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Abstract—The bispectrum retains Fourier phase information 

unlike the power spectrum. It is well known that there is shape 
information in the Fourier phase of signals that can be useful for 
classification. Features can be extracted using the bispectrum 
that are also invariant to translation and scaling, and robust to 
noise. For a non-stationary signal, bispectral invariant features 
can be extracted from segments that are sufficiently short to be 
quasi-stationary. Probability distributions of the features can be 
learned using Gaussian Mixture models and the Expectation 
Maximization algorithm. These models contain information 
about the source of the signal and can be used for biometric 
identification provided text (or content) and channel (or sensor) 
dependence is removed or separated. This paper will present 
such a methodology and successfully apply it to speaker 
recognition and online signature verification. 
 
Index Terms—Bispectrum, higher order spectra, biometric 
identification, voice recognition, handwriting recognition, 
signature verification. 
 

I. INTRODUCTION 
HE bispectrum retains Fourier phase information unlike 
the power spectrum. It is well known that there is shape 
information in the Fourier phase of signals that can be 

useful for classification. Features can be extracted using the 
bispectrum that are also invariant to translation and scaling, 
and robust to noise. For a non-stationary signal, bispectral 
invariant features can be extracted from segments that are 
sufficiently short to be quasi-stationary. Probability 
distributions of the features can be learned using Gaussian 
Mixture Models and the Expectation Maximization algorithm. 
These models contain information about the source of the 
signal and can be used for biometric identification provided 
text (or content) and channel (or sensor) dependence is 
removed or separated. This methodology has been applied 
successfully to speaker recognition and online signature 
verification.  

For text-independent speaker recognition, bispectral 
features are shown to perform better than the traditional Mel-
frequency Cepstral Coefficient (MFCC) features with 
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microphone speech when the Signal to Noise ratio is poor. 
They perform comparably for clean speech and provide 
complementary information in tests conducted using the 
YOHO database and the Switchboard telephone speech 
Corpus. Models generated from each feature set were also 
compared using the Bhattacharya distance between mode 
centre distributions indicating that the bispectral feature set 
may be more discriminative. 

Online signature data can be viewed as variations in time of 
position, pressure and pen angles. These signals and their 
derivatives can be processed to extract bispectral invariant 
features and Gaussian Mixture Models for signatures of each 
person. The system does not rely on normalization and is 
robust to changes in size and orientation of the signature. A 
real-time system for signature verification has been 
implemented. 

II. HIGHER ORDER (BI-)SPECTRAL FEATURES 
While the power spectrum is derived from second order 

statistics, HOS are derived from higher order statistics.  The 
bispectrum and trispectrum, for example, are the Fourier 
transforms of the third and fourth order correlations1 of the 
signal respectively.  If x(t) is a stationary random process, then 
its nth order moments, mn(τ1, τ2, …, τn-1), can be defined as: 

[ ])()()(),,,( 11121 −− ++= nnn txtxtxEm τττττ KK  (1) 

where E[.] is the expected--value operator.  The power 
spectrum is defined as the Fourier transform of m2(τ1).  The 
power spectrum at frequency f1 can be estimated by: 

[ ])()()( 1
*
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where X(f) is the Fourier transform of a windowed realisation 
of x(t) and * represents complex conjugation.  Unlike the 
power spectrum, higher order spectra (HOS) retain both the 
phase and amplitude information from the Fourier transform. 
The bispectrum, B(f1,f2), of a one-dimensional, deterministic, 
discrete-time signal, x(n), is defined by: 

)()()(),( 212121 ffXfXfXffB += ∗       (3) 

where X(f) is the discrete time Fourier transform of x(n) at 
normalised frequency, f. Equation (2) shows that the power 
spectrum is completely defined by the magnitude of the 

 
1 This refers to moment based spectra as opposed to cumulant 
based spectra.  For more information, see [1]. 
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Fourier coefficients because the phase of )( fX gets 

cancelled in the product with )(* fX , its conjugate. In Eqn. 
(3), however, the bispectrum retains both the phase and the 
amplitude information from the Fourier transform.  Only the 
linear (with frequency) phase component is cancelled in the 
triple product, and this component is related to the shift of a 
finite duration signal rather than its shape.  

