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Abstract

Incorporating information from the short-time phase spectrum into a feature set for automatic speech recognition (ASR) may
possibly serve to improve recognition accuracy. Currently, however, it is common practice to discard this information in favour
of features that are derived purely from the short-time magnitude spectrum. There are two reasons for this: (1) the results of
some well-known human listening experiments have indicated that the short-time phase spectrum conveys a negligible amount
of intelligibility at the small window durations of 20–40 ms used for ASR spectral analysis, and (2) using the short-time phase
spectrum directly for ASR has proven difficult from a signal processing viewpoint, due to phase-wrapping and other problems.

In this article, we explore the possibility of using short-time phase spectrum information for ASR by considering the two points
mentioned above. To address the first point, we review the results of our own set of human listening experiments. Contrary to
previous studies, our results indicate that the short-time phase spectrum can indeed contribute significantly to speech intelligibility
over small window durations of 20–40 ms. Also, the results of these listening experiments, in addition to some ASR experiments,
indicate that at least part of this intelligibility may be supplementary to that provided by the short-time magnitude spectrum.
To address the second point (i.e., the signal processing difficulties), we suggest that it may be necessary to transform the short-
time phase spectrum into a more physically meaningful representation from which useful features could possibly be extracted.
Specifically, we investigate the frequency-derivative (or group delay function, GDF) and the time-derivative (or instantaneous
frequency distribution, IFD) as potential candidates for this intermediate representation. We review our recent work, where we
have performed various experiments which show that the GDF and IFD may be useful for ASR. In our recent work, we have
also conducted several ASR experiments to test a feature set derived from the GDF. We found that, in most cases, these features
perform worse than the standard MFCC features. Therefore, we suggest that a short-time phase spectrum feature set may ultimately
be derived from a concatenation of information from both the GDF and IFD representations. For best performance, the feature set
may also need to be concatenated with short-time magnitude spectrum information.

Further to addressing the two aforementioned points, we also discuss a number of other speech applications in which the short-
time phase spectrum has proven to be very useful. We believe that an appreciation for how the short-time phase spectrum has
been used for other tasks, in addition to the results of our own experiments, will provoke fellow researchers to also investigate its
potential for use in ASR.
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1. Introduction

In automatic speech recognition (ASR), the speech is processed frame-wise using a temporal window duration
of 20–40 ms. The short-time Fourier transform (STFT) is normally used for the signal analysis of each frame.1 The
resulting STFT signal spectrum can be decomposed into the short-time magnitude spectrum and the short-time phase
spectrum.2 Although information about the speech is provided by both components, state-of-the-art ASR systems
generally discard the phase spectrum in favour of features that are derived only from the magnitude spectrum [3].3

A perusal of the literature, not including our recent work, reveals that there are two main reasons for this: (1) At such
small temporal window durations, it is generally believed that the phase spectrum does not contribute much to speech
intelligibility, and (2) the phase spectrum is an abstract representation from which it is difficult to extract information;
in comparison, the magnitude spectrum is easy to analyse and parameterise into features.

The first reason for neglecting phase spectrum information in ASR can be attributed to the results of human speech
recognition (HSR) studies conducted by Schroeder [4], Oppenheim and Lim [5], and Liu et al. [6]. Schroeder, Op-
penheim and Lim informally observed that the phase spectrum is important for human intelligibility of speech when
the window used for the STFT is large (greater than 1 s). When the window duration is small (about 20–40 ms), they
noted that the phase spectrum conveys little information about the intelligibility of speech. Liu et al. have recently
conducted a more formal human speech perception study, the results of which agree with those of previous studies.
Note that while the phase spectrum (computed using small window durations) is thought to provide little toward
speech intelligibility, it does contribute to the speech quality and naturalness; accordingly, its information is captured
by speech coding algorithms and used for high-quality speech synthesis [7–12].

The other reason for discarding the phase spectrum in ASR is due to signal processing difficulties such as phase-
wrapping and other problems [13,14]. The magnitude spectrum is relatively easy to analyse and parameterise into
features. The same analysis and parameterisation techniques, however, cannot be used to process the information
provided by the phase spectrum. Unlike the magnitude spectrum, the phase spectrum does not explicitly exhibit the
system resonances. A physical connection between the phase spectrum and the structure of the vocal apparatus is not
immediately apparent.

To avoid confusion, we provide a clarification: From experience, we have learned that when one hears the word
‘phase,’ it is often associated with the quantity explored by Ohm [15] and Helmholtz [16]. This type of ‘phase’ refers
to the changes in arrival time of a signal’s frequency components due to variations in the path length between the
signal source and the ear [17]. This, however, is a different concept to that of the short-time phase spectrum. The two
should not be confused. To eliminate any ambiguity, throughout this article we use the term ‘phase spectrum,’ not
‘phase.’

As stated in the title, the purpose of this article is to review the use of the phase spectrum for speech processing.
Although the phase spectrum has yet to be proven useful for ASR, it has successfully been used for many other tasks;
some of which we touch upon in the review. The review leads into a summary of our own work in which we have
been exploring the potential for using the phase spectrum to improve ASR performance. Our motivation for research
in this direction stems from the results obtained from our own listening tests [18]. Contrary to previous studies by
other researchers [4–6], our results indicate that the phase spectrum can indeed contribute significantly to speech
intelligibility over small window durations of 20–40 ms. These results dispel the first aforementioned reason for not
using the phase spectrum in ASR. The second reason (i.e., the signal processing difficulties) requires some further
investigation. If the phase spectrum is to be useful in ASR, it is necessary that it be transformed into a more tangible
representation. If such a representation can be found, we need to determine if it can be used (either in isolation or in
combination with magnitude spectrum) to improve ASR performance.

1 The STFT spectrum may be processed further using a second Fourier transform depending on the particular speech processing application. For
example, in ASR, the STFT magnitude spectrum is processed further through a discrete cosine transform (DCT) to obtain cepstral features.

2 From here onward, the modifier ‘short-time’ is implied when mentioning the phase spectrum and magnitude spectrum. For clarity, we still
explicitly state the modifier in various places throughout the article. Note that ‘short-time’ implies a finite-time window over which the properties
of speech may be assumed stationary; it does not refer to the actual duration of the window. We use the qualitative terms ‘small’ and ‘large’ to
make reference to the duration.

3 There are other speech processing applications where spectral phase information is overlooked. For example, in speech enhancement it is
common practice to modify the magnitude spectrum and keep the corrupt phase spectrum [1,2].
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This article is structured as follows: Section 2 summarises the theory of the STFT and details how it is used to
analyse, synthesise and modify a speech signal. Section 3 is devoted to the short-time phase spectrum. We men-
tion two common representations derived from the phase spectrum, namely the group delay function (GDF) and the
instantaneous frequency distribution (IFD), and briefly describe a number of speech applications in which these rep-
resentations have successfully been used. Section 4 describes several of the human perception experiments that we
have previously conducted in order to quantify the intelligibility provided by the phase spectrum and the magnitude
spectrum (in both clean and noisy conditions). These experiments involved listening to speech stimuli reconstructed
either from the original phase spectra or the original magnitude spectra. These stimuli are respectively referred to as
phase-only stimuli and magnitude-only stimuli. We have also attempted to quantify the intelligibility provided by the
frequency-derivative and time-derivative of the phase spectrum (i.e., the GDF and IFD, respectively). In Section 5, we
review the results of some ASR experiments that we have previously conducted on phase-only stimuli and magnitude-
only stimuli. The purpose of doing these experiments was to determine if the ASR recognition scores are consistent
with the human intelligibility scores. In Section 6, we review the GDF in detail and highlight the problems when using
it directly for ASR. We summarise the work by Yegnanarayana and Murthy [14] on the modified GDF (MGDF), which
serves to remedy the problems of the GDF. We provide the implementation details of Murthy and Gadde’s MGDF-
based (MODGDF) features [19]; these features are perhaps the most concerted effort into spectral phase features thus
far. We then present the results of some other ASR tests we have previously conducted, the purpose of which was
to determine the performance of MODGDF features on several ASR tasks in additive white and coloured noises. In
Section 7, we summarise this article and present the conclusions that have been drawn from the work. We also suggest
some further research.

2. Short-time Fourier analysis, synthesis, and modification

Here, we present the basic theory of the STFT and discuss how it is used to analyse, synthesise and modify a speech
signal.

2.1. Short-time Fourier transform

The STFT [7,8,20–31] is the result of applying the Fourier transform at different points in time on finite length
(i.e., short time) sections of a signal. This algorithm is fundamental to signal analysis because it introduces a time
dependency, which the Fourier transform of the whole signal does not have. The separate Fourier transforms can be
analysed for ASR feature extraction, or they can be individually processed and recombined to form a new processed
signal (as we do in Section 4).

The continuous STFT of a signal, x(t), is given by

X(t,ω) =
∞∫

−∞
x(τ)w(t − τ)e−jωτ dτ, (1)

where w(t) is the analysis window. In speech processing, the Hamming window function is typically used and its
duration is normally 20–40 ms.

We can decompose X(t,ω) as follows:

X(t,ω) = |X(t,ω)|ejψ(t,ω), (2)

where |X(t,ω)| is the short-time magnitude spectrum and ψ(t,ω) = � X(t,ω) is the short-time phase spectrum. The
STFT magnitude and phase spectra can be used to reconstruct the signal x(t) perfectly. In this sense, the signal x(t)

is completely characterized by the short-time magnitude and phase spectra.4

In order to implement the STFT, it must be discrete in both time and frequency. The discrete-time STFT is

X(n,ω) =
∞∑

m=−∞
x(m)w(n − m)e−jωm, (3)

4 This statement is always true for the continuous STFT. For the discrete STFT, this statement is only true under certain constraints (see Sections
2.2.1 and 2.2.2).



L.D. Alsteris, K.K. Paliwal / Digital Signal Processing 17 (2007) 578–616 581
where n is the discrete time variable. The discrete STFT (which is discrete in both time and frequency) is given by

X(n, k) = X(n,ω)|ω=2πk/N , (4)

where N is the number of frequency samples and 0 � k < N . We can rewrite this as

X(n, k) =
∞∑

m=−∞
x(m)w(n − m)e−j2πkm/N . (5)

Usually, the time variation is decimated by a factor of L, such that we obtain X(nL,k). L is changed depending on
the time resolution required (as discussed later, it is also dependent on the window duration). If each windowed speech
segment has a support of M samples, then the limits of the summation can be replaced to sum from −M/2 + 1 to
M/2 (assuming M is even, as it usually is).

2.2. Synthesis from the STFT

In Section 4 we use an STFT framework to reconstruct speech from its magnitude spectra and phase spectra. In
this subsection, we introduce the theory behind reconstruction from the STFT. In particular, we discuss two classical
methods that have widely been used for short-time synthesis; the filter-bank summation method and the overlap-add
method.

2.2.1. Filter-bank summation method
The STFT can be viewed as the output of a set of filters where the analysis window, w(n), determines the filter

impulse response.5 To demonstrate this, we fix the value of ω at ωk = 2πk/N and rewrite the expression for the
discrete STFT as

X(n, k) =
∞∑

m=−∞

[
x(m)e−jωkm

]
w(n − m) (6)

= [
x(n)e−jωkn

] ∗ w(n), (7)

where ∗ represents the convolution operation. It can also be written as

X(n, k) = [
x(n) ∗ w(n)ejωkn

]
e−jωkn. (8)

In Eq. (7), x(n) is modulated by e−jωkn, then a baseband filter, w(n), is applied (see Fig. 1a). In Eq. (8), x(n) is
filtered with a band-pass filter, w(n)ejωkn. The filtered signal is then modulated (to baseband) by e−jωkn (see Fig. 1b).
In both cases, the outcome is the same.

To construct a signal, y(n), which ideally should be equal to the original signal, x(n), we modulate each baseband
signal, X(n, k), with a complex exponential, ejωkn, and these outputs are summed at each time instant to obtain the
original time sample. That is,

y(n) = 1

Nw(0)

N−1∑
k=0

X(n, k)ej2πnk/N , (9)

where w(0) is the centre value of the analysis window (i.e., the weighting applied during the analysis at time n).
Equation (9) is referred to as the filter-bank summation (FBS) method. Substituting the definition for the discrete
STFT into this equation, we obtain:

y(n) = 1

Nw(0)

N−1∑
k=0

∞∑
m=−∞

x(m)w(n − m)e−j2πmk/Nej2πnk/N (10)

5 Throughout this discussion we will alternate between the STFT forms (i.e., continuous, discrete-time and discrete versions). The specific forms
we use in each section are deemed the most appropriate to convey the concepts.
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(a)

(b)

Fig. 1. Two filtering views of the STFT analysis. (a) Complex exponential modulation followed by low pass filtering, or (b) band-pass filtering
followed by a complex exponential modulation.

