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Abstract
Effective feature extraction for robust speech recognition is a
widely addressed topic and currently there is much effort to in-
voke non-stationary signal models instead of quasi-stationary
signal models leading to standard features such as LPC or
MFCC. Joint amplitude modulation and frequency modula-
tion (AM-FM) is a classical non-parametric approach to non-
stationary signal modeling and recently new feature sets for au-
tomatic speech recognition (ASR) have been derived based on
a multi-band AM-FM representation of the signal. We consider
several of these representations and compare their performances
for robust speech recognition in noise, using the AURORA-2
database. We show that FEPSTRUM representation proposed
is more effective than others. We also propose an improvement
to FEPSTRUM based on the Teager energy operator (TEO) and
show that it can selectively outperform even FEPSTRUM.
Index Terms: ASR, AM-FM modeling.

1. Introduction
Despite the many developments in state of the art automatic
Speech Recognition (ASR) systems, the ASR performance de-
teriorates in a noisy environment. A lot of work has been done
forwards improving the performance of ASR systems in real
life scenarios. The architecture of a typical speech recognizer
is that of a feature extraction block followed by pattern recog-
nition. The feature extraction block represents the incoming
speech as a sequence of feature vectors. Much research effort
has been done in the direction of improving the representation
of speech as feature vectors for better performance of the rec-
ognizer in the presence of noise in the signal. Mel Frequency
Cepstral Coefficients (MFCC) are know to represent the speech
signal well in clean conditions and when it come to the noisy
case the performance of MFCC’s degrades to some extent.

Most of the early efforts towards speech modeling and fea-
ture extraction has assumed the signal to be slowly varying
and quasi stationary leading to either parametric representa-
tion such as LPC or non-parametric representations, such as
MFCC. However, significant parts of speech are non-stationary
such as stop consonants, diphthongs, etc. There have been at-
tempts towards non-stationary parametric modeling, viz, time-
varying linear prediction (TV-LP) [1] and non-parametric time
varying models such as the AM-FM (amplitude modulation and
frequency modulation) modeling. The AM-FM modeling has
been used for a long time for low bit-rate speech coding [2]. In
this approach, the speech signal is modeled as a linear combi-
nation of AM-FM signals. Let s(t) be the speech signal, then it
can be represented as a combination of AM-FM signals as:

s(t) =

KX
k=1

Ak(t)sin(Φk(t)) (1)

where K is the number of components. To aid AM-FM de-
composition, s(t) often it is assumed that the AM-FM compo-
nents occupy non-overlapping frequency bands of the speech
signal, i.e., each corresponding to a narrow frequency band
of the signal. The AM-FM model being intrinsically non-
stationary and non-parametric, it is expected to represent the
time-varying sounds, viz, stop consonants, diphthongs more ef-
fectively. Generally these sounds carry more information than
the stationary parts of the signal and hence, more important
for speech recognition, speech coding and speech enhancement
also. Since human speech recognition is least affected by the
signal variations due to noise, robust speech processing is an on-
going research issue. To improve the performance of stationary
model based features, there have been attempts to explore the
non-stationary representation for several speech applications.
Specifically for robust speech recognition (RSR), instantaneous
frequency (IF) and instantaneous envelope (IE) based features
have been explored,[3], which correspond to the FM and AM
components. The AM-FM approach to ASR would have three
components:

