REVIEW

Mel-Frequency Cepstral Coefficients (MFCC)
MFCC are widely used speech features that model the
short-time power spectrum on a perceptual (Mel)
scale [19][27]. Given an audio frame x/[n]
(windowed) of length N, its DFT is

Ei=z IXCOI2H (), i=1...M

k=0
To obtain MFCCs take logarithm and discrete cosine
transform (DCT) for decorrelating, it is then MFCCs

M
i — 0.5
Cm = Z log log (E;) cos [%] m=1..K

Typicla_ﬁy K = 12 -13 coefficients (plus log-energy)
are kept, and first/second temporal derivatives are
appended. These static MFCC and along with delta
features (Derivatives) form a 39-dimensional vector
for a frame of speech data sample. MFCC have been
shown effective in clean speech [19][27], but degrade
under noise and channel mismatch.
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Figure 1.1 MFCCs by processing of speech
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Figure 1.2 RASTA- MFCC by processing of speech
RASTA Filtering

RASTA (RelAtiveSpecTrAl) filtering is a band-pass
filtering method used on the time-based evolution of
log-spectral or cepstral features to reduce the impact
of slowly changing noise and constant channel
distortions [15][17][20][26].In practice, the log
filterbank energies log (E;(t)) or equivalently MFCC
trajectories are passed through a digital band-pass
filter [3]. RASTA filter transfer function can be given
in z-domain like

02401zt +012z73 +0.2z*
z=4 —0.94z-5

H(z) =

Here, it gives a notch near DC to remove slw and
constant components, a peak in mid frequencies and
drop at high frequencies to smoothing and reduces
transient spikes (noise)[17][26]. This filter is applied
to each filter bank output or cepstral coefficient
sequence (frame by frame). The effect is to
emphasize mid rate spectral modulations (speech-
related) and suppress very low frequency drift
(channel) and high frequency noise. In summary,
RASTA aims to improve noise-robustness by
adaptive spectral shaping [17][19].

Hidden Markov Models (HMM)

HMMs are statistical sequence models commonly
used for ASR [2][21][23]. In the HMM framework,
each speech unit (phoneme, word) is modeled by a
Markov chain of states, each with an output
probability distribution (usually Gaussian). The
HMM parameters are A=(A,B,x) where state transition
matrix 4 = [ai].] , output likelihoods = B , and initial
state = m. Given an observed feature sequence
0 = (04,05, 05..07) the likelihood under the model A

P(D) = Z

T
n‘hb‘h (01) l_[ a‘h-1,qtbfh (Of)

qy,--9qr, t=2

Where, q, are the (unobserved) state indices and
b;(0) is the output probability (e.g. Gaussian) in state
j . In practice, by using the Viterbi
algorithm,decoding gives the most likely state
sequence. Standard ASR uses continuous-density
HMMs trained by the Baum-Welch algorithm. In this
work, we use HMMs (e.g. one word model) for
recognition [2][6], keeping all modeling consistent
across feature sets (baseline vs RASTA).

Noise-Robust Feature Extraction

Beyond RASTA filtering, numerous front-end
techniques enhance ASR robustness against noise.
These include waveform level methods like spectral
subtraction (Boll's method) [9], cepstral-domain
techniques such as Cepstral Mean Subtraction (CMS)
and variance normalization [7][8], and advanced
filtering (e.g., Wiener filtering) [8]. Simple cepstral
normalization (e.g., mean subtraction or histogram
equalization) effectively reduces channel mismatch
[8]. Alternative robust features, like Perceptual Linear
Prediction (PLP) [18] and modulation-domain
features [19] have also been proposed. This study
specifically compares the canonical MFCC front-end
against its RASTA filtered variant. We focus on this
comparison due to RASTA's established effectiveness
in improving noisy ASR performance [14][17][19].

3. DATASET AND EXPERIMENTAL SETUP

We conducted evaluations using standard speech
corpora with added noise. The TIMIT dataset [6],
containing clean, phonetically labeled 16 kHz speech
from 630 US speakers, was employed partly for
training and clean reference testing. Based on TIMIT,
we defined an isolated-word task as a baseline.

Speech samples were uniformly sampled at 16 kHz.
A 25 ms Hamming window with a 10 ms frame shift
was applied to each sample. For every frame, we
extracted 13 Mel-frequency cepstral coefficients
(MECCs), including the 0™ coefficient (log-energy).
To enhance the feature set, first and second order
temporal derivatives (delta and delta-delta) were
computed and appended to the original coefficients,
resulting in a 39-dimensional vector per frame [19].

For experiments using RASTA-MFCC, we filtered
each log-Mel filter bank output with a RASTA band-
pass filter before performing the discrete cosine
transform (DCT), effectively smoothing the cepstra
[17]. All features underwent mean normalization on a
per utterance basis.Each digit was modeled using a
12-state left-to-right hidden Markov model (HMM),
with additional states for short silence, trained using

ISSN: 0975 - 6779| NOV 20 TO OCT 21| VOLUME - 06, ISSUE - 02

Page 1527



JOURNAL OF INFORMATION, KNOWLEDGE AND RESEARCH IN
ELECTRONICS AND COMMUNICATION ENGINEERING

HTK (Hidden Markov Model Toolkit). Training was
conducted under clean and noisy scenarios to
simulate matched and mismatched scenarios. Noise
was artificially added to the test corpora to evaluate
performance under both conditions.