= 1

Nw(0)

∞∑
m=−∞

x(m)

N−1∑
k=0

w(n − m)ej2π(n−m)k/N (11)

= 1

Nw(0)
x(n) ∗

N−1∑
k=0

w(n)ej2πnk/N , (12)

where the second term is the composite filter response. Equation (12) can be rewritten as

y(n) = 1

Nw(0)
x(n) ∗ w(n)N

∞∑
r=−∞

δ(n − rN). (13)

Therefore, for y(n) = x(n), the following constraint must be met:

w(n)N

∞∑
r=−∞

δ(n − rN) = Nw(0)δ(n). (14)

This equation is referred to as the FBS constraint. It requires that the frequency sampling factor, N , be at least as
large as the segment window size, M (which is the length of the window, w(n)). Alternatively, this constraint can be
expressed in the frequency domain:

N−1∑
k=0

W(ω − 2πk/N) = Nw(0), (15)

which ensures that the frequency responses of the filters sum to a constant across the entire frequency band.
To deal with temporal decimation, temporal interpolation filtering must be performed on the discrete STFT to

restore the decimation factor to unity before modulation and addition is performed. Note that this can only be done if
the decimation factor, L, is no larger than the window length (such that no samples are missed during the analysis).

2.2.2. Overlap-add method
To construct a signal, y(n), which ideally should be the same as the original signal, x(n), the overlap-add (OLA)

method requires that the inverse discrete Fourier transform (DFT) be taken for each segment in the discrete STFT.
Each of these short-time sections are then overlapped and added:

y(n) = 1

W(0)

∞∑ [
1

N

N−1∑
X(p, k)ej2πnk/N

]
, (16)
p=−∞ k=0



L.D. Alsteris, K.K. Paliwal / Digital Signal Processing 17 (2007) 578–616 583
where

W(0) =
∞∑

n=−∞
w(n). (17)

We can rewrite Eq. (16) as

y(n) = 1

W(0)

∞∑
p=−∞

x(n)w(p − n) (18)

= 1

W(0)
x(n)

∞∑
p=−∞

w(p − n). (19)

Therefore, for y(n) = x(n), the following constraint must be met:
∞∑

p=−∞
w(p − n) = W(0). (20)

This is the OLA constraint. This constraint requires that the sum of the analysis windows (which are obtained by
sliding w(n) by 1 time sample) add up to the same value at each discrete point in time. This results in the elimination
of the analysis window from the synthesised sequence.

Further, if the STFT is decimated by factor L, then,

y(n) = L

W(0)

∞∑
p=−∞

[
1

N

N−1∑
k=0

X(pL,k)ej2πnk/N

]
. (21)

We can rewrite this as

y(n) = L

W(0)

∞∑
p=−∞

x(n)w(pL − n) (22)

= L

W(0)
x(n)

∞∑
p=−∞

w(pL − n). (23)

Therefore, for y(n) = x(n), the following constraint must be met:
∞∑

p=−∞
w(pL − n) = W(0)

L
. (24)

This is the generalised OLA constraint. This constraint requires that the sum of the analysis windows (which are
obtained by sliding w(n) by L time samples) add up to the same value at each discrete point in time. This process is
graphically depicted in Fig. 2.

Recall that when viewing X(n, k) as the filter output for a fixed frequency (Fig. 1), it has all the properties of a
filtered sequence. Therefore, its bandwidth must be smaller or equal to the bandwidth of the analysis filter, w(n).
Thus, the decimation factor, L, cannot be arbitrarily large, otherwise we may undersample X(n, k) across n. As we
will show, the approximate maximum frequency of the analysis filter, ωc, must be less than or equal to π/L. This
constraint on L also ensures that the OLA constraint of Eq. (24) is satisfied. This is a direct result of the sampling
theorem and is explained as follows. Given the approximate maximum frequency of the analysis filter, ωc, we need to
sample X(n, k) across n at a frequency of at least 2ωc. This equates to a decimation factor of no more than

L = 1

2fc

= π

ωc

, (25)

since ωc = 2πfc (where fc is in Hertz).
Consider the case for a Hamming analysis window of duration Tw (in seconds),

w(t) = 0.54 + 0.46 cos(2πt/Tw), (26)
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Fig. 2. Graphical interpretation of the OLA synthesis method. Each of the short-time segments are weighted with a Hamming window. The resulting
summation is shown in the bottom panel (after [20]).

where −Tw/2 � t � Tw/2. Strictly speaking, a finite window has an infinite bandwidth. Therefore, an effective maxi-
mum frequency needs to be determined. Using a 42 dB criteria, the highest frequency in the signal is fc = 2/Tw [20].
This means we need to sample at a frequency of at least 4/Tw . Therefore, the largest decimation factor for a Hamming
analysis window, LHam, is

LHam = 1

2fc

= Tw

4
. (27)

That is, the frame shift between adjacent analysis frames should be no more than 1/4 of the frame length when a
Hamming analysis window is used. By doing this, aliasing is avoided upon reconstruction.

For a large decimation rate, the OLA method is significantly more efficient than the FBS method because the OLA
method can use the decimated STFT directly (given that the above constraints are satisfied).

2.3. Synthesis from a modified STFT

There are times when the need to reconstruct a signal from a modified STFT arises (such as in Section 4). However,
an arbitrary change to an STFT does not necessarily result in a valid STFT. The definition of the STFT imposes a
structure on time and frequency variations. Due to the overlap of short-time segments, adjacent segments cannot have
arbitrary variations. If the phase spectra or magnitude spectra are modified, the STFT is only valid if the adjacent
reconstructed sections are consistent in their region of overlap.

The OLA and FBS reconstruction methods discussed in the previous section assume a valid STFT. Although there
is no theoretical justification for using these methods to reconstruct a signal from a modified STFT, they are usually
applied in a brute force manner. In most cases, these reconstruction methods provide reasonable results [24].



L.D. Alsteris, K.K. Paliwal / Digital Signal Processing 17 (2007) 578–616 585
Rather than heuristically applying the OLA or FBS methods, one can use least-squares signal estimation from the
modified STFT [23]. In this method, a signal is estimated which has an STFT which is closest in a least-squares sense
to the modified STFT. That is, we want to minimise the mean squared error (MSE) between the modified STFT and
the resulting STFT of the reconstructed signal.

Consider the following distance metric between the modified STFT, XMod(pL,ω), and the STFT of the recon-
structed signal, XRec(pL,ω):

D[XMod(pL,ω),XRec(pL,ω)] =
∞∑

p=−∞

1

2π

π∫
ω=−π

|XMod(pL,ω) − XRec(pL,ω)|2 dω. (28)

Due to Parseval’s theorem, we can rewrite the above equation as

D[XMod(pL,ω),XRec(pL,ω)] =
∞∑

p=−∞

∞∑
n=−∞

[xMod(pL,n) − xRec(pL,n)]2, (29)

where xMod and xRec represent the IDFT of XMod and XRec, respectively. This can be written as

D[XMod(pL,ω),XRec(pL,ω)] =
∞∑

p=−∞

∞∑
n=−∞

[xMod(pL,n) − w(pL − n)xRec(n)]2. (30)

We then minimise with respect to xRec(n):

xRec(n) =
∑∞

p=−∞ w(pL − n)xMod(pL,n)∑∞
p=−∞ w2(pL − n)

. (31)

Therefore, for the least-squared-error (LSE) solution, the modified frames must be weighted with the analysis window
before overlap and addition. Also, the resulting signal must be normalised by the overlap and addition of w2(pL − n)

rather than w(pL − n) (see Eqs. (24) and (21)). Note that this method reduces to OLA if the analysis window is
rectangular. Thus, applying the OLA method in the case of a rectangular analysis window results in an LSE estimate
of the signal.

3. Short-time phase spectrum

The following subsections are devoted to explaining the difficulties encountered when using the short-time phase
spectrum, the common representations of the short-time phase spectrum, and some of the speech applications in which
these representations have proven to be useful.

3.1. Difficulties with processing of the phase spectrum

There are a number of signal processing difficulties with using the phase spectrum directly for ASR. We discuss
two of the most critical problems here; phase unwrapping and time dependency.

3.1.1. Phase unwrapping
To gain a better understanding of the information in the phase spectrum, it is often unwrapped. However, the

problem with this is that unwrapping can be implemented in different ways.
The phase spectrum values are only calculable to within ±π . This is referred to as the ‘principle’ phase spectrum.

The principle phase spectrum of X(t,ω) is denoted by ARG[X(t,ω)] (we employ the same nomenclature as used
in [32]). That is,

−π < ARG[X(t,ω)] � π. (32)

It can be obtained directly by using the arctangent function (4-quadrant version):

ARG[X(t,ω)] = arctan

(
XI (t,ω)

)
, (33)
XR(t,ω)



586 L.D. Alsteris, K.K. Paliwal / Digital Signal Processing 17 (2007) 578–616
where the subscripts R and I denote the real and imaginary parts, respectively. As the principle phase spectrum values
exceed the ±π limits, the values may change abruptly from negative to positive or vice versa. The principle values
are said to be ‘wrapped’ around these limits.

Phase unwrapping algorithms seek to determine a ‘continuous’ phase spectrum, denoted by arg[X(t,ω)]. Estimates
of the continuous phase spectrum are often referred to as the ‘unwrapped’ phase spectrum. The fundamental difficulty
in finding the continuous phase spectrum is that any multiple of 2π can be added to the principle phase spectrum
without changing the values of the complex number X(t,ω). Thus, there are an infinite number of ways to unwrap
the principle phase spectrum. There is, however, only one correct continuous phase spectrum. An example of where
the continuous phase spectrum is required is in the definition for the complex cepstrum [33], which is fundamental to
homomorphic signal processing. If we let x̂(t) be the complex cepstrum of x(t), it’s Fourier transform can be written
as

X̂(t,ω) = logX(t,ω) (34)

= log |X(t,ω)| + j arg[X(t,ω)]. (35)

It can be seen that the complex cepstrum is only defined for the continuous phase spectrum. A different phase
spectrum (even with some values only modified by the addition of 2π ) would result in a different complex cep-
strum.

The derivative of the continuous phase spectrum is well defined

d arg[X(t,ω)]
dω

= XR(t,ω)X′
I (t,ω) − XI (t,ω)X′

R(t,ω)

|X(t,ω)|2 , (36)

where the prime denotes d/dω. arg[X(t,ω)] can thus be defined as

arg[X(t,ω)] =
ω∫

0

arg′[X(t, η)]dη, (37)

with initial conditions given by

arg[X(t,0)] = 0. (38)

Although the continuous phase spectrum is precisely defined, it cannot be exactly implemented on a computer. Often,
sampled values of the continuous phase spectrum are not equal to the corresponding continuous phase spectrum
values. There are a number of methods used to estimate the continuous phase spectrum:

• One method involves the numerical integration of the principle phase spectrum derivative. This method is heavily
dependent on the size of the integration step, 2π/N (where N is the DFT length).

• Another more popular method determines a phase spectrum which constrains the absolute differences between
adjacent principle phase spectrum values to be less than a pre-defined tolerance. This tolerance is normally chosen
to be π . When the absolute difference between the phase spectral values of adjacent bins is greater than π , the
values are adjusted by adding or subtracting a multiple of 2π such that the resultant values differ by no more than
π (see the code used in the Matlab function unwrap( )). Again, as demonstrated in Fig. 3, the resulting unwrapped
phase spectrum is dependent on the DFT bin spacing.

• Yet another technique, Tribolet’s method [34], reduces the integration step size until a consistent estimation of the
unwrapped phase spectrum is found.

There are several other phase unwrapping methods [35,36]. In general, phase unwrapping is an heuristic process.

3.1.2. Time dependency
The phase spectrum is highly dependent on the exact positioning of the short-time analysis window. No matter how

small the time shift of the analysis window, the phase spectrum values will dramatically change. This is demonstrated
in Fig. 4. This is not desirable for an ASR feature representation.

In ASR, we require a consistent representation for similar instances of speech, independent of their position in time.
The magnitude spectrum representation meets this requirement, thus it has proven to be popular for ASR (compare
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Fig. 3. The 20 ms speech segment in (a), which is 160 samples long (sampled at 8 kHz), is analysed with a DFT of length N = 256, 512, and 1024.
The respective unwrapped phase spectra are shown in (b). The unwrapped phase spectrum is calculated using the Matlab function unwrap( ). This
example demonstrates that the unwrapped phase spectrum is dependent on the DFT bin spacing.