Note, that the bispectrum in Eqn. (3) is in a deterministic 
framework and there is no expectation operation on the right 
hand side. If the one-dimensional signal is divided into blocks, 
the triple products above can be averaged to yield the more 
conventional estimate of the bispectrum used in higher-order 
statistics, which is the Fourier transform of a third-order 
correlation of the signal. Another important property of the 
bispectrum is that is has zero expected value for Gaussian 
signals. Features that are derived from the bispectrum will 
therefore have high immunity to additive white Gaussian 
noise (AWGN) when the bispectra are averaged from multiple 
realisations of the signal.  In fact, even with a single 
realisation, it was shown [2] that noise rejection still results 
from the averaging that occurs if many bispectral values are 
integrated along a radial line in bifrequency space.  
References to seminal and review papers in the field of 
higher-order spectra can be found in [2] and [4]. 

The normalised magnitude of E[B(f1,f2)] gives an indication 
of the relative degree of phase coupling between triads of 
Fourier components [3].  However, phase coupling is not the 
information extracted here because no averaging is performed. 
A more direct relationship between the shape of a 
deterministic signal and the phase of its deterministic 
bispectrum is exploited. The bispectrum retains phase 
information from the signal unlike the power spectrum and it 
is sensitive to asymmetry (or irreversibility with respect to the 
time axis) of the signal. Time reversal of )(nx results in a 
sign reversal of the phase of the bispectrum in Eqn. 3, as can 
be shown using simple properties of the Fourier transform [2]. 

A set of features based on bispectral phases that are 
translation, time-scaling, amplitude-scaling, mean-shift 
invariant was derived by Chandran and Elgar [2] and is 
described briefly here. Assuming there is no bispectral 
aliasing, the bispectrum of a real signal is uniquely defined 
within the triangle 10 2112 ≤+≤≤≤ ffff . Parameters are 
obtained by integrating along straight lines (or slices) passing 
through the origin in bifrequency space. The region of 
computation and line of integration are depicted in Fig. 1. The 
and bispectral invariant, P(a), is the phase of the integrated 
bispectrum along the radial line with slope equal to a.  This is 
defined by: 
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for 10 ≤< a , and 1−=j .  The variables Ir and Ii refer to 
the real and imaginary parts of the integrated bispectrum 
respectively. The integrated or averaged bispectra are robust 
to noise with symmetric probability density functions such as 
Gaussian noise. 

Frequencies are normalized by the Nyquist frequency (one 
half of the sampling frequency). The zero frequency 
component (or average signal) is eliminated from the above 
computation. The features obtained for different values of 
slope are combined into a feature vector.  

The integrated bispectrum can be obtained by interpolating 
in the discrete bifrequency plane as done in [2, 4] or by 
computing the DFT exactly at points on polar rasters as 
explained in methods in [5]. The latter approach is preferred 
when interpolation error can be a factor. The computational 
complexity is increased when many slopes are considered but 
for time segments that are short, verification in real-time is 
possible despite of it. In the work described here, the former 
approach is used in section III and [28],[29] while the latter is 
used for signature verification in section IV where segments 
consist of fewer samples. 

III. SPEAKER IDENTIFICATION USING HOS 

A. Background 
A speech signal conveys more information than just the 

words being spoken. It also contains information about the 
identity of the person speaking those words. Speaker 
identification is concerned with establishing the correct 
identity of the person (from a known set) using speech as a 
biometric.  This is generally performed by extracting features 
from the given speech signal, and comparing them with a 
stored set of feature models belonging to known speakers.  
Applications of speaker identification include secure access 
systems and forensic investigation. 

Most speech features used in speaker recognition 
identification or verification) systems are derived from second 
order statistics, using linear prediction or the power spectrum.  
Mel frequency cepstral coefficients (MFCC), for example, are 
derived from the power spectrum. MFCC have been shown to 
provide good results in speaker recognition [6, 7, 8, 9].  These 
features, however, ignore spectral phase information which 
has been considered within the speech processing community 
as unimportant for speaker recognition. Since MFCC features 
are derived from Fourier magnitude they are also quite 
sensitive to additive noise. 