1. Multi-band decomposition of speech into AM-FM com-
ponents

2. Feature extraction from the AM-FM components

3. Pattern recognition based on the feature sequence.

Although AM-FM decomposition is a classical topic and
achieve good AM-FM decomposition, it is not clear as to how
to convert the same into an effective feature sequence suitable
for a statistical pattern recognizer, such as HMM. In the same
early attempts, the IE and IF information is averaged over a
short duration, such as 20 - 30 ms and the resulting sequences
are used as feature sequences [4, 5]. This approach is used
for TEO measure also and with its interpretation of energy the
multi-band TEO over short time can be interpreted as an en-
ergy spectrum (TECC) [6]. In an important departure from the
quasi stationary parameterizations, Dimitriadis [3] formulated
a temporal weighting approach to frequency estimates leading
to a new feature set. These features can be viewed as having
higher “ time-resolution” than that obtained through just time-
averaging. The feature sequence that is input to an ASR is
a spectro-temporal pattern, whose time frequency resolutions
have to be carefully chosen for best performance. In a more
recent approach, referred to as FEPSTRUM[7], the multi-band
AM-FM representation is reduced to a manageable feature se-
quence through a data reduction approach using DCT and KLT.
The DCT is first used to minimize temporal correlation and
then a KLT is used to minimize inter channel spectral correla-
tions. This can be viewed as a transform domain approach to re-
tain important spectro-temporal information, hence likely to re-
tain better “ time - resolution” and “frequency resolution“ than
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quasi-stationary approaches. There are other attempts from ku-
mareshan [8] gave a comprehensive modulation representation
of AM-FM model of speech as features for ASR. They have
used average log envelope (AMS) and envelope weighted fre-
quency (FMS) and combination of both as CMS for ASR. Enis
[9], used teager energy for feature extraction in presence of car
noise for ASR.

In this paper we propose a new method for computing
robust features for ASR using TEO and also compare differ-
ent feature sets derived from the AM-FM modeling of speech.
We compare FEPSTRUM, Frequency Modulation Percentage
(FMP), AIF and ALE, along with TEO based features.

2. Comparison of Different Speech Features
2.1. Frequency modulation percentage (FMP)
In frequency modulation percentage [3] computation, multi-
band analysis of the speech signal is done by passing the speech
signal through a bank of filters. Each filters output is assumed to
be of the form xi(t) = ai(t)sin(φi(t) . Frequency modulation
percentage (FMP) for ith band is defined as

FMPi =
Bi

Fi
(2)

where

Fi =

R T

0
fi(t)a

2
i (t)dtR T

0
a2
i (t)dt

(3)

Bi =

R T

0
[ȧ2

i (t) + (fi(t)− Fi)
2a2

i (t)]dtR T

0
a2(t)dt

(4)

where f = 1
2π

d
dt
φ(t).

It is known from the time frequency analysis [10], the av-
erage frequency of the signal of the form s(t) = a(t)sin(φ(t))
is given by

W =

Z π

0

ω‖S(w)‖2dw =

Z T

0

φ
′
(t)a2(t)dt (5)

and bandwidth is given by the frequency spread

B =

Z π

0

(ω −W )2‖S(w)‖2dw (6)

=

Z T

0

[ȧ2(t) + (φ
′
(t)−W )

2
a2(t)]dt

Thus, it is clear that FMP is the ratio of bandwidth of the
signal to the average frequency of the signal. Similar to the Q
factor of a filter. The frequency spread is due to both IF varia-
tion as well as the IE variation, later being more dominant over
short durations of analysis. Thus, the FMP of a bandpass signal
can be interpreted as the inverse of the Q factor of the signal.
FMP captures the spread of the signal in each frequency band
with respect to the center frequency of the signal whereas the
MFCC’s does not have this feature.

2.2. Average log Envelopes and Average instantaneous fre-
quency
Most of the feature extraction schemes in the literature are mo-
tivated by spectral representation of the speech. It was realized
that the time evaluation of the spectrum contains more informa-
tion for ASR[11]. Slowly varying modulation information of
the speech signal carries more relevant information about the
evaluation of spectrum of the signal [4]. To explore the slowly
varying modulation information, a strong mathematical formu-
lation for a bandpass signal was given in [4, 5]. It is assumed the
bandpass signal is of the form x(t) = Aca(t)sin(Ωc + φ(t))

where Ac and Ωc vary slowly with time and a(t) and φ(t) vary
rapidly with time. All-pass and min-phase interpretation of the
band pass signal is given by using temporal domain pole-zero
model(T-PZ).