Fig. 4c to Fig. 4d). If a representation of the phase spectrum is ever to be used for ASR, it will need to be involatile to
small shifts in window position.

3.2. Representations derived from the short-time phase spectrum

The short-time phase spectrum has two independent variables: frequency and time. Thus, while there may be many
ways to represent the information present in the phase spectrum, two representations that first come to mind are those
that can be obtained either by taking its frequency-derivative or its time-derivative.

3.2.1. Frequency-derivative of the phase spectrum
The group delay function (GDF) is a measure of the nonlinearity of the phase spectrum [32]. It is defined as the

negative derivative of the continuous phase spectrum:

τ(t,ω) = − d

dω
arg[X(t,ω)] = −XR(t,ω)X′

I (t,ω) − XI (t,ω)X′
R(t,ω)

|X(t,ω)|2 , (39)

which is the negative of Eq. (36). Note that this expression is normally written without the time dependency. Time is
explicitly specified here, since we are discussing the short-time phase spectrum.

In practice, a discrete version of Eq. (39) is used to estimate the GDF. The difficulties with using this GDF estima-
tion method for ASR are discussed in Section 6.1.

3.2.2. Time-derivative of the phase spectrum
A useful interpretation of the short-time phase spectrum is its first-order time derivative, called the instantaneous

frequency distribution (IFD):

IF(t,ω) = 1 dψ(t,ω)
, (40)
2π dt
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Fig. 4. The two 20 ms segments of speech in (a) and (b) are separated in time by only 1 ms. The magnitude spectrum for the first segment is shown
in (c) and the magnitude spectrum of the second segment is shown in (d). They are very similar. The respective unwrapped phase spectra (calculated
using the Matlab function unwrap( )) are shown in (e) and (f). This example demonstrates the consistency of the magnitude spectrum representation
and the strong dependency of the phase spectrum on the analysis window position.

where ψ(t,ω) = � X(t,ω) is the short-time phase spectrum.
In practice, the differentiation in Eq. (40) is performed by the simple difference method; the difference is taken

between the values of two (short-time) phase spectra separated in time by one time sample.6 The division by 2π

provides a normalised measure of the instantaneous frequency (IF). The normalised IF can be multiplied by the
sampling frequency (in Hertz) to obtain the actual IF (in Hertz).

The IFD is discussed further in the pursuing sections.

3.3. Some uses of the short-time phase spectrum

Although the phase spectrum has yet to be proven useful for ASR (there have been some attempts at using the
phase spectrum as a representation for ASR feature extraction [19,37–41]), it has successfully been used for many
other tasks, such as pitch extraction [42–44], determination of significant instants [45,46], and formant extraction

6 The differentiation can be calculated by multiplying the DFT of the delayed frame by the complex conjugate of the DFT of the first frame. The
phase spectrum of the resulting ‘cross-spectrum’ vector is in fact the difference between the two original phase spectra.
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Fig. 5. The IFD of a segment of a sinusoid. The best estimate of the sinusoidal frequency is where the IFD crosses the diagonal line (i.e., the
fixed-point).

[47–50]. In the following subsections we discuss how the GDF and IFD are used in these applications.7 Our intention
is not to provide implementation details; the reader is referred to the cited references for this.

3.3.1. Pitch determination
There are many ways to estimate the pitch of a speech signal. The pitch is usually extracted from the autocorrelation

function, the cepstrum, zero-crossing rates, or even the magnitude spectrum [51,52]. The phase spectrum, through its
IFD representation, is also used to extract pitch estimates.

In general, IF values for each DFT bin give an estimate of the dominant frequency within the vicinity of each bin
center frequency. In Fig. 5 we calculate the IFD (i.e., the IF for each DFT bin from ω = 0 to π ) of a segment of a
sinusoid. The IF values for most of the bins are almost equal to the frequency of the sinusoid. As can be observed,
the best estimate of the sinusoidal frequency is where the IFD crosses the diagonal line. This cross-over point is often
referred to as a fixed-point.

However, the speech signal is much more complicated than a simple sinusoid. For a typical ASR analysis duration
of 20–40 ms, the IF of each DFT bin locks on to the frequency of a speech harmonic. For example, consider the
signal in Fig. 6a; it is a 25 ms segment from an instance of the voiced phoneme ‘iy’ (as in the English word ‘me’).
The segment encapsulates just over two pitch periods. The power spectrum is shown in Fig. 6b. The IFD in Fig. 6c
is obtained by plotting the IF for each bin against their respective bin center frequencies. We zoom in on this IFD in
Fig. 6d. The IFD resembles a staircase. Each small step (flat region) corresponds to a speech harmonic (see this by
comparing Figs. 6b and 6c). The best estimates of the harmonic frequencies occur at the fixed-points. The averaging
of the separation between these points provides a robust method of determining pitch information [42–44]. In fact, it
is well known that the IFD carries information about the vocal-tract excitation [7,27].

3.3.2. Formant extraction
Recall that the DFT can be interpreted as a bank of uniformly-spaced band-pass filters. These band-pass filters have

small bandwidths. When the spectrum exhibits pitch harmonics, the narrow filters are locked to these pitch harmonics.
However, the IF values lock on to the formant resonances when the pitch harmonics are removed from the spectrum
through some smoothing operation (such a cepstral smoothing and all-pole modeling). In other words, in the absence
of source-induced harmonics, the IFD will resolve formant frequencies.

If we take a small segment of speech, starting from the beginning of a glottal pulse and finishing approximately
half way through the pulse, its Fourier transform will have minimal contamination from source information. The

7 Note that the topic of speech coding has not been covered in this paper, as the focus is on ASR. We have included a review of analysis techniques
as this goes nicely with the topic of ASR.
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Fig. 6. Examples to aid the discussion of the IFD in Section 3.3.1. (a) A 25 ms segment from an instance of the voiced phoneme ‘iy’ (as in the
English word ‘me’), (b) the power spectrum calculated over the 25 ms segment, (c) the IFD calculated over the 25 ms segment, and (d) inset of IFD
showing some fixed points.

power spectrum calculated from the 6 ms signal in Fig. 7a is shown in Fig. 7b. The IFD for this shorter segment is
shown in Fig. 7c. This is called the wide-band IFD. The spurious values in the wide-band IFD are a direct result of
the ambiguous nature of the phase spectrum values (as discussed in Section 3.1.1). Ignoring these spurious values
(which can be smoothed out if desired), there are three distinct flat regions, corresponding to formant frequencies.
The formant frequency values provided by the wide-band IFD and the power spectrum for this 6 ms segment are in
agreement. The wide-band representation, however, requires the use of a small analysis window duration (of about half
the pitch period) positioned at the start of the glottal pulse, so that source information is minimised. If features are to be
extracted from such a representation, a pitch-synchronous analysis is required. Such a representation cannot be used
in the standard ASR framework, which obtains features from a pitch-asynchronous analysis. Ideally, a representation
for ASR feature extraction should be independent of the pitch period.

Figure 8 shows a histogram of the wide-band IFD from Fig. 7c. Friedman [50] shifts a 4 ms Hanning window
over a speech utterance, then plots a topographical view of IFD histograms for each segment in order to create a
spectrogram-like plot. When the 4 ms window is at the start of a pitch period, this IF-spectrogram reveals the formant
frequencies. When the 4 ms window is between the points of excitation, the IF-spectrogram provides spurious values.
In order to remove the spurious values, Friedman applies two-dimensional linear smoothing.

Nelson [53,54] has proposed an alternative spectral representation which is useful for accurate measurement of
vocal tract resonances. By plotting the spectral magnitude or spectral power against the IF for each DFT bin (rather
than the bin center frequencies), he obtains a ‘phase re-parameterised (PR) spectrum’. An example of the PR spectrum
is shown in Fig. 9. As with the IFD, the formants are only resolved when using a short (wide-band) analysis window.
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Fig. 7. Example to aid the discussion of the IFD in Section 3.3.2. (a) The first 6 ms of the signal in Fig. 6, (b) the wide-band power spectrum, and
(c) the wide-band IFD. The vertical dashed lines indicate the estimated formant locations.

Duncan et al. [48] have suggested a method of formant estimation through use of the GDF. As mentioned above,
the wide-band IFD technique of formant estimation relies on the small size and the precise location of the analysis
window. This is explained by Duncan et al. as follows: speech is assumed to be produced by a minimum-phase
system.8 However, the arbitrary placement (usually every 10–20 ms) and size (usually 20–40 ms) of the analysis
window generally results in a mixed-phase segment. There are two reasons for this; first, the zero-time reference point
of the observation window does not align with start of the minimum-phase impulse response, and second, the length
of the analysis window encompasses more than one point of excitation. Since the observed response is mixed-phase,
there are zeros both inside and outside the z-plane unit circle. The GDF of this mixed-phase signal exhibits spurious
peaks which render it useless for formant extraction (the reasons for this are discussed in detail in Section 6.1). In order
to work around this problem, Duncan et al. derive a minimum-phase signal from the mixed-phase speech segment.
This is done by taking the inverse Fourier transform of the co-phase (zero-phase) magnitude spectrum. The significant
instant in this reconstructed signal is at the beginning of the segment. A smaller (wide-band) window is then applied
to only the beginning of this reconstructed segment. The GDF of this new signal has significant peaks that correspond
to formant frequencies.

Consider the 25 ms segment of speech provided in Fig. 10a. The mixed-phase nature of the signal results in a GDF
which is useless (Fig. 10e). The zero-phase signal is shown in Fig. 10b. The significant instant for this zero-phase
signal is at the start of the window. The GDF in Fig. 10f, calculated from a smaller analysis window positioned at the

8 See [32] for an explanation of minimum-phase and maximum-phase systems.
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Fig. 8. Histogram of the wide-band IFD shown in Fig. 7c. This is an alternative view of the IFD which clearly shows the three formant locations.

Fig. 9. The Nelson power spectrum (or phase re-parameterised spectrum) for the 6 ms speech segment shown in Fig. 7. The Nelson power spectrum
is determined by plotting power spectrum values against the IF values for each DFT bin.

start of this zero-phase signal, is much more informative than that calculated by the mixed-phase speech segment. The
three largest peaks of the GDF coincide with the position of the formants in the wide-band power spectrum (Fig. 10d).
For interest, we demonstrate that a wide-band IFD (Fig. 10h) can also be calculated from the zero-phase signal (again,
using a small analysis window at the start of the zero-phase signal and another shifted by one sample).

Rather than obtain the GDF from a minimum-phase signal (as Duncan et al. [48] did), Murthy et al. [47] smooth
the phase spectrum of the mixed-phase speech segment before computing its GDF. Additionally, the GDF calculated
from the smoothed phase spectrum is cepstrally smoothed. The smoothing is done in an effort to reduce the large
fluctuations in the phase spectrum introduced by the zeros that are close to the z-plane unit circle. The position of
the formants are clearly visible in the smoothed GDF. In later work [13,14], Murthy et al. have modified the GDF
definition in order to make it less volatile to the effects of zeros. This modified GDF (MGDF) is discussed in detail in
Section 6.1.

3.3.3. Determining the instants of major excitation
Yegnanarayana et al. [45,55] have used the GDF to determine the instants at which glottal closures occur. These

instants are called significant instants. It is useful to find the locations of the significant instants so that wide-band
analysis windows can be accurately placed for formant estimation.
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Fig. 10. The left column shows the (a) 25 ms speech segment and its associated (c) power spectrum, (e) GDF, and (g) IFD. The right column shows
the (b) zero-phase equivalent of the speech segment and its associated (d) power spectrum, (f) GDF, and (h) IFD. The power spectrum, GDF and
IFD for the zero-phase speech segment are calculated by using a 4 ms analysis window positioned at the beginning of the segment.

The basic idea behind the algorithm is conveyed through the following example. Consider a unit impulse at time τ .
Its Fourier transform is e−jωτ . The phase function is φ(ω) = −ωτ and the group delay function is −φ′(ω) = τ . The
average group delay (or phase-slope), τ , is equal to the delay of the unit impulse. The delay, and thus the phase-slope,
changes with respect to the analysis window position. Yegnanarayana et al. plot the average value of the GDF as a
function of the analysis window position. They call this the phase-slope function. On a simple signal, such as a unit
impulse train, the points at which the phase-slope function crosses zero are considered to be the time at which the unit
impulses occur (in this example, the significant instants are when the unit impulses occur).