While most of the perceptual information about speech 
resides in the amplitude, phase information has also been 
suggested to be important [10, 11]. At the very least, from a 
pattern recognition point of view at a speech frame or block 
level, there is loss of the ability to discriminate between a 
time-reversed version of the input and itself if all Fourier 
phase information is discarded. Whether this loss results in a 
loss of intelligibility or a loss of discrimination between 
speakers is investigated here. The effectiveness of higher-
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Fig. 1. Region of computation of the bispectrum for real signals.  
Features are calculated by integrating the bispectrum along the dashed 
line with  slope = a. Frequencies are normalized by the Nyquist 
frequency. 
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order spectral (HOS) phase features in speaker recognition is 
investigated by comparison with Mel Cepstral features on the 
same speech data. Telephone speech and microphone speech 
were used in the experiments. However, channel and handset 
variations were intentionally kept to a minimum in the former 
because they were not the object of the study. Three different 
speech corpuses were used. 

Additional experiments are conducted to compare the 
performance of the two feature sets using magnitude-only and 
phase-only information, and in the presence of varying 
amounts of additive white Gaussian noise. 

B. Experiments 
Speaker identification experiments were performed using 

HOS phase parameters, but experiments were also performed 
using MFCC parameters for comparative purposes.  Apart 
from the features used, the experimental setup for both were 
identical.  The following subsections describe the setup of 
these experiments. 

1) Speech data 
The first set of experiments used speech data obtained from 

the Switchboard-2 Phase I telephone speech corpus. Since the 
intention is to investigate variability of the features between 
speakers and not owing to channel, handset or recording 
condition variations, speech files were selected keeping the 
channel quality ratings as similar as possible.  A total of 19 
speakers (10 male and 9 female) were selected from this 
database, and from each speaker, one conversation was 
selected.  This conversation was then split into two non-
overlapping parts.  One part was used for training, and the 
other was used for testing. 

The speech for the second set of experiments was obtained 
from the multi-modal task evaluation data used in the 2002 
National Institute of Standards and Technology (NIST) 
speaker recognition evaluation. The primary purpose of this 
test was to confirm that the discrimination achieved in the first 
experiment was not owing to channel or handset variations, 
and only owing to voice, because these variations are not 
present with recordings from the same microphone.  Training 
data from the spontaneous speech recorded via a high quality 
tabletop microphone was used.  The data consists of 4 
sessions of speech, each being 29 seconds in length.  3 
sessions were used for training, and the final session was used 
for testing.  Each session was recorded using the same 
microphone and sampled at 16 kHz, but each of the speech 
files was filtered and down-sampled to 8 kHz before 
processing. Data from 20 male speakers was used in this 
experiment. 

The speech for the third set of experiments was obtained 
from the YOHO voice verification corpus [12] and the 
intention was to test how the performance of the two feature 
sets scale with increasing number of speakers.  This corpus 
consists of 138 speakers (106 males, 32 females).  Each 
speaker has 4 enrolment sessions of 24 utterances each (total 
of 96), and 10 verification sessions of 4 utterances each (total 
of 40).  These are all prompted combination lock phrases, so 
only digits are spoken.  Speech is recorded via a high quality 

telephone handset (but not passed through a telephone 
channel) and sampled at 8 kHz.  

2) Feature extraction 
Before features are calculated, the input speech frame, x(n),  

is first classified as voiced, unvoiced, or silence.  Only the 
voiced speech frames are utilised in these experiments, since 
voiced segments contain the appropriate harmonic structure 
that give rise to significant bispectral values [13, 14, 15].  
Whether unvoiced segments behave differently for the two 
feature sets is not the subject of this study. The voicing 
decision is determined using the algorithm from the LPC-10E 
speech coder [16].  Since the speech data from each of the 
speakers have varying amounts of voiced speech, the amount 
of data used for training and testing is not the same for each of 
the speakers. 

Each frame of speech, x(n), consists of 256 samples with a 
frame advance (hop) of 80 samples.  This equates to 32 ms 
and 10 ms respectively, hence 100 frames are processed every 
second.  For the HOS phase features, the bispectrum is 
calculated from each x(n) and the parameters, P(ai), are 
determined, where ai = i/D and i = 1,…,D. In this work D = 
16, and therefore, a feature vector of 16 integrated phase 
parameters is obtained for each x(n). 