The analytic representation s(t) of a time domain bandpass
signal x(t) is given by

s(t) = Aca(t)e
j(Ωct+φ(t)) (7)

= Ace
Ωct eα(t)+jbα(t)| {z }

SMin−phase

eβt−j(bβ(t))| {z }
SAll−pass

The envelope of the signal is given by

A(t) = Ace
α(t)+β(t) → log(A(t)) = log(Ac) + α(t) + β(t)

(8)The phase of the signal is given by

φ(t) = Ωct+ bα(t)− bβ(t)→ ω(t) = Ωc + ḃα(t)− ḃβ(t) (9)
where α(t) and β(t) are the time varying functions. The

slowly varying components of the log envelope and frequency
are considered as feature for ASR system.

2.3. Teager Energy Cepstral Coefficients (TECC)
Teager energy operator (TEO) [12] is a very powerful tool to
analize the signal in energy point of view. The main advantage
is its high time resolution and the locality of the operator. In
TECC computation [6] multi-band analysis of the speech signal
is done by using a gamma tone filter band and TEO is used for
computing instantaneous energy Ek(t) in each band. Then the
log average of the instantaneous energy in each band is com-
puted. The interband correlation is removed by using DCT op-
eration. The major differences between MFCC and TECC are
the change in the filter-bank and change in procedure for com-
putation of the short term average energy in each band.

In TECC computation, the time evaluation of the energy in
each band, which TEO captures in great detail is lost due to
averaging operation.

2.4. FEPSTRUM
If the analytic signal is of form s(t) = a(t)ej(φ(t), with T-PZ
modeling it has been shown that s(t) can be represented in the
form [7]

s(t) = a0Π
Q
i=1 − q∗i eα(t)+jbα(t)| {z }

T−Min−phase

ejγ(t)| {z }
All−Pass

(10)

where α(t) and bα(t) are related through the Hilbert
Transform. The log envelope of the signal s(t) is given by
log(|s(t)|) = log(Ac)+α(t). α(t) is the time varying compo-
nent of log envelope of s(t). Q is total no of bands taken for the
analysis and qi is average envelope in each band.

Unlike the other methods, quasi stationary assumption of
the speech signal is not considered in FEPSTRUM representa-
tion. It is shown that DCT exploits the temporal evolution of the
log envelope of the signal. It can be interpreted that the trend
in the log envelope of the signal is captured by DCT smooth-
ing. The interband correlation is removed by the KLT trans-
form. The robustness of the FEPSTRUM is explored in this
paper and it is shown that FEPSTRUM is more robust under
mismatched conditions. The main reason for the robustness of
this algorithm is consideration of both the temporal as well as
the interband correlation in the speech signal.
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Figure 1: Block diagram of feature computation.

In FEPSTRUM representation, only the envelope of the sig-
nal is used for ASR and the usage of instantaneous frequency
(IF) of the signal to improve the robustness of the algorithm is
not explored.

2.5. Teager Energy Based New Features (TEF)

Teager’s energy operator [12] is a very useful tool for analyz-
ing time-varying signal components from their energy point of
view. TEO provides a higher resolution in time as it uses only
first and second derivatives for computing the instantaneous en-
ergy. The TEO for a discrete signal is give by:

E(n) = Ψ(x(n)) = x(n)2 − x(n− 1)x(n+ 1) (11)

Clearly the TEO for discrete signals uses only 3 surround-
ing samples to compute the instantaneous energy and hence can
capture the temporal energy changes in the signal very well be-
cause of the high temporal resolution. It has been shown [12]
that for sinusoidal signal, the instantaneous energy can be ap-
proximated as Ψ(x(n)) ≈ a2(n)ω2(n), where a(n) and ω(n)
are the instantaneous amplitude and frequency of the signal
x(n). Thus, TEO captures both the amplitude variations and
frequency variations in a single parameter.