Although speech is much more complex than a unit impulse train, Yegnanarayana et al. have demonstrated that the
phase-slope function of a speech signal can still provide quite reasonable estimates of where the significant instants
occur. When this method is applied to speech, it is best to apply it to the linear prediction (LP) residual. The LP residual
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maintains all of the source information, but it reduces the truncation effects of windowing [55]. The robustness of this
method is demonstrated in [46].

4. Human listening tests (previously conducted in [18,56–58])

A few studies have been reported in the literature which discuss whether the phase spectrum provides any informa-
tion which can contribute to intelligibility for human speech recognition (HSR). Schroeder [4], and Oppenheim and
Lim [5] performed some informal perception experiments, concluding that the phase spectrum is important for intel-
ligibility when the window duration of the STFT is large (Tw > 1 s), while it seems to convey negligible intelligibility
at small window durations (20–40 ms).

Liu et al. [6] have recently investigated the intelligibility of phase spectra through a more formal human speech
perception study. They recorded 6 stop-consonants from 10 speakers in vowel-consonant-vowel context. Using these
recordings, they created magnitude-only and phase-only stimuli. Magnitude-only stimuli were created by analysing the
original recordings with a STFT, replacing each frame’s phase spectra with random phase values, then reconstructing
the speech signal using the OLA method. In the case of phase-only stimuli, the original phase of each frame was
retained, while the magnitude of each frame was set to unity for all frequency components. The stimuli were created for
various Hamming window durations from 16 to 512 ms. These were played to subjects, whose task was to identify each
as one of the 6 consonants. Their results (Fig. 11) show that intelligibility of magnitude-only stimuli decreases while
the intelligibility of the phase-only stimuli increases as the window duration increases. For small window durations
(Tw < 128 ms), magnitude-only stimuli are significantly more intelligible than phase-only stimuli (while the opposite
is true for larger window lengths). This implies that for small window durations (which are of relevance for ASR
applications), the magnitude spectrum contributes much more toward intelligibility than the phase spectrum.

When first studying the intelligibility of the phase spectrum, our initial intention was to reproduce Liu’s results; in
doing so, we have made a number of modifications to Liu’s analysis-modification-synthesis procedure. The modifica-
tions produce results which are different from Liu’s results and more interesting from an ASR application’s viewpoint.
The first suggested modification is that of the analysis window type. Liu and his collaborators employed a Hamming
window for construction of both the magnitude-only and phase-only stimuli. In our experiments, we find that the in-
telligibility of phase-only stimuli is improved significantly and becomes comparable to that of magnitude-only stimuli
when a rectangular window is used. The second suggested modification is the choice of analysis frame shift; Liu et al.
used a frame shift of Tw/2. As explained in Section 2.2.2, in order to avoid aliasing errors during reconstruction, the
STFT sampling period (or frame shift) must be at most Tw/4 for a Hamming window. In our experiments, to be on
the safer side, we use a frame shift of Tw/8. Our study also differs from Liu’s study with respect to the number of
consonants used (16 for this study compared to 6 for Liu et al). Our results indicate that even for small window dura-
tions (Tw < 128 ms), the phase spectrum can contribute to speech intelligibility as much as the magnitude spectrum
if the analysis-modification-synthesis parameters are properly selected.

In Section 4.1, we detail the analysis-modification-synthesis technique used to create the phase-only and
magnitude-only stimuli. The subsequent sections describe a subset of the experiments that we have performed in

Fig. 11. Average identification performance and standard deviation as a function of window size for phase-only and magnitude-only stimuli, from
the paper by Liu et al. (after [6]).
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[18,56–58] where we evaluate the importance of short-time phase spectra and short-time magnitude spectra in human
speech perception.

• In Experiment 1 (Section 4.2), we demonstrate that intelligibility of phase-only stimuli is improved significantly
when a rectangular window is used, and it becomes comparable with that of magnitude-only stimuli for small
window durations.

• In Experiment 2 (Section 4.3), we explore the use of partial phase spectrum information, in the absence of all
magnitude spectrum information, for intelligible signal reconstruction. We create two types of stimuli; one in
which the phase spectrum frequency-derivative (i.e., GDF) is preserved and another in which the phase spectrum
time-derivative (i.e., IFD) is preserved. We do this to determine the contribution that each component of the
phase spectrum provides toward intelligibility. If we obtain significant intelligibility from either component, then
it would be wise to investigate the component’s potential as a basis for an ASR representation. Conversely, if we
obtain poor intelligibility, perhaps we should consider other phase spectrum representations.

• In Experiment 3 (Section 4.4) we attempt to quantify the intelligibility of stimuli reconstructed from the phase
spectrum and the magnitude spectrum of noisy speech.

4.1. STFT analysis-modification-synthesis technique

The aim of the following experiments is to determine the contribution that the phase and magnitude spectra provide
toward speech intelligibility. Accordingly, stimuli are created either from phase or magnitude spectra. In order to
construct, for example, an utterance with only phase spectra, the signal, x(n), is processed through a discrete-STFT
analysis to obtain X(n, k). The magnitude spectrum is made unity in the modified STFT XMod(n, k); that is,9

XMod(n, k) = ejψ(n,k). (41)

The modified STFT (with unity magnitude spectra) is then used to synthesize a signal, xMod(n), using the OLA
method.10 The synthesized signal, xMod(n), contains all of the information about the short-time phase spectra con-
tained in the original signal, x(n), but will have no information about the short-time magnitude spectra. We refer
to this procedure as the STFT phase-only synthesis and the utterances synthesized by this procedure as the phase-
only utterances. Similarly, for generating magnitude-only utterances, we retain each frame’s magnitude spectrum and
randomise each frame’s phase spectrum; that is, the modified STFT is computed as follows:

XMod(n, k) = |X(n, k)|ejφ(n,k), (42)

where φ is a random variable uniformly distributed between 0 and 2π .
In the case of phase-only stimuli, the reader may wonder why we do not replace the magnitude spectra with

random values. We have observed that doing so renders the reconstructed speech unintelligible. It seems that the
phase spectrum is much more ‘fragile’ than the magnitude spectrum.

In the case of the magnitude-only stimuli, it may also seem plausible to set φ to zero for all values of n and k (i.e.,
time and frequency). The results of an experiment in [18] indicate that intelligibility of magnitude-only stimuli is best
when random phase spectrum values are used. Thus, in the following experiments we only consider magnitude-only
stimuli constructed with random phase spectrum values.

In the STFT-based speech analysis-modification-synthesis system (shown in Fig. 12), there are 4 design issues that
must be addressed.

(1) Analysis window type. This refers to the type of window function, w(n), used for computing the STFT. A tapered
window function (such as Hanning, Hamming, or triangular) has been used in earlier studies [4–6]. Considering
these studies have found the phase spectrum to be unimportant at small window durations, we investigate a
rectangular (non-tapered) window function in addition to a Hamming window function.

9 Recall that the phase spectrum, ψ(n, k), can be wrapped or unwrapped. Either way, the value of the XMod(n, k) will be the same.
10 In the following experiments, we use Allen and Rabiner’s OLA reconstruction method [20] (Section 2.2.2) rather than Griffin and Lim’s LSE
method [23] (Section 2.3). The methods are identical when using a rectangular window. We have performed some experiments with a Hamming
window which indicate that there is no significant difference in intelligibility between stimuli constructed from either method.



596 L.D. Alsteris, K.K. Paliwal / Digital Signal Processing 17 (2007) 578–616
Fig. 12. Speech analysis-modification-synthesis system.

(2) Analysis window duration. In the experiments described here, we investigate a small window duration of 32 ms
(which falls in the range of analysis window sizes employed in ASR). For interest, in Experiment 1, we also
investigate a large window size of 1024 ms.11

(3) STFT sampling period (frame shift). In order to avoid aliasing during reconstruction, the STFT must be ade-
quately sampled across the time axis. The STFT sampling period is decided by the window function, w(n), used
in the analysis. For example, for a Hamming window, the sampling period should be at most Tw/4 [20] (see Sec-
tion 2.2.2). To be on the safer side, we have used a sampling period of Tw/8. In discrete terms, if M is the number
of samples in a frame, then the frame shift is M/8 samples. Although the rectangular window can be used with
a larger sampling period, we use the same sampling period (i.e., Tw/8) to maintain consistency. We also refer to
the STFT sampling period as the frame shift.

(4) Zero-padding. For a windowed frame of length M (where M is a power of 2), the Fourier transform is computed
using the fast Fourier transform (FFT) algorithm with a FFT size of N = 2M points. This is equivalent to append-
ing M zeros to the end of the M-length frame prior to performing the FFT. The resulting STFT is modified, then
each frame is inverse Fourier transformed to get reconstructed frames of length N . Only the first M points are
retained, while the last M points are discarded. This is done in order to minimise aliasing effects. Zero-padding
is used in the construction of all stimuli in the following experiments.

4.2. Experiment 1

In this experiment, first reported in [18], we compare the intelligibility of magnitude-only and phase-only stimuli
using two window types: (1) a rectangular window, and (2) a Hamming window. This comparison is done at a small
window duration of 32 ms as well as a large window duration of 1024 ms. A triangular window function was also
investigated. Results are similar to those provided by the Hamming window in all test conditions. Therefore, we do
not report these results.

4.2.1. Recordings
We record 16 commonly occurring consonants in Australian English in aCa context (Table 1) spoken in a carrier

sentence “Hear aCa now.” For example, for the consonant /b/, the recorded utterance is “Hear aba now.” These 16
consonants in the carrier sentence are recorded for 4 speakers: 2 males and 2 females, providing a total of 64 utterances.

11 In [18], we have investigated 8 window durations (16, 32, 64, 128, 256, 1024, and 2048 ms).
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Table 1
Consonants used in all perception testing

a-Consonant-a As in

aba bat
ada deep
afa five
aga go
aka kick
ama mum
ana noon
apa pea
asa so
ata tea
ava vice
aza zebra
adha then
asha show
atha thing
azha measure

Table 2
Stimuli for Experiment 1 (with frame shift of Tw/8)

Type of
stimuli

Retained
spectrum

Window
type

Window
duration (ms)

A1 Magnitude Hamming 32
B1 Magnitude Rectangular 32
C1 Phase Hamming 32
D1 Phase Rectangular 32
E1 Magnitude Hamming 1024
F1 Magnitude Rectangular 1024
G1 Phase Hamming 1024
H1 Phase Rectangular 1024

Table 3
Detailed listing of settings for stimuli construction in
Experiment 1

Tw (ms) 32 1024
M (samples) 512 16,384
N (FFT length) 1024 32,768
Tw/8 (ms) 4 128
M/8 (samples) 64 2048

The recordings are made in a silent room with a SONY ECM-MS907 microphone (90 degree position). The signals
are sampled at 16 kHz with 16-bit precision. The duration of each recorded signal is approximately 3 s. This time is
inclusive of leading and trailing silence periods.

4.2.2. Stimuli
Each of the recordings are processed through the STFT-based speech analysis-modification-synthesis system to

retain either only phase spectrum information or only magnitude spectrum information. There are 8 types of stimuli
for Experiment 1. The description of each type is provided in Table 2. Some extra details for stimuli construction are
presented in Table 3.

4.2.3. Subjects
As listeners, we use 12 native Australian English speakers with normal hearing, all within the age group of 20–35

years. The subjects are different from those used for recording the speech stimuli.
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Table 4
Experiment 1: Consonant intelligibility (or, identification accuracy) of
magnitude-only and phase-only stimuli for a small window duration of
32 ms (with Tw/8 frame shift)

Type of stimuli Intelligibility (%) for

Hamming window Rect. window

Original 89.9 89.9
Magnitude-only 84.2 (A1) 78.1 (B1)

Phase-only 59.8 (C1) 79.9 (D1)

Table 5
Experiment 1: Consonant intelligibility (or, identification accuracy) of
magnitude-only and phase-only stimuli for a large window duration of
1024 ms (with Tw/8 frame shift)

Type of stimuli Intelligibility (%) for

Hamming window Rect. window

Original 89.9 89.9
Magnitude-only 14.1 (E1) 13.3 (F1)

Phase-only 88.0 (G1) 89.3 (H1)

4.2.4. Procedure
The perception tests for this experiment are conducted over 2 sessions. In the first session, the original speech

signals and stimuli types A1, B1, C1, and D1 are presented. In the second session we present the original speech
signals again, in addition to stimuli types E1, F1, G1, and H1.