These phase parameters are not unwrapped such that 
ππ ≤<− )( iaP .  A total of 12 parameters are calculated for 

each MFCC feature vector. 
3) Speaker Modelling 

The relationship between the shape of the speech signal and 
the phase of its deterministic bispectrum is exploited. This 
shape contains information about speech and speaker, as do 
MFCCs.  A statistical model of features, such as a Gaussian 
Mixture, that is trained over many speech blocks from the 
speaker will tend to become speech independent and can be 
used for speaker identification (SI). For good discriminability 
between speakers, the feature set must be sensitive to small 
changes in the shape of the signal between speakers for the 
same speech. At the same time, the features must be invariant 
or robust to changes in amplitude (decibel-level) and time-
shifts caused by changes in sampling or segmentation. If 
features are robust to such transformations, there is less intra-
class variance and the probability density will be more 
dependent on changes that discriminate between speakers. 

Each speaker's collection of feature vectors needs to be 
modelled in a manner that will allow us to effectively 
distinguish one speaker from another.  A probabilistic model, 
specifically a Gaussian mixture model (GMM), is chosen to 
represent the distribution of these feature vectors.  A GMM is 
simply a weighted sum of M Gaussian densities, and in this 
work, the densities are multivariate.  GMM's are popular in 
speaker recognition systems for two reasons.  Firstly, it is 
assumed that the individual components are capable of 
modelling some underlying set of broad phonetic events, e.g. 
vowels, fricatives [6].  Secondly, a GMM is capable of 
smoothly approximating many arbitrarily shaped densities.  
An explanation of GMM's and procedures for estimation of 
their mixture weights and densities are given in [6].  After 
estimating the GMM from a particular speaker's training 
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speech, he/she is represented by the model, { }iiip Σ= ,, µλ r , 

where i = 1…M, and pi, iµr and ∑i are the mixture weight, 
mean vector and covariance matrix of the ith mixture 
respectively.  In this work, diagonal covariance matrices are 
used, and M = 32. 

4) Speaker identification 
The task in SI is to correctly identify a speaker (from a 

group of known speakers) given some of his/her speech.  This 
is achieved by finding which, out of a group of S speaker 
models, is most likely to produce the observation sequence, X 
= {x1, … , xT}. X is simply a sequence of T feature vectors 
extracted from the given speech. Assuming equally likely 
speakers, and noting that p(X) is the same for all speaker 
models, the speaker is identified based on the following: 

)|(maxargˆ
1 kSk

XpX λ
≤≤

=             (6)  

where λk is the GMM for the kth  speaker.  Assuming 
independence between observations, this becomes: 
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and )( ti xb r  is the ith component of the multivariate 

Gaussian mixture density  evaluated for the feature vector, txr ,  
and pi's are the priors (mixture weights). 

5) Performance evaluation 
To evaluate the SI system, the test speech is divided into 

overlapping segments of observation sequences.  Each 
sequence consists of T = 200 feature vectors, corresponding to 
2 second utterances.  An observation advance of 10 ms is 
used, hence each sequence differs from the previous sequence 
by only one feature vector.  For example, the first two 
segments would be: 
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For each segment, Eqn. (7) is used to determine the speaker 
which gives the maximum probability for the observation 
sequence.  This is repeated for all the possible segments in the 
length of the test speech and across all the speakers in the 
database.  The correct identification rate is then calculated as: 

100
segmentsof#Total

segmentsidentifiedcorrectlyof# Total
tionIdentificaCorrect %

×

=
 (10) 

C. Results and Discussion 
The following results show that HOS phase parameters 
contain information that can be used to recognize speakers. 
They are shown to perform at the same level as MFCCs on the 
same data under identical conditions. They contain 
information that can complement MFCCs in a fused classifier. 
The widely accepted notion that Fourier phase information is 
unimportant in speech processing is questioned by 
experimental evidence. 

1) Speaker Identification Using Telephone Speech 
The first set of experiments used speech data obtained from 

the Switchboard-2 Phase I telephone speech corpus. Using the 
16 integrated phase parameters as features, a correct 
identification rate of 97.46% was achieved.  This simple SI 
experiment shows that the integrated bispectral phase 
parameters hold information capable of discerning known 
speakers within a database.  A set of 12 MFCC parameters 
were used in the comparison experiment, (instead of the 16 
integrated phase parameters), and all other aspects of the 
system remained the same.  The MFCC based system 
achieved a correct identification rate of 97.95%.  From this 
result it can be seen that the HOS phase parameters can 
produce comparable results to the more widely used MFCC 
parameters. 