For speech recognition, the evolution of the spectrum is
more important than spectral representation itself. To capture
the evolution of the spectrum of the signal the evolution of the
signal energy in different subbands is important. For this pur-
pose TEO is used in this paper. The algorithm for computing
TEF is shown in the Fig. 1,

In FEPSTRUM representation the IF information in the sig-
nal is not considered, whereas TEF includes the frequency in-
formation also through TEO. This may further improve the ro-
bustness of the features. The temporal evolution of the energy
which is very important for representing the time evolution of
the spectrum is explored in this method. TEF does not assume
the stationarity of signal and hence a long analysis frame (80ms)
for computing the feature vectors is considered.
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Figure 2: Advantage of DCT based smoothing of log envelope
over the average log envelope. For the portion of word had.

2.6. Discussion

The significance of average instantaneous frequency (AIF) for
speech is that it can track the formant frequency variations [13].
Average log envelope (ALE) represents the slow evolution of
formant amplitude. ALE considers the average of the log enve-
lope of the signal in each band, where as FEPSTRUM considers
the trend in the log envelope of the signal through the DCT of
downsampled log envelope. From the Fig. 2 we can see that
DCT approach retains important log envelope information by
taking into account the small variations of log envelope of the
signal in contrast to the ALE. In TECC, by averaging the tea-
ger energy in each band, the information about time evolution
of the energy of the signal is lost. In TEF, by approximating
each band energy function using lower 5 DCT coefficients the
time evolution of the energy is retained as in Fig 2. One of the
advantages of the TEF is that it tracks the evolution of energy
in each band, which TECC is failing to capture.

3. Experimentation
Experiments are conducted using the AURORA-2 database to
evaluate the performance of TEF, FEPSTRUM, ALE-AIF, FMP
and TECC. We have used mismatched training and testing con-
dition for evaluation of ASR performance. HTK Toolkit [14] is
used for all training and testing. From the results, it is clear that
TEF and FEPSTRUM perform well in the presence of moder-
ate noise as well as clean conditions. Under some noisy con-
ditions the new TEF method is performing even better than
FEPSTRUM. While implementing FMP, the multi-stream data
model for HMM is not considered and hence the experimental
results do not match [3]. The filterbank used in the experimen-
tation of ALE-AIF and FMP is gammatone filter bank [15]. The
implementations of different methods considered in the experi-
mentation are to the best of our understanding. From the results,
it is observed that the performance of FEPSTRUM and TEF are
better than FMP, TECC and AIE-AIF under clean and noisy
conditions. For SNR below 5dB the performance of TECC and
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AIE-AIF are better than TEF for some noisy conditions. We
noted that compared to the standard MFCC feature [16], use of
non-stationary modeling (AM-FM) for the speech signal didnt
give significant improvement of the ASR performance in noise.
Hence, better methods of converting the AM-FM information
into feature vectors is necessary for noise robustness.

Table 1: TECC performance on AURORA 2 database Test Set-a

SNR Subway Babble Car Exhibition
Clean 92.29 93.08 92.81 93.15
20dB 81.49 84.76 81.45 80.07
15dB 72.52 77.24 71.46 70.26
10dB 58.34 61.37 54.91 54.58
5dB 36.23 37.91 29.08 33.35
0dB 19.74 19.38 17.33 17.09
-5dB 13.23 12.21 11.99 11.05

Table 2: AIE and AIF performance on AURORA 2 database
Test Set-a

SNR Subway Babble Car Exhibition
Clean 93.18 94.83 94.04 93.30
20dB 74.24 82.68 78.11 73.68
15dB 62.48 70.59 63.56 60.41
10dB 43.51 52.18 42.35 43.17
5dB 26.62 31.14 23.29 24.50
0dB 17.47 18.14 15.72 14.16
-5dB 12.34 11.37 11.15 10.09

Table 3: FEPSTRUM performances on AURORA 2 database
Test Set-a

SNR Subway Babble Car Exhibition
Clean 99.23 99.00 98.81 99.23
20dB 94.63 97.76 94.87 94.82
15dB 88.36 94.38 90.61 87.69
10dB 71.75 81.56 74.65 72.05
5dB 39.88 56.32 35.73 41.31
0dB 15.81 26.81 10.05 19.81
-5dB 8.35 14.06 7.19 11.85
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