The subjects are tested in isolation in a silent room. The reconstructed signals and the original signals (a total of
320 for each session) are played in random order via SONY MDR-V5000DF earphones at a comfortable listening
level. The task is to identify each utterance as one of the 16 consonants. This way, we attain consonant identification
accuracy (or, intelligibility) for each subject for different conditions. The subjects are first familiarised with the task
through a short practice test. Session 1 (small window) results are provided in Table 4 and session 2 (large window)
results are provided in Table 5. Results are averaged over the 12 subjects. The intelligibility of the original recordings
is averaged over both sessions.

Responses are collected through software. The software displays the 16 aCa possibilities as well as an extra option
for a null response. Participants are instructed to only choose the null response when they have no clue as to what the
consonant may be. Responses are input via the keyboard in the form of numbers (1–17). Each audio file is presented
once. No feedback is provided.

4.2.5. Results and discussion
For the large window duration of 1024 ms (Table 5), the phase spectrum provides significantly more information

than the magnitude spectrum for both the Hamming window function (F [1,11] = 2880.57, p < 0.01) and the rectan-
gular window function (F [1,11] = 1582.38, p < 0.01). This observation is consistent with the results reported earlier
in Refs. [4–6], and thus will not be discussed further.

The following observations can be made from Table 4:

(1) For a small window duration of 32 ms, intelligibility of magnitude-only stimuli is significantly better than the
phase-only stimuli when the Hamming window function is used (F [1,11] = 17.4, p < 0.01), but these are com-
parable when the rectangular window function is used (F [1,11] = 2.91, p < 0.01). Thus, if a rectangular window
function is used in the STFT analysis-modification-synthesis system, the phase spectrum carries as much infor-
mation about the speech signal as the magnitude spectrum.

(2) For a small window duration of 32 ms, the Hamming window provides better intelligibility than the rectangular
window for magnitude-only stimuli (F [1,11] = 29.38, p < 0.01); while the rectangular window is better than the
Hamming window for the construction of phase-only stimuli (F [1,11] = 176.30, p < 0.01).
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Fig. 13. (a) Spectrogram of the original speech sentence “Why were you away a year Roy?,” (b) phase-only (type D1) spectrogram, and (c) magni-
tude-only (type A1) spectrogram.

(3) For a small window duration of 32 ms, the best intelligibility results from magnitude-only stimuli (obtained by
using a Hamming window) are significantly better than the best results from phase-only stimuli (obtained using a
rectangular window) (F [1,11] = 17.14, p < 0.01).

These results can be explained as follows. The multiplication of a speech signal with a window function is equiv-
alent to the convolution of the speech spectrum X(k) with the spectrum W(k) of the window function (ignoring the
time dependency). The window’s magnitude spectrum12 |W(k)| has a big main lobe and a number of side lobes. This
causes two problems: (1) frequency resolution problem and (2) spectral leakage problem. The frequency resolution
problem is caused by the main lobe of |W(k)|. When the main lobe is wider, a larger frequency interval of the speech
spectrum gets smoothed and the frequency resolution problem becomes worse. The spectral leakage problem is caused
by the sidelobes; the amount of spectral leakage increases with the magnitude of the side lobes. For magnitude-only
utterances, we want to preserve the true magnitude spectrum of the speech signal. For the estimation of the magnitude
spectrum, frequency resolution as well as spectral leakage are serious problems. Since the Hamming window has a
wider main lobe and smaller side lobes in comparison to the rectangular window, the Hamming window provides a
better trade-off between frequency resolution and spectral leakage than the rectangular window and, hence, it results
in higher intelligibility for the magnitude-only utterances. For the estimation of the phase spectrum, we do not have to
worry about the spectral leakage problem associated with the estimation of the magnitude spectrum and, as a result,
the larger side lobes do not seem to cause a serious problem (and may even be advantageous); while the smoothing
effect due to wider main lobe appears to cause a problem. It is because of this that the rectangular window results in
better intelligibility than the Hamming window for phase-only utterances. Reddy and Swamy [59] have also recom-
mended the use of a rectangular window function in the computation of the GDF, which is a frequency derivative of
the phase spectrum.

12 The window’s phase spectrum � W(k) is a linear function of frequency and, hence, does not cause a problem in estimating the speech spectrum
X(k).
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For magnitude-only stimuli, the best intelligibility is obtained for a Hamming window (type A1). For phase-only
stimuli, the best intelligibility is obtained when a rectangular window is used (type D1). In order to provide some
details about the acoustic properties of these stimuli, we present, in Fig. 13, a spectrogram for a sentence of speech
and the corresponding magnitude-only (type A1) and phase-only (type D1) spectrograms. The spectrograms are con-
structed using a Hamming analysis window of length 32 ms, a time shift of 1 ms, a first order pre-emphasis coefficient
of 0.97 and a dynamic range of 50 dB. The magnitude-only spectrogram is visually more similar to that of the origi-
nal spectrogram than the phase-only spectrogram. In keeping the magnitude information, we also maintain the frame
energies; thus, in the magnitude-only reconstruction, the short-time energy contour is preserved. The image contrast,
therefore, in the magnitude-only spectrogram is similar to that of the original spectrogram.13 In phase-only reconstruc-
tion, however, setting each frame’s magnitude spectra to unity suppresses energy information, resulting in an almost
constant energy contour over the duration of the reconstructed signal. This results in the silent parts at the beginning
and end of the original utterance being heard as loud as the speech parts in the reconstructed signal. Refer to [18] for
an explanation of why we can see formant structure in the phase-only stimuli.

We have performed a detailed analysis of confusion matrices14 for consonant identification obtained from this
experiment. However, we have not been able to observe any consistent pattern.

4.3. Experiment 2

In this experiment, first reported in [58], we explore the use of partial phase spectrum information for intelligible
signal reconstruction.

4.3.1. Stimuli
In addition to phase-only stimuli (type D1 from Experiment 1), we create the following types of stimuli from the

original 64 utterances, using a 32 ms rectangular analysis window:

(1) IFD-only stimuli. We take the phase spectrum from each short-time section and randomise it across frequency,
such that the IFD is preserved. In other words, add the same random sequence (across frequency) to the phase
spectrum values of each frame. For example, consider a frame of length M and a DFT length of N = 2M . Add
a random sequence to the phase values in the first M + 1 DFT bins (i.e., bin numbers 0 to M). To determine the
remaining M −1 phase values (i.e., bin numbers M +1 to N −1), take the new phase values from bins 1 to M −1
then reverse the sign and reverse the order of the numbers. That is, given the new phase values for the first M + 1
bins, calculate the remaining bin phase values by ψ(n) = −ψ(N − n), where n = M + 1,M + 2, . . . ,N − 1 is
the bin number. The resulting phase spectra are used in place of the original phase spectra in the reconstruction
algorithm (and magnitude spectra are set to unity).

(2) GDF-only stimuli. In a similar vein, we take the original phase spectra and randomise them across time, such
that the GDF is preserved. That is, generate a random sequence whose length is equal to the number of frames
in the utterance, then add this same sequence to the time-trajectory of the phase spectrum values for each DFT
bin. Remember to do this for the phase values in the first M + 1 DFT bins (for each frame), then calculate the
remaining bin phase values as described above. Reconstruction is performed with the resulting phase spectra (and
magnitude spectra are set to unity).

(3) IFD + GDF stimuli. We reconstruct a signal from the knowledge of both the IFD and GDF. In order to do this, we
must first reconstruct the phase spectra from these known quantities. Notice that the first-segment phase spectrum
can only be reconstructed to within a time-shift of the original first-segment phase spectrum, since all we know
about it is the GDF. The remaining segments are reconstructed in relation to this segment. Consequently, we

13 When constructing a magnitude-only signal, the short-time phase spectra are replaced by random values. The magnitude spectra for these
segments are identical to the original signal. However, when these short-time segments are overlapped and added during synthesis, their magnitude
spectra are changed because the samples in the overlapping regions between the frames are no longer consistent (due to phase spectrum changes).
Thus, upon re-analysis, the magnitude spectra for the short-time segments differ to those of the original signal. Consequently, the magnitude-only
spectrogram is not identical to the original signal spectrogram.
14 Download from http://maxwell.me.gu.edu.au/spl/research/phase/project.htm.
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Table 6
Results from Experiment 2. Average consonant intelligibility of stim-
uli constructed from partial phase spectrum information (rectangular
analysis window of duration 32 ms used in the STFT analysis)

Type of stimuli Intelligibility score (%)

Original 95.31
IFD-only 50.94
GDF-only 53.75
IFD + GDF-only 85.63
Phase-only 86.88

cannot recover the original phase spectra.15 To construct phase spectrum values from the GDF and IFD we do the
following: The phase value for DFT bin number 0 is set to zero in every frame. The remaining phase spectrum
values (for each frame) are calculated by cumulatively summing the GDF across DFT bins 1 to M . We then shift
all of these values by a constant in each frame (dependent on the frame), so that the phase spectrum changes over
time for one particular DFT bin (this can be any bin, the decision is arbitrary) are the same as in the original signal
(i.e., we use the IFD values for only one bin). The values for bins M + 1 to 2M − 1 (i.e., N − 1) are calculated as
previously described. Reconstruction is performed with the altered phase spectra (and magnitude spectra are set
to unity).
Note that this is only one way of reconstructing the phase spectrum values. It is also possible to reconstruct by
using the GDF values for only one frame then to extrapolate the phase values for the other frames by using the
IFD values for all DFT bins.

4.3.2. Procedure
We use a subset of 5 listeners from the 12 used in Experiment 1. The reconstructed signals and the original signals

are played in random order to each listener. The details of the experimental setup are the same as those used in
Experiment 1.

4.3.3. Results and discussion
The average consonant identification scores16 are given in Table 6. Reconstructing stimuli from knowledge of only

the IFD or the GDF results in poor intelligibility; the intelligibility of the stimuli reconstructed from knowledge of
only the IFD is 50.94% and the intelligibility of the stimuli reconstructed from knowledge of only the GDF is 53.75%.
However, when we create stimuli using knowledge of both the IFD and the GDF, intelligibility on par with the
stimuli reconstructed from the original phase spectra is achieved; the intelligibility of the stimuli reconstructed from
knowledge of both the IFD and GDF is 85.63% and the intelligibility of the stimuli reconstructed from knowledge of
the original phase spectra is 86.88%. The results imply that both IFD and GDF are required for good intelligibility
from the phase spectrum. Furthermore, the intelligibility score of the original signals is by far the best (95.31%). That
is, all of the phase spectrum and the magnitude spectrum information must be retained for superior intelligibility. This
will be addressed further in Experiment 3.

4.4. Experiment 3

This experiment, first reported in [58], serves to quantify the intelligibility provided by the phase spectrum and the
magnitude spectrum components of the STFT under noisy conditions.

15 The phase spectrum values are only meaningful in the context of a fixed-time reference. All that we have lost in this reconstructed signal is the
original fixed-time reference. Time referencing is now in relation to the phase spectrum values of the first frame (i.e., we still have a time reference,
but it is different to that of the original phase spectra values).
16 The intelligibility of the original signals and the phase-only stimuli are both higher than that reported in Experiment 1. This can most likely
be attributed to the following two reasons: (1) these results are based on a subset of listeners used in Experiment 1, and (2) this experiment was
conducted at a different time and location than Experiment 1. Regardless, the absolute intelligibility scores are not that important; it is the relative
intelligibility that is most interesting.
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Fig. 14. Results from Experiment 3. Average consonant intelligibility of phase-only and magnitude-only stimuli constructed from white-noise
contaminated speech over several SNRs (phase-only and magnitude-only stimuli are constructed with a rectangular and Hamming analysis window
respectively, of duration 32 ms). Average intelligibility scores for the original (noisy) speech are also provided.

4.4.1. Stimuli
In accordance with the results of Experiment 1, we use a rectangular analysis window to construct the phase-only

stimuli and a Hamming analysis window to construct the magnitude-only stimuli. Once again, the duration of the
analysis window is 32 ms. This time, however, the 64 original utterances are contaminated with white noise over
several signal-to-noise ratios (SNRs) of −10, 0, 10, 20, and ∞ dB (i.e., no noise added).

4.4.2. Procedure
We employ a subset of 3 listeners (from the 12 used in Experiment 1). The reconstructed signals and the noisy

original signals are played in random order to each listener. The details of the experimental setup are the same as
those used previously.