Since the MFCC parameters can already deliver similar 
identification rates, there is no real need for using HOS phase 
parameters as an alternative feature set.  It may be useful, 
however, to use both sets of parameters in a fused 
classification system system for improved performance.  The 
main diagonal of the confusion matrix for each of the two 
tests is given in Table 1.  This indicates the percentage of 
correct identifications for each individual speaker in the 
database.  This table suggests that the two feature sets may be 
used to complement each other.  For speakers 3 and 8, the 
MFCC features obtain correct identification rates of 90% and 
80.7% respectively, whereas the HOS phase features obtain 
higher rates of 100% and 92.1% respectively.  Likewise, the 
MFCC features outperform the HOS phase features for 
speakers 7, 10 and 12. 

In order to understand the differences between the feature 
sets that give rise to the small differences in recognition 

Table 1. Percent correct ID for tests using MFCC and HOS phase 
parameters.
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accuracy, scatter plots are used to model parameter 
distributions in two arbitrary dimensions. This is a reduced 
representation but it allows visualization of the feature spaces 
and compare models. Speakers that were significantly 
misclassified as each other as observed from the confusion 
matrix were selected. Speakers 3 and 8 caused problems for 
the MFCC features, with misclassifications of 10% and 19.7% 
from 3 to 8 and vice-versa. Speakers 12 and 16 caused 
problems for the HOS phase feature set with misclassification 
of 6.8\% from speaker 12 to speaker 16.  Feature distributions 
for both feature sets were plotted for these sets of speakers. 

Fig. 2(a) shows scatter plots of the two feature sets for 
speakers 3 and 8. The HOS phase features are on the left and 
MFCC features on the right.  The centres of the Gaussian 
mixtures and elliptical contours corresponding to unit standard 
deviations along the major and minor axes are overlaid on the 
cluster plots to give some indication of the models in each 
case.  The principal axes of these ellipses are along the x and y 
dimensions because the covariance matrices of the models are 
diagonal by choice.  The weights (or priors) of each mode 
cannot be inferred from these plots. Differences in feature 
distributions between speakers are evident in both sets of 
plots, and there is also a marked difference between the 
clusters for the two feature sets. 

However, it is still difficult to understand why one feature 
set may perform better than the other or why there would be 

more misclassifications between the two particular speakers 
from one of the feature sets.  The feature distributions are 
therefore compared indirectly using the distribution of the 
centres (or mean values) of the 32 modes in the GMM in an 
attempt to quantify the differences even if the procedure may 
be a gross approximation.  The distribution of these mode 
centres is approximated by a unimodal Gaussian and a 
Bhattacharya distance [17] given by: 
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     (11) 

where Mi is the mean of the set of mean vectors for speaker i, 
and ∑i is the covariance of the set of mean vectors for speaker 
i, is computed. This distance gives a quantitative measure of 
the difference between two probability distributions. 

Fig. 3(a) shows the centres and the unit standard deviation 
ellipses of the mode centre distributions (in the reduced 2 
dimensional case) for speakers 3 and 8 – for HOS phase 
features on the left and MFCC features on the right.  The 
Bhattacharya distances for the HOS phase set and the MFCC 
set for speakers 3 and 8 are given in Table 2. The greater 

 

(a) 

(b) 

Fig. 2. Scatter plot of 2 dimensions for (a) HOS phase parameters and their corresponding GMMs for speakers 3 and 8 (left) and MFCC parameters and 
their corresponding GMMs for speakers 3 and 8 (right); and (b) HOS phase parameters and their corresponding GMMs for speakers 12 and 16 (left) and 
MFCC parameters and their corresponding GMMs for speakers 12 and 16 (right). 
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distances, indicating better separation of speaker models, 
corresponds to the better performance of HOS features for 
these two speakers.  Note that distances are given when 
calculating (11) using the reduced two-dimensional case 
(corresponding to Fig. 3(a)), as well as using the full 16 
dimensional feature space. 

Scatter plots for features from speakers 12 and 16 are given 
in Fig. 2(b), and the GMM modal centre distributions 
represented by unimodal Gaussians are depicted in Fig. 3(b). 
Fig. 3(b) shows that the overlap between the centre 
distributions is less for the MFCC than for HOS parameters in 
the reduced two-dimensional case. The Bhattacharya distances 
between the mode centre distributions for the models of these 
two speakers are given in Table 2. 