Feature Processing Pipeline

Fig. 1.1 and 1.2 illustrate the two front-end pipelines.
In the baseline MFCC pipeline, the waveform is
windowed, FFT is computed, Mel-filter bank applied,
then log-energy and DCT to produce MFCC vectors.
In the RASTA MFCC pipeline, a RASTA band-pass
filter is inserted between the log and DCT steps, i.e.
we filter each logarithmic Mel-band trajectory with
the transfer function of [17]. This requires storing
several past and future frames (a 5-frame window) of
log energies. Implementation details follow [14][17].
After RASTA filtering, the log-energy outputs are
DCT-transformed as usual. No other adaptation (e.g.
VTLN, feature-space transforms) is applied in this
study, to isolate the effect of RASTA. Simulated
noise is added in speech to have different SNR for
evaluating performance of the system.

Performance Metrics

Recognition accuracy and error rates are computed at
the word level. The word error rate (WER) is defined
as the total number of substitutions S , deletions D,
and insertions [ ,divided by the total number of words
N in the reference transcript

S+D+1

WER = * 100 %

Accuracy can be expressed as /-WER .

We also consider Signal-to-Noise Ratio (SNR) as
input SNR is set by mixing clean speech and noise,

SNR;, = 10

If front end includes noise reduction, one may define
an SNR improvement as

ASNR = SNR,yy — SNR,y (in dB)

Although for RASTA (a cepstral filter) we focus on
recognition accuracy rather than output waveform
SNR. All WER results are reported as percentages
(lower is better). Accuracy (in%) is 100 —WER.

We presented tables of accuracy at specific
SNR points, and graphs of WER performance versus
SNR.

4. RESULTS OF EXPERIMENT
The performance of MFCC and RASTA-MFCC

features in noisy word recognition was evaluated
using an HMM classifier across varying SNR levels.

Table 1 shows the recognition accuracy, while Figure
2 presents the corresponding Word Error Rate
(WER). As expected, WER rises sharply as SNR
drops; however, the RASTA-MFCC curve (orange)
significantly remains below the baseline MFCC curve
(yellow) at all SNR levels. This matches prior
findings that RASTA-PLP or similar filters yield
robust gains in noisy scenarios [14].

Table 1. Recognition accuracy for noisy word
recognition using baseline MFCC vs. RASTA-filtered
MFCC (HMM classification)

SNR (dB) | MFCC Accuracy | RASTA-MFCC
(%) Accuracy (%)
-5 21 39
0 30 50
5 50 65
10 73 84
15 90 94

Word Error Rate vs. SNR
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Figure 2. Word error rate (WER) vs. input SNR for
Baseline MFCC-HMM (yellow) and RASTA-
enhanced MFCC HMM (orange).

5. INTERPRETATION OF RESULT

At an SNR of -5dB, the MFCC-based system
achieved a recognition accuracy of just 21%, whereas
RASTA-MFCC reached 39%, representing nearly a
100% relative improvement and highlighting the
effectiveness of RASTA filtering under high-noise
conditions. As the SNR increased, both systems
showed improved recognition accuracy. However,
RASTA-MFCC consistently  outperformed the
standard MFCC approach, particularly in the low-to-
mid SNR range. For example, at 10 dB, RASTA-
MEFCC achieved 84% accuracy compared to 73% for
MFCC, and at 15dB, both methods performed
strongly with accuracies of 94% and 90%,
respectively.Figure 2 illustrates the corresponding
reduction in word error rate (WER) as SNR
improves. RASTA-MFCC consistently yielded lower
WER across all SNR levels, confirming its robustness
and stability in noisy environments. These findings
support the integration of RASTA filtering before the
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discrete cosine transform (DCT) stage in the MFCC
pipeline, significantly enhancing the noise resilience
of speech recognition systems. The RASTA filter
effectively suppresses stationary noise and slowly
varying channel distortions, fulfilling its intended
design [17][5].

Additional experiments showed that training HMM
models with speech data at varying SNR levels
further boosted performance for both MFCC and
RASTA-MFCC systems. Still, the advantage of
RASTA-MFCC remained evident. The observed error
reductions align closely with results reported by Zhu
et al. on the Aurora dataset [14][4], validating the
reliability of our implementation. It is worth noting
that RASTA operates in the feature domain, rather
than directly enhancing the audio waveform.
Therefore, commonly used SNR improvement
metrics are not applicable. Instead, WER reduction
serves as the key indicator of its performance impact.
If one wants to compute an “effective SNR gain,” it
would be defined as

2t Sz(t)/ Xt
X x*(t)/X.

n?(t)
n?(t)

ASNR =10

Where s(1) is clean speech, n(t) represents noise, and
x(t) = s(t) + n(t) is signal with noise added. In
practice, we found that even a few dB of SNR
improvement (via other enhancement) translates to
the large WER drops observed. Overall, our findings
illustrate that classical robust feature techniques like
RASTA remain valuable.

6. CONCLUSION AND FURTHER SCOPE

This study demonstrates that RASTA-enhanced
MFCC features significantly improve recognition
accuracy in noisy environments when used with an
HMM-based word recognizer. The experimental
results show that RASTA filtering is particularly
effective under low SNR conditions, reducing WER
and increasing classification robustness compared to
standard MFCC.

Key concepts such as MFCC extraction, RASTA
band-pass filtering, and HMM formulation were
thoroughly examined. Experimental results on
available standard datasets and artificially added
noise demonstrate that incorporating RASTA filtering
into the MFCC front end significantly enhances
recognition accuracy in low-SNR conditions, aligning
with findings reported in previous studies [14][19].
Future research could build on this foundation by
benchmarking other frontend techniques, such as
Perceptual Linear Prediction (PLP) or learned deep
features and applying them to broader real-world
corpora featuring authentic environmental noise,
while maintaining the historical context of the
analysis.
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