4.4.3. Results and discussion
The average consonant identification scores are plotted in Fig. 14. The results indicate that the intelligibility of both

the phase-only stimuli and the magnitude-only stimuli degrade at a similar rate under decreasing SNR value. While
the intelligibility provided by the original signals also degrades at a similar rate, the intelligibility is consistently better
than that provided by the phase-only stimuli and the magnitude-only stimuli. It is particularly interesting to see that
the intelligibility provided by the original signals is far better than that provided by the magnitude-only stimuli. This
result seems to be at odds with the common practice in ASR; which is to discard the phase spectrum in favour of
features that are derived only from the magnitude spectrum. Should ASR features also encapsulate information about
the phase spectrum? According to these perception results, robustness in human speech recognition requires that both
the magnitude spectrum and the phase spectrum be retained (where a frame duration of 32 ms is used in the STFT
analysis). Thus, a feature set that represents information from both the magnitude spectrum and the phase spectrum
may result in improved ASR performance.

5. ASR on speech reconstructed from short-time phase spectra (previously reported in [37])

In Section 4, we repeated the results of experiments where we measured human intelligibility of speech stimuli
reconstructed either from the short-time magnitude spectra (magnitude-only stimuli) or the short-time phase spec-
tra (phase-only stimuli) of a speech stimulus. The experiments demonstrated that, even for small analysis window
durations of 20–40 ms (of relevance to ASR), the short-time phase spectrum can contribute to speech intelligibility
almost as much as the short-time magnitude spectrum. Following on from that, in this section, we describe some ASR
experiments that we have recently performed on magnitude-only and phase-only stimuli [37]. The purpose of these
experiments is to determine if the ASR recognition scores are consistent with the human intelligibility scores.
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5.1. Experiments

The ASR experiments are performed with magnitude-only and phase-only stimuli created from speech in the
ISOLET and Aurora II databases. The magnitude-only and phase-only stimuli are constructed using a Hamming and
rectangular analysis window respectively, with a frame shift of Tw/8. This is done at both a small analysis duration of
32 ms and a large analysis duration of 1024 ms.

We use an MFCC-based front-end [60] with the following settings:

• Frame duration: 20 ms.
• Frame shift: 10 ms.
• Window type: Hamming.
• Pre-emphasis is done by implementing a simple difference filter: H(z) = 1 − az−1, where a = 0.97 (the pre-

emphasis coefficient).
• Frequency range: 0–4 kHz.
• Number of filter-bank energies: 24.
• Number of cepstral coefficients: 12 (excluding the zeroth coefficient).

Using the Cambridge Hidden Markov model (HMM) Toolkit (HTK) [61], we do both training and testing with
the original speech, magnitude-only speech and phase-only speech (i.e., three sets of training and testing). Systems
are trained with SNR = ∞ and tested over a range of SNRs. Note that in the case of magnitude-only and phase-only
stimuli, the noise must be added to the original test set speech before modification.

5.2. Isolated word task

The ISOLET database is an isolated-word, speaker-independent task, sampled at 8 kHz. The vocabulary is 26 Eng-
lish alphabet letters. Two repetitions of each letter are recorded for each speaker. Speakers are divided into 2 sets: 90
for training, 30 for testing. Each word is modeled by a HMM with 5 emitting states and 5 Gaussian mixtures per state.
The grammar is such that the likelihood of each word is the same. There is no need to set the word insertion probability
since only one word can occur per utterance. Although the vocabulary is relatively small, this is a difficult task as all
words are short and highly confusable. Word recognition scores, over a range of test SNRs, are given in Fig. 15.

5.3. Connected digit task

Aurora II caters for speaker-independent experiments using several noise types and SNRs. Speech consists of digit
sequences derived from the TI digit database down-sampled to 8 kHz and filtered with a G.712 characteristic. Each
digit (0–9) is modeled using a HMM with 16 emitting states and 3 Gaussian mixtures per state. We train with the clean
training set (8440 utterances). The test set (28028 utterances) is divided evenly among 7 SNRs (∞, 20, 15, 10, 5, 0,
−5 dB) and 4 noise types (subway, babble, car, exhibition). We use a unigram language model, where the probability
of each word is equal (i.e., no grammar). The word insertion probability is set to 0. Word accuracy scores (which take
into account insertions and deletions) for small and large analysis durations are given in Figs. 16 and 17, respectively
(test set A is used).

5.4. Results and discussion

For a reconstruction analysis duration of 1024 ms, magnitude-only and phase-only recognition scores on both
databases agree with the trends observed in the human perception experiments; that is, for a long analysis window,
phase-only stimuli are very intelligible and magnitude-only stimuli are unintelligible. At low SNRs, the recognition
performance on phase-only stimuli is sometimes better than that for the original stimuli; however, we are not sure
whether these results are statistically significant.

For an analysis duration of 32 ms, magnitude-only scores for both databases are also as expected. However, for
the same analysis window size, phase-only results for both databases are worse than expected. While the phase-only
stimuli sound quite intelligible (as proven in the intelligibility tests), ASR tests on both ISOLET and Aurora II result
in poor word accuracy.
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Fig. 15. ISOLET word recognition accuracy of magnitude-only and phase-only stimuli in additive white noise. The stimuli are constructed with
analysis window durations of (a) 32 and (b) 1024 ms.

Fig. 16. Word accuracy versus SNR for Aurora II. Four noise types are investigated. The magnitude-only (MO32) and phase-only (PO32) stimuli
are constructed with an analysis window duration of 32 ms. ORIG—original speech.
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Fig. 17. Word accuracy versus SNR for Aurora II. Four noise types are investigated. The magnitude-only (MO1024) and phase-only (PO1024)
stimuli are constructed with an analysis window duration of 1024 ms. ORIG—original speech.

The poor ASR performance for phase-only stimuli constructed with a small analysis window duration can be at-
tributed to a small dynamic range of the phase-only stimuli magnitude spectra.17 This translates to less discriminating
power for the MFCC features, because they are derived from the magnitude spectra. To demonstrate, we take an
MFCC vector from original speech as well as the vectors at the corresponding locations in the magnitude-only and
phase-only stimuli (32 ms). A zero is appended to the beginning of each of these vectors to account for the absence
of the zeroth cepstral coefficient. An inverse discrete cosine transform (DCT) is then calculated for each vector (Figs.
18a, 18c, 18e). The inverse DCT allows us to view the reduced spectral information with which the models are effec-
tively trained; that is, a smoothed magnitude spectrum. As can be seen, the dynamic range of the phase-only stimuli
magnitude spectra is much smaller than the dynamic range in the magnitude spectra of the magnitude-only stimuli
and the original speech. For the Aurora II task, this small amount of discriminating power (Fig. 18e) is sufficient to
obtain good word accuracy in clean conditions, but insufficient once noise is added. The vocabulary of the Aurora II
task consists of only 10 digits (0–9) which do not consist of many phonetic similarities. Thus, in clean conditions,
it is quite possible that a feature set with poor discrimination capabilities can still provide good word accuracy. The
ISOLET task, however, is more difficult because the vocabulary of 26 letters consists of many phonetic similarities.
For this task, the small amount of discriminating power is not even sufficient in clean conditions.

The poorer performance in lower SNRs is best explained by viewing Figs. 18b, 18d, 18f, which were generated
in a similar manner to Figs. 18a, 18c, 18e; however, this time we have added 20 dB of white noise to the original
speech before stimuli construction. This was done at 20 different seed values for the random noise generator. We can
make a qualitative observation from Figs. 18d and 18f that the phase-only stimuli magnitude spectrum exhibits more

17 When constructing a phase-only signal, the magnitude spectral values for each segment are set to unity. The phase spectra for these segments
are identical to the original signal. However, when the segments are overlapped and added during synthesis, their magnitude spectra are changed
because the samples in the overlapping regions between the segments are no longer consistent. Thus, upon re-analysis, each frame has a nonunity
magnitude spectrum, the shape of which is determined by the original phase spectra of the frame and its surrounding frames. Refer to [18] for a
detailed explanation of why we can see formant structure in the phase-only stimuli.



606 L.D. Alsteris, K.K. Paliwal / Digital Signal Processing 17 (2007) 578–616
Fig. 18. Analysis used to determine why phase-only (32 ms) ASR results are worse than expected. The figures in the left column show magnitude
spectra produced by inverse DCT of an MFCC vector from (a) original speech and its (c) magnitude-only and (e) phase-only stimuli. The figures
in the right column show the magnitude spectra for 20 observations of white noise at 20 dB SNR for (b) original speech and its (d) magnitude-only
and (f) phase-only stimuli. The magnitude-only and phase-only stimuli are constructed with an analysis window duration of 32 ms.

variability over its dynamic range between white noise instances than the magnitude-only stimuli magnitude spectrum
exhibits over its dynamic range between white noise instances. This illustrates qualitatively the vulnerability of the
phase-only stimuli to noise.

The human perception experiments in Section 4 were performed with the aid of phase-only stimuli which were
made by analysing a speech signal with an STFT, setting the magnitude spectra of each short-time segment to unity,
then performing an inverse Fourier transform on each segment and reconstructing with the OLA method. Since an
arbitrary change to the STFT is not necessarily a valid STFT (see Section 2.3), the resulting STFT of the phase-only
stimuli does not actually have unity magnitude spectra. As explained in Footnote 17, when the segments are overlapped
and added during synthesis, the magnitude spectra of the STFT of the OLA synthesised signal deviate from unity
because the samples in the overlapping regions between the segments are no longer consistent. With this in mind, it
may seem that the intelligibility of the phase-only stimuli comes from the resulting magnitude spectra. If this is so,
then an ASR system with an MFCC front-end should provide good word accuracy for the phase-only stimuli; however,
we observed in these experiments that the results are rather poor. This leads us to believe that there is discriminating
information in the phase spectrum part of the speech signal that is not being captured by the MFCC representation.
In other words, since both magnitude-only and phase-only stimuli are almost equally intelligible to humans, and ASR
recognises one much better than the other, it could be possible that the MFCC feature set is inadequate. This provides
motivation to investigate the use of the phase spectrum to derive features for ASR.

6. Evaluation of modified group delay features on several ASR tasks

The focus of this section is on the use of the GDF for ASR. Murthy and Gadde [19] have recently proposed a
feature set, called MODGDF, that is derived from a modified GDF. These features are perhaps the most concerted
effort into phase spectral features thus far. We conduct experiments (independent of the authors in [19]) to determine
if their proposed features provide an improvement over the popular MFCC representation on several ASR tasks. Our
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results indicate that, in isolation, the MODGDF features provide no improvement over MFCCs. This is contrary to the
results presented in [19]. In some cases, we have found that the concatenation of the MODGDF features to the MFCCs
provides for a performance improvement over MFCCs alone. This finding is in agreement with [19]; however, there
is no consistency in the results. MFCCs seem to provide the best overall performance.

The outline of this section is follows: In Section 6.1, we review the GDF and highlight the problems when using it
directly for ASR. We demonstrate, with some simple examples, the volatility of the GDF to noise, pitch epochs and
windowing effects. In Section 6.2, we summarise the work by Yegnanarayana and Murthy [14] on the modified GDF
(MGDF), which serves to remedy the problems of the GDF. In Section 6.3, we provide the implementation details
of Murthy and Gadde’s MGDF-based features [19] (MODGDF). In Section 6.4, we test the MODGDF features on
several ASR tasks (ISOLET, Aurora II and Resource Management) in additive white and coloured noises. Note that
the results for ISOLET have previously been reported in [62]. The results of the other experiments are new.

6.1. Group delay function

As discussed in Section 3.2.1, the GDF, τ(ω), is defined as the negative derivative of the phase spectrum with
respect to ω [33]:

τ(ω) = − d

dω
arg[X(ω)] = −XR(ω)X′

I (ω) − XI (ω)X′
R(ω)

|X(ω)|2 , (43)

where the time dependency has been dropped (since in this analysis we only consider one short-time segment).
A theoretical analysis of the volatility of the GDF to the effects of noise, pitch epochs and windowing (or truncation)

has been provided by other authors [14,19]. Our intention in this section is not to repeat this theory, but rather to convey
our own practical understanding of the GDF through a comprehensive set of simple examples.

For the following illustrations, we employ an autoregressive system:

S(z) = 1

1 + ∑4
i=1 aiz−i

, (44)

with coefficient values: a1 = −2.760, a2 = 3.809, a3 = −2.654, and a4 = 0.924 (these values are the same as those
used in [14]). We compute the system impulse response and retain a sufficient number of its initial samples such that
the impulse response has fully decayed (Fig. 19a). This version of the truncated impulse response is, for all intents
and purposes, representative of the complete impulse response. The power spectrum of this signal, shown in Fig. 19f,
exhibits two resonances. The GDF, shown in Fig. 19k, also clearly conveys the two resonances.18 The zeros of this
signal are shown in Fig. 19p.