The distance measures for the two-dimensional case, 
corresponds to Fig. 3(b) and with the fact that MFCC features 
performed better. However, for the full feature set in each 
case, HOS features show a greater distance, and this was 
surprising. Although these distances are only a rough 
indication, they seem to suggest that the HOS parameter set 
may contain more information than the MFCC set for 
discrimination between the speakers.  This is not surprising, if 
it is recalled that they do contain phase as well as magnitude 
spectral information. This does not necessarily translate to 
identification accuracy, however, because the HOS phase 
distributions may be more difficult to capture in a statistical 
model such as the GMM. 

2) Speaker Identification Using NIST Microphone speech 
It is possible that the system described in the subsection 

above using telephone speech was classifying speakers based 
on individual channel or handset differences, rather than 
speaker differences. In order to remove these influences on SI 

performance, another experiment was performed using speech 
obtained from a tabletop microphone (as opposed to through a 
telephone channel).  The speech for this experiment was 
obtained from the multi-modal task evaluation data used in the 
2002 National Institute of Standards and Technology (NIST) 
speaker recognition evaluations.  

Speaker models were trained using the 16 integrated phase 
parameters extracted from each voiced frame of the training 
speech. The test speech from each speaker was then 
stochastically compared with each of these models.   

Using the HOS phase parameters as features, the 20 male 
speaker system achieved a correct identification rate of 98.5%. 
Since the same microphone is used for each of the speakers in 
the database, it can be concluded that the HOS phase features 
are successful in identifying the speakers based on their 
speech as opposed to channel variations.   It must be noted, 
however, that this result is biased since the amount of training 
and testing speech differs between the speakers. 

The above result confirms that HOS features are indeed 
capable of discriminating between speakers capturing voice 
information. For comparison, a second speaker identification 
experiment was performed using the same NIST speech data.  
This experiment was almost identical to the first, with the only 
difference being the choice of feature vectors.  A set of 12 
MFCC parameters were used instead of the 16 integrated 
phase parameters. The MFCC based system achieved a correct 
identification rate of 99.4%. 

This result shows that the HOS phase parameters can 
produce comparable results to the more widely used MFCC 
parameters when utilised as features in a simple speaker 
identification task using microphone speech. When the test 
segment used for identification is increased from 2 seconds to 
4 seconds, the correct identification rate improves to 100% for 
both feature sets. 

3) Speaker Identification Using YOHO Speech Data 
Having shown that the HOS phase parameters are an 

effective set of features for microphone quality speech from a 
small speaker database, the next objective was to extend these 
results to larger populations. This was attempted using the 
YOHO speech database.  This allowed comparison and 
performance evaluation on a population of up to 138 speakers.  

Table 2. Bhattacharya distances between mode centre distributions of 
   the GMMs. 
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(a)                        (b) 

Fig. 3. A representation of the distribution of centres of the modes in the GMM models for (a) Speakers 3 and 8, and (b) Speakers 12 and 16. The x 
marks are the mean values and the ellipses correspond to unit standard deviations along the principal axes. The plot on the left is for HOS phase 
features, on the right for MFCC features. 
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There is, however, a major difference between this YOHO 
data and the aforementioned NIST data.  The NIST data is 
comprised of continuous unconstrained speech, whereas the 
YOHO data consists solely of dual digit numbers within 
combination lock phrases.  An example of such a phrase is 
“twenty-six, eighty-one, fifty-seven”.  In addition, the YOHO 
database was designed to be evaluated by classifying each 
individual test utterance independently of each other.  In order 
to remain consistent, all the individual test utterances from a 
particular speaker were concatenated into one single test 
utterance. The performance of the system can then be 
evaluated in the same way as done with the previous 
experiment. 

The correct identification rates for HOS phase parameters 
for varying lengths of voiced test speech, L, and varying 
population sizes, S, are given in Fig. 4.  Each point on the 
graph is the average of 20 different tests (except when S = 
138), and in each test, the speakers are randomly chosen from 
the complete database of 138 speakers.  The mean values and 
their standard deviations are given in Table 3.  No effort has 
been made to bias the number of male or female speakers 
within the different population sizes. 

For the case when S = 20 and L = 2s, a correct identification 
rate of only 91.1% (standard deviation = 1.4) was achieved for 
this YOHO data as opposed to 98.5% for the NIST data.  This 
may be due to the differing nature of the speech within each 
database athough the technique employed is text-independent. 
It must also be noted that for short test segments, the text-
independence may not strictly hold true. A large population 
microphone database with unconstrained speech would be 
ideal, however, the YOHO database was a close compromise. 
It was still useful to study the effects of varying test speech 
length and increasing population sizes on the correct 
identification rates. From the graph in Fig. 4, it can be seen 

that for small T, the percent correct identification rate 
decreases more rapidly as S increases than for when T is large.  
With L=10s, the HOS phase parameters maintains an average 
percent correct identification rate above 95%. 

It should be mentioned that preliminary tests were 
performed using the YOHO database as it was intended to be 
used, i.e., classifying each individual test utterance separately.  
The results from a single test with varying population size are 
given in Table 4.  Note that multiple tests were not performed 
for each population size and results were not averaged here 
like in Table 3. Since each test utterance consists only of 3 
double digit numbers, the actual amount of test data after 
extracting voiced frames was sometimes as little as 0.5 
seconds. This may have been a major influence in the low 
correct identification rates.  It is interesting to note, however, 

Table 3. Data from Fig. 4.  The standard   deviation for each set of tests 
is given in brackets below the mean. 
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Fig. 4. Average correct identification rates for the YOHO database    
using HOS phase parameters with varying population size and    
varying lengths of voiced test speech.  (All the test utterances from a 
single speaker are concatenated into a single utterance). For each 
population size, 20 tests were performed using a different set of 
randomly selected speakers (except when S=138). 
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Fig. 5. Preprocessing required to (a) preserve the phase spectral   
information while discarding the magnitude information, and (b) 
preserve the magnitude spectral information while discarding the phase 
information. 
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that the performance increases by 6-10% when the number of 
mixtures used in the GMM is increased to 128. 

 
4) Speaker Identification Using `Phase Only' and 
`Magnitude Only' Speech Data 

 
HOS integrated phase parameters contain both phase and 
magnitude spectral information. In order to establish that there 
is indeed a contribution to speaker discrimination from the 
phase, additional tests using `phase only' and `magnitude only' 
speech data were performed. In these tests, each frame of 
speech, x(n), was pre-processed to discard either magnitude or 
phase information before the features were extracted. The 
steps involved in discarding magnitude information while 
preserving phase information are (see Fig. 5(a)): 

1. Take the DFT of x(n) to obtain X(k). 
2. Set all the amplitudes of X(k) to unity while preserving 

all the phases.  X(k) becomes )(~ kX . 
3. Take the inverse DFT of )(~ kX  to obtain )(~ nx . 
4. Extract the features from )(~ nx  as normal. 
The overall correct identification rates using the ‘magnitude 

only’ and ‘phase only’ speech data for both MFCC and HOS 
phase parameter sets are given in Table 5.  The results using 
the original speech are also included for comparison. 

Since MFCC parameters are derived from the magnitude 
spectrum, the loss of phase spectral information does not have 
an effect on its performance. The loss of magnitude spectral 
information, however, causes the MFCC system to fail. The 
correct identification rate for MFCC was 5.65% when using 
'phase only' data.  This is approximately the same as guessing 
1 person from a group of 20 speakers. 

The correct identification rate for the HOS phase parameters 
using ‘magnitude only’ and ‘phase only’ speech was 16.4% 
and 77.3% respectively.  Since the magnitude information is 
not neglected completely in their calculation (they provide a 
weighting for the integrated phases), the ‘magnitude only’ 
data performs better than the equivalent guessing rate of 5%. 
The integrated magnitudes tend to provide a radial spectrum 
across the different values of a in P(a).  These magnitudes on 
their own, however, do not provide us with sufficient 
information to discern between speakers.  The integrated 
phase information, on the other hand, can on its own provide a 
feature set that performs reasonably well for speaker 
identification, even when the power spectrum has been 
whitened. 

The success of the integrated phase information, 
independent of the magnitude information, is an important 
result when considering the effects of channel degradation on 
the performance of the system. It is well known that Fourier 
phase is more robust to additive noise than Fourier magnitude. 
The results in this section suggest that the HOS phase feature 
set would be more robust to such noise. 

It should be noted that the results for the HOS feature set 
using magnitude or phase only data would change 
significantly with the type of input signal.  Using knowledge 
of the preprocessing procedure, the given results suggest that 
the input data is from a broadband source. If the source had 
been narrowband, such as a single sinusoid in noise, the 

accuracy for the `phase only' data would decrease.  Using a 
narrowband source, the phases best representative of the 

speaker (with most weight) would lie in the bandpass region.  
Setting the spectrum to unity magnitude, however, places 
equal weighting across all the phases to be integrated in 
bispectrum space.  The phases from outside the original 
bandpass region would now act as greater noise in the feature 
space, leading to poorer results. 