Figure 19b shows the impulse response with additive white noise, such that the signal-to-noise ratio (SNR) is
40 dB. The resonance peaks are still clearly discernible in the associated power spectrum of Fig. 19g. The resonances,
previously conveyed by the GDF in Fig. 19k, are nonexistent in the GDF for the noisy signal (Fig. 19l). The additive
white noise introduces zeros close to the unit circle (Fig. 19q) which results in very small power spectral values at the
frequency locations of these zeros. These small values of the power spectrum, |X(ω)|2, in the denominator of Eq. (43),
subsequently result in large GDF values. Another way to explain this is that the impulse response is no longer seen
to be produced by a minimum-phase system, since the additive white noise results in a response that does not decay.
The principle phase spectrum contains discontinuities which subsequently show up as spikes in the GDF.

Now consider the same impulse response, but this time we only have half the amount of samples, such that the
full decay of the impulse response is not captured (Fig. 19c). The windowing results in zeros being closer to the unit
circle (Fig. 19r). Thus, a severe amount of distortion is introduced into the GDF (Fig. 19m). Note that windowing
does not distort the power spectrum (Fig. 19h) as much as the GDF. In fact, by applying different window types
(e.g., Hamming, Hanning, Gaussian, Blackman), the distortion can be reduced somewhat, in exchange for diminished
resolving capability. The choice of window has a large impact on the resulting GDF [63,64].

18 Note that the autoregressive system in Eq. (44) is a minimum-phase system. A property of a minimum-phase system is that the principle phase
spectrum, ARG[X(ω)], is equal to the continuous phase spectrum, arg[X(ω)]. In other words, there are no discontinuities in the principle phase
spectrum. This explains why the GDF in Fig. 19k is smooth.
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Fig. 19. The first row shows the (a) impulse response of an autoregressive process, (b) impulse response of the same autoregressive process in white
noise (SNR = 40 dB), (c) truncated (or windowed) impulse response, (d) pre-emphasised impulse response (first-order coeff. 0.97), and (e) the
system response with an excitation of two impulses. The corresponding power spectra are shown in (f)–(j). The GDFs are shown in (k)–(o). The
zero distributions are shown in (p)–(t). The MGDFs (α = 1, γ = 1, and sw = 6) are shown in (u)–(y). A rectangular analysis window is used in all
cases.

Figure 19d presents a pre-emphasised impulse response (coeff. 0.97). The power spectrum for this signal is shown
in Fig. 19i. The effect of pre-emphasis on the GDF is shown in Fig. 19n. Pre-emphasis introduces a zero near the unit
circle causing a negative peak at ω = 0. The associated zero distribution is shown in Fig. 19s.

Considering that speech can be approximately modeled as the output of an autoregressive system excited by a
periodic train of impulses, we now examine a signal obtained by exciting the autoregressive system with two impulses
(Fig. 19e). Although pitch harmonics locally dominate the power spectrum, the resonance peaks are still globally
discernible (Fig. 19j). However, no such peaks are visible in the GDF (Fig. 19o). This is due to the fact that the
excitation introduces zeros extremely close to, if not on, the unit circle (Fig. 19t).

These simple examples demonstrate the volatility of the GDF to noise, pitch epochs and windowing effects. In all
cases, it is the presence of zeros close to the unit circle that corrupt the GDF. Therefore, the GDF (given by Eq. (43))
needs modification for it to be useful in ASR feature extraction.

6.2. Modified group delay function

If we assume that speech is produced by a source-system model, the speech power spectrum, |X(ω)|2, can be ex-
pressed as the multiplication of the system component of the power spectrum, |S(ω)|2, with the source (or excitation)
component of the power spectrum, |E(ω)|2:

|X(ω)|2 = |S(ω)|2|E(ω)|2. (45)
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As demonstrated in Section 6.1, the excitation contributes zeros near the unit circle which cause meaningless peaks in
the GDF. The modified group delay function (MGDF), τ̃ (ω), proposed by Yegnanarayana and Murthy [14], is formed
by multiplying the GDF by the source component of the power spectrum:

τ̃ (ω) = τ(ω)|E(ω)|2. (46)

This operation gives less weight to peaks in the GDF which are the result of excitation-induced zeros near the unit
circle. This is equivalent to replacing the denominator in Eq. (43) with the system component of the power spectrum,
|S(ω)|2:

τ̃ (ω) = XR(ω)X′
I (ω) − XI (ω)X′

R(ω)

|S(ω)|2 . (47)

|S(ω)|2 is obtained by cepstral smoothing of |X(ω)|2. In practice, the cepstral smoothing operation not only smooths
out zeros introduced by excitation, but also those contributed by noise and windowing. In fact, the cepstral smoothing
removes the effect of any zeros that are close to the unit circle.

Murthy and Gadde [19] recently expanded on this expression, proposing the addition of two variables, γ and α.
The role of γ is to vary the contribution from the system component of the power spectrum, as follows:

τ̃γ (ω) = XR(ω)X′
I (ω) − XI (ω)X′

R(ω)

|S(ω)|2γ
. (48)

The second additional variable, α, is a compression factor, such that the final expression for the MGDF is:

τ̃α,γ (ω) = τ̃γ (ω)

|τ̃γ (ω)|
∣∣τ̃γ (ω)

∣∣α. (49)

This parameter does not add any information, but rather represents the information already present in a more
favourable form for ASR (as does the application of logarithmic compression for filter-bank energy coefficients).
Please refer to [19] for a detailed discussion of these additional variables.

The bottom row of Fig. 19 shows the MGDFs for each of the cases previously examined in Section 6.1 (a cepstral
smoothing window of size sw = 6 is used, with α = 1 and γ = 1). In each case, the resonance peaks are now clearly
discernible in the MGDF.

6.3. Computation of features

This section details the computation of the features used for the ASR experiments described in Section 6.4. In all
cases, speech is pre-emphasised before analysis (pre-emphasis is done by implementing a simple difference filter:
H(z) = 1 − az−1, where a = 0.97) and a Hamming analysis window of duration 25 ms is used, with a 10 ms frame-
shift.19

As a baseline for recognition performance, we test with MFCCs. These are derived from the magnitude spectrum.
For each frame:

(1) Compute the discrete Fourier transform (DFT) of x(n), denoted by X(k).
(2) Compute the power spectrum |X(k)|2.
(3) Apply a Mel-warped filter bank (0–4 kHz) to |X(k)|2 to obtain 24 filter-bank energies (FBEs).
(4) Compute the discrete cosine transform (DCT) of the log FBEs.
(5) Keep 12 cepstral coefficients, not including coefficient zero.

The MODGDF features are computed as follows. For each frame:

(1) Compute the DFT of x(n) and nx(n), denoted by X(k) and Y(k), respectively.

19 Note that the MFCC analysis window duration was 20 ms for the experiments in Section 5. Therefore, there may be some insignificant
differences in the word accuracy results.
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(2) Compute the cepstrally smoothed spectrum of |X(k)|, denoted by |S(k)|.
(3) Compute the modified GDF, τ̃ (k), as

τ̃ (k) = sign

∣∣∣∣XR(k)YR(k) + XI (k)YI (k)

|S(k)|2γ

∣∣∣∣
α

, (50)

where sign is the sign of XR(k)YR(k)+XI (k)YI (k)

|S(k)|2γ .

(4) Compute the DCT of τ̃α,γ (k). The DCT is basically used to obtain a compact representation of the MGDF in such
a way that the resulting features are uncorrelated (and hence are suitable for HMM formulation with diagonal
covariance matrices).

(5) Keep 12 cepstral coefficients, which includes coefficient zero (i.e., keep c(n) for n = 0,1, . . . ,11).

Results of experiments by Murthy and Gadde [19] indicate that a cepstral smoothing window of size sw = 6 is
best for smoothing. They also recommend that α = 0.3 and γ = 0.9. Best recognition performance for MODGDF
features is obtained when keeping c(0). In addition, their results show that cepstral mean subtraction (CMS) improves
performance. Therefore, we employ all of these settings.20 CMS is performed on both the MFCCs and the MODGDFs
(except for the ISOLET task).

6.4. Experiments

We use a number of ASR tasks to compare the performance of the MFCC and MODGDF features. For consistency,
all databases contain data sampled at the same rate of 8 kHz. We use HTK [61] to train and test the HMMs.

6.4.1. Isolated word task (previously reported in [62])
The ISOLET database was described in Section 5.2. Once again, each word is modeled by a HMM with 5 emitting

states and 5 Gaussian mixtures per state. HMMs are trained on clean data and tested on data with white noise or
coloured noise added at several SNRs. The grammar is such that the likelihood of each word is the same. There is
no need to set the word insertion probability since only one word can occur per utterance. We do not use CMS here
because the ISOLET utterances are too short.21

Word recognition scores for additive white noise are provided in Table 7. Bold font denotes the best word recogni-
tion score for each SNR. We observe that MODGDFs perform worse than MFCCs in all SNRs (cases I-W1 and I-W2).
The same is true when energy and deltas (produced using HTK software) are attached (cases I-W4, I-W5, I-W7, and
I-W8). When the MODGDFs are concatenated with the MFCCs (case I-W3), a slight performance improvement over
using MFCCs alone is observed in matched conditions (SNR = ∞); however, this improvement in matched conditions

Table 7
ISOLET word recognition scores: white noise

Case Feature type (E—energy,
D—delta, A—acceleration)

SNR (dB)

∞ 30 20 15 10

I-W1 MFCC 78.27 74.87 67.44 56.67 37.50
I-W2 MODGDF 76.79 63.01 32.82 16.22 7.37
I-W3 MFCC + MODGDF 78.59 69.55 51.67 33.33 18.65
I-W4 MFCC + E 79.62 76.73 66.03 52.50 36.41
I-W5 MODGDF + E 78.65 65.51 37.82 20.58 8.65
I-W6 MFCC + MODGDF + E 79.42 70.45 51.86 33.59 19.74
I-W7 MFCC + E + D + A 90.83 89.04 79.36 68.91 52.95
I-W8 MODGDF + E + D + A 89.29 82.37 70.58 56.79 35.32
I-W9 MFCC + MODGDF + E + D + A 91.41 85.19 75.06 64.49 46.86
I-W10 ISOLET-tuned 92.31 85.64 76.79 66.41 46.22

20 Note that Murthy and Gadde [19] weight the MODGDF cepstral values, c(n), by n for n > 0; this is liftering and makes no difference to
recognition performance in a HMM framework [65]. Therefore, we do not perform liftering.
21 Empirical evidence suggests that, for increased recognition performance from CMS, utterances must be longer than 2–4 s [66].
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Table 8
ISOLET word recognition scores: averaged over several types of coloured noise

Case Feature type SNR (dB)

∞ 30 20 15 10

I-C1 MFCC 78.27 76.57 68.26 57.84 42.02
I-C2 MODGDF 76.79 74.17 62.81 45.34 24.31
I-C3 MFCC + MODGDF 78.59 67.80 54.33 32.77 16.44
I-C4 MFCC + E 79.62 71.20 60.00 42.87 25.37
I-C5 MODGDF + E 78.65 65.48 48.46 25.39 11.78
I-C6 MFCC + MODGDF + E 79.42 69.30 54.52 32.73 15.04
I-C7 MFCC + E + D + A 90.83 86.17 79.97 67.60 49.62
I-C8 MODGDF + E + D + A 89.29 82.13 72.53 56.22 33.30
I-C9 MFCC + MODGDF + E + D + A 91.41 85.14 78.61 65.24 43.19
I-C10 ISOLET-tuned 92.31 85.96 79.91 66.89 43.86

is at the expense of a reduced performance in unmatched conditions. This is also the case when deltas are attached
(compare case I-W7 with I-W9).

Murthy and Gadde performed a line search on the SPINE database to determine the best values for α, γ , and
sw [19]. Using the same feature size and configuration as for case I-W9, we perform a line search on ISOLET (see
Table 9). Optimal values for the MODGDF feature, such that the matched condition score for MFCC + MODGDF +
E + D + A is maximised, were found to be α = 0.3, γ = 0.9, and sw = 8. Note that we do not determine lw since
we are ignoring channel effects.22 The matched recognition score improves slightly (case I-W10), but again at the
expense of reduced performance in lower SNRs.23

Word recognition scores, averaged over four types of coloured noise (subway, babble, car, and exhibition—sourced
from the Aurora II database), are provided in Table 8. The trends are very similar to those that were observed for white
noise. These results are by no means conclusive; they may be task specific. While the vocabulary of the ISOLET task
is highly confusable, one thing that may artificially boost or reduce recognition scores is the use of the grammar,
which enforces only one word per recognised utterance. This constraint eliminates the possibility of insertions and
deletions. It would be interesting to see the results on a less-constrained task, such as Aurora II.

6.4.2. Connected word task
The Aurora II database was described in Section 5.3. Once again, we use a unigram language model, where the

probability of each word is equal (i.e., no grammar). The word insertion probability is set to 0. Word accuracy scores
for test set A are provided in Table 10. Results are averaged over all noise types. In an effort to be concise, we only
show results for SNRs from 5 to ∞.

In this case, the combination of MFCCs and MODGDFs in coloured noise seems to provide more robustness than
MFCCs alone (compare case A-C3 with A-C1 and A-C2, compare case A-C6 with A-C4 and A-C5, and compare
A-C9 with A-C7 and A-C8). This is contrary to the trends observed on the ISOLET task. However, we are dealing
with a baseline performance close to 100%. It would be prudent to test on a more complex task, on which there is
adequate room for improvement. Also, we should test with a more complex vocabulary (rather than a vocabulary that
consists of only 10 numbers). In addition, the HMMs for this task are word-based. Do these results reflect performance
for a more complex task for which the HMMs are phoneme-based?

6.4.3. Context-dependent, phoneme-based, continuous recognition task
For this experiment, we use the speaker-independent part of the resource management (RM) corpus, down-sampled

from 16 to 8 kHz. RM consists of oral readings of sentences taken from a 991-word language model of a naval resource

22 lw is a smoothing parameter used to remove channel effects from the MGDF before MODGDF calculation. See [19] for a definition.
23 While tuning does provide slightly improved recognition scores, we found that over the variable ranges tested in Table 9, the recognition score
did not change that much to warrant the large computational overhead required by the tuning. Therefore, we use the same parameter values as in
[19] (i.e., α = 0.3, γ = 0.9, and sw = 0.6) for all other experiments. In fact, one could argue that if we must tune the MODGDF features for each
database, then MFCCs should also be tuned (e.g., the number of FBEs and the type of warping).
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Table 9
Combinations used for ISOLET tuning

Parameter Range Step

α 0.1–0.5 0.1
γ 0.5–1.0 0.1
sw 4.0–10 2.0

Table 10
Aurora II word accuracy scores: averaged over several types of coloured noise

Case Feature type SNR (dB)

∞ 20 15 10 5

A-C1 MFCC 97.05 89.21 80.50 61.65 32.93
A-C2 MODGDF 97.15 89.53 78.50 57.55 32.75
A-C3 MFCC + MODGDF 97.34 91.79 83.75 64.83 35.00
A-C4 MFCC + E 98.07 81.63 70.32 51.80 28.09
A-C5 MODGDF + E 97.94 84.22 74.86 54.17 27.44
A-C6 MFCC + MODGDF + E 97.82 86.91 78.04 65.86 45.86
A-C7 MFCC + E + D + A 99.20 96.58 92.80 78.35 47.54
A-C8 MODGDF + E + D + A 98.92 95.20 88.15 72.31 47.40
A-C9 MFCC + MODGDF + E + D + A 99.33 97.53 94.50 85.35 65.16

management task. The training set consists of 3990 utterances spoken by 109 speakers. We use the February 1989 test
set, which consists of 300 utterances spoken by 10 speakers.

A set of six-mixture, tied-state, cross-word triphone HMMs was trained in accordance with the RM recipe, which
is supplied with the HTK distribution. Rather than use the pre-trained monophone models (accompanying the RM
recipe scripts) to initiate training, we begin from a flat start. All states of all models are initialised with the global
mean and variance. State transition probabilities of all states and models are initialised to common values. In the first
instance, we test with a unigram language model, where the probability of each word is equal (i.e., no grammar). In
addition, there is no word insertion penalty. As a point of reference, we repeat the tests with a word-pair grammar (this
is the standard grammar for RM). We use a grammar scale factor of 7.0 and a word insertion probability of −40.0.

We understand that using a unigram language model and no word insertion penalty will result in reduced recogni-
tion performance. The aim here, however, is not to get the best possible performance, but to compare each feature type
under ‘fair’ conditions. For example, if we use a bigram language model and use those recognition rates to compare
features, the results will be questionable because of the high dependency on the grammar scale factor. By eliminating
the need to tune this parameter (and other heuristic parameters), the recognition scores are more indicative of the raw
classification ability of the feature sets.

We first test over several SNRs with white noise, the results of which are provided in Table 11. We only show three
SNR conditions because below 20 dB the no grammar word accuracy scores for all cases become significantly worse.
We also test over several SNRs with the same coloured noise types as used previously, the results are averaged over
all noise types and provided in Table 12.

6.5. Discussion

We have implemented Murthy and Gadde’s MODGDF features and compared their recognition performance to
standard MFCCs on several ASR tasks (ISOLET, Aurora II, and Resource Management) with additive white and
coloured noises. Our results indicate that, in isolation, the MODGDF features provide no improvement over MFCCs.
In some cases, the concatenation of the MODGDF features to the MFCCs provide for a performance improvement;
however, there is no consistency in the results. MFCCs seem to provide the best overall performance.

It is well known in pattern recognition [67] that the addition of more features does not always improve the recog-
nition performance, even though the additional features are providing useful information. This may happen due to
a limited amount of training data available. In our case, we are not even sure whether the MODGDF features are
providing useful additional information.
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Table 11
RM word accuracy scores: white noise

Case Feature type SNR (dB)

No grammar Word pair

∞ 30 20 ∞ 30 20

R-W1 MFCC 36.74 24.99 4.84 80.05 73.21 56.42
R-W2 MODGDF 32.68 19.21 2.62 79.62 69.54 50.88
R-W3 MFCC + MODGDF 31.78 20.03 −3.87 86.06 79.46 62.63
R-W4 MFCC + E 44.44 21.12 −4.49 84.73 74.78 51.62
R-W5 MODGDF + E 40.80 11.44 −12.73 83.87 68.33 44.87
R-W6 MFCC + MODGDF + E 42.09 13.74 −20.73 90.16 78.64 56.50
R-W7 MFCC + E + D + A 70.13 52.13 12.85 95.67 92.54 80.05
R-W8 MODGDF + E + D + A 62.79 42.25 −2.89 95.20 91.14 69.66
R-W9 MFCC + MODGDF + E + D + A 65.81 51.29 14.96 93.40 91.14 78.09

Table 12
RM word accuracy scores: averaged over several types of coloured noise

Case Feature type SNR (dB)

No grammar Word pair

∞ 30 20 ∞ 30 20

R-W1 MFCC 36.74 24.83 5.48 80.05 74.53 60.86
R-W2 MODGDF 32.68 22.07 6.62 79.62 72.85 58.53
R-W3 MFCC + MODGDF 31.78 17.75 −4.52 86.06 82.03 69.58
R-W4 MFCC + E 44.44 31.95 4.85 84.73 80.15 63.48
R-W5 MODGDF + E 40.80 26.90 0.03 83.87 77.75 60.01
R-W6 MFCC + MODGDF + E 42.09 26.02 −10.55 90.16 84.37 68.01
R-W7 MFCC + E + D + A 70.13 60.45 32.51 95.67 94.81 87.84
R-W8 MODGDF + E + D + A 62.79 52.36 22.62 95.20 94.00 83.85
R-W9 MFCC + MODGDF + E + D + A 65.81 57.44 32.71 93.40 92.10 85.82

7. Summary and conclusion

The human intelligibility tests demonstrate that when short-time magnitude spectra of a speech signal are set to
unity, the short-time phase spectra can be used to reconstruct an intelligible signal. This is true for both small and long
analysis window durations. This dispels the belief that there is no intelligibility in the short-time phase spectrum at
small analysis window lengths of 20–40 ms [4–6].

An obvious question that one may ask is, “If the short-time phase spectrum provides intelligibility, does it provide
anything additional to that already conveyed by the short-time magnitude spectra?” These human intelligibility tests
were performed with the aid of phase-only stimuli which were made by analysing a speech signal with an STFT,
setting the magnitude spectra of each short-time segment to unity, then performing an inverse Fourier transform on
each segment and reconstructing with the OLA method. Since an arbitrary change to the STFT is not necessarily
a valid STFT, the resulting STFT of the phase-only stimuli does not actually have unity magnitude spectra. When
the segments are overlapped and added during synthesis, their magnitude spectra deviate from unity because the
samples in the overlapping regions between the segments are no longer consistent. One may suggest that it is the
non-unity magnitude spectra that results in intelligibility. If this is the case (i.e., that the intelligibility is coming from
the resulting short-time magnitude spectra), then ASR tests using a spectral magnitude feature should agree with the
good human intelligibility scores for the phase-only stimuli. However, when using an MFCC-based front-end, we
found that ASR recognition scores for phase-only stimuli are not consistent with the human intelligibility results.
This leads us to believe that there is discriminating information in the phase spectrum part of the signal that is not
being captured by the MFCC representation (i.e., there is information not being captured by the magnitude spectrum),
providing motivation to investigate the use of the phase spectrum to derive features for ASR.

We have also attempted to answer the above question by comparing the human intelligibility of original speech,
phase-only stimuli and magnitude-only stimuli under several SNRs of additive white noise. The results indicate that
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the intelligibility of both the phase-only stimuli and the magnitude-only stimuli degrade at a similar rate under de-
creasing SNR value. While the intelligibility provided by the original signals also degrades at a similar rate, the
intelligibility is consistently better than that provided by both the phase-only stimuli and the magnitude-only stimuli.
It is particularly interesting to see that the intelligibility provided by the original signals is far better than that provided
by the magnitude-only stimuli. This result seems to be at odds with the common practice in ASR; which is to discard
the phase spectrum in favour of features that are derived only from the magnitude spectrum. Should ASR features also
encapsulate information about the phase spectrum? According to these perception results, a feature set that represents
information from both the magnitude spectrum and the phase spectrum may result in improved ASR performance.

The next obvious question one may ask is, “It seems that the short-time phase spectrum does provide intelligibility,
but how can we capture that for ASR?” Unlike the magnitude spectrum, the phase spectrum does not explicitly exhibit
the system resonances. A physical connection between the phase spectrum and the structure of the vocal apparatus
is not apparent. It is therefore necessary that the phase spectrum be transformed into a more physically meaningful
representation. In this article we discussed the GDF and the IFD representations. These representations are much more
‘human readable’ than the principle phase spectrum. We investigated their possible use for ASR indirectly. That is,
rather than come up with features based on the GDF or IFD, we simply attempted to reconstruct speech from either
component to determine if intelligibility resulted. Since the resulting reconstructed signals were only intelligible when
both components were retained, we infer from these results that we may need a feature set that consists of both GDF
and IFD information. In this paper we only investigated Murthy and Gadde’s GDF-based features. Thus, an avenue of
future research could be to combine these GDF-based features (or some others) with IFD-based features. Further still,
for best performance (as discussed above) the feature set may also need to be concatenated with magnitude spectral
data.

The most concerted effort into phase spectral features, so far, has been that by Murthy and her colleagues. For
interest, we have thoroughly tested their proposed MODGDF features on several ASR tasks. We compared MODGDF
performance to MFCC performance and also appended MODGDF features to MFCC features. In addition we also
tested all of these feature combinations with velocity, acceleration, and energy coefficients. We have found that the
MFCC feature set seems to provide better performance than both the MODGDFs and the concatenation of MFCCs
and MODGDFs. This remains true when delta and energy coefficients are appended. The MODGDF features do,
however, provide reasonable recognition scores. Perhaps some continued effort into researching these features and a
better understanding of the required parameter tuning may result in improved performance.

In addition to a hit-and-miss approach of creating phase-spectral features, one could consider employing a brute-
force method such as non-linear discriminant analysis (NLDA) [68–70]. In this technique, a multi-layer perception
(MLP) is trained using back-propagation with a minimum-cross-entropy criterion. The number of input nodes to the
MLP is determined by the representation of choice (e.g., short-time segment GDF or IFD) and the number of output
nodes is equal to the number of classes (the MLP is trained for ‘one-hot’ targets). The output from this MLP is a
vector of posterior probabilities which are subsequently log-compressed so that their distributions are Gaussian-like.
If desired, further transformations to this vector can be applied at this point. The trained MLP (and any subsequent
transformations on its output) is attached to the front-end of a HMM-based ASR system, where the output vectors are
treated as the feature vectors for training and testing the HMMs.

It may also be interesting to investigate the use of the phase spectrum for speaker identification and verification.
Do humans identify a person better from the original speech than from the magnitude-only reconstruction? If so, then
it could be that the short-time phase spectra is useful for the task. Some initial experiments in this area have been
conducted by Yegnanarayana et al. [71].
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