5) Effects of AWGN 
Experiments were also performed to compare the effects of 

AWGN at varying signal-to-noise ratios (SNR), on the correct 
identification rate for each feature set. The results of these 
tests are illustrated in Fig. 6.  In each of these tests, the 
speaker models remained trained on clean speech, however, 
AWGN was added to each of the test speech utterances.  
Therefore training and testing conditions are mismatched, 
which is more typical of real operating conditions.  No other 
changes were made to the original experimental setup. Even 
though techniques exist, such as cepstral mean subtraction 
[18] and RASTA [19] processing, to make MFCC's more 
robust to channel mismatch, it was decided to keep both 
systems identical apart from the feature set.  It should also be 
noted that less testing speech is available in the presence of 
AWGN, especially at low SNR's.  This is because the system 
only utilises the voiced speech frames of each speaker. 

Table 5. Correct identification rates using `magnitude only' and `phase 
only' speech data. 

 

 
  

Table 4. Percent correct identification rates for the YOHO database   
using HOS phase parameters with varying population sizes.  Each   
utterance is classified independently of each other, as the database   was 
intended to be used.  Results are given when using both 32 and   128 
mixtures for the GMM's.. 
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As the SNR is decreased from 30dB to 5dB, the correct 
identification rates using MFCC parameters decreases almost 
linearly from 96% down to 27.7%.  The correct identification 
rates using HOS phase parameters remains around 99% for 
SNR's above 10dB.  At 5dB the accuracy drops to a, still 
reasonable, 88.8%.  The HOS phase features are, therefore, 
more robust to AWGN than the MFCC feature set.  On the 
other hand, the MFCCs may provide a much more robust 
feature set in the presence of a varying channel with a non-
linear phase response. 

6) Computational Cost 
The computational price paid for incorporating phase 

information is not exorbitant. A 29 second segment of speech 
can be processed for MFCC feature extraction in about 1 
second and for HOS feature extraction in roughly 12 seconds, 
using the procedures described in this work. These results are 
for Matlab programs without any optimization and averaged 
over 100 runs on the same platform. The computational 
complexity of HOS feature extraction depends also on 
whether the bispectrum is computed by bilinear interpolation 
or over polar rasters. Roughly, the bispectral phase features 
method is a factor of 12 more computationally expensive 
when processing 32 millisecond blocks. This does not limit 
practical implementation in real-time systems even up to audio 
sampling rates. 

IV. SIGNATURE VERIFICATION USING HOS 
This section presents a system for recognition and verification 
of on-line signatures using higher order spectral features in a 
manner similar to that described in the previous section for 
speech processing. The sampling rate, however, for this 
system is only 100 Hz and the blocks are much smaller in the 
number of samples. Further, the on-line signature data is not 
one time series but a multidimensional one comprising 
positions, velocities and pressures from the pen tip. Because 
the grid of frequencies is coarser, a polar raster computation 
[5] of the bispectrum is employed such that interpolation 

errors do not pose problems. Bilinear interpolation in the 
bifrequency domain [2],[4] can also be employed. 
 
The motivations behind the use of this approach is that (a) 
robustness to variations in the size and orientation of the 
signature can be achieved, (b) the method will degrade 
gracefully with loss of partial signature information or 
addition of superfluous detail such as underlining, and (c) 
small local variations in the signature are confined to the 
features extracted from these segments only and thus have a 
small effect on the overall feature distribution. The bispectral 
phase features used have been proved to be translation, scale, 
amplification invariant in [2]. These invariance properties help 
in achieving property (a) above. Property (b) is achieved 
similar to property (c) as explained there.  
 
These features are used to train Gaussian Mixture Models for 
each person using the methodology described in the previous 
section. Maximum likelihood is used for recognition and the 
log-likelihood separation between the best and second best 
matches used to provide a measure of confidence for 
verification. A threshold is applied to this separation in order 
to generate DET curves of performance. This strategy is 
applied because of the small size of the database collected 
which was unsuitable for the generation of background 
models for verification. The system described here is a text-
dependent handwriting verification system where the text 
happens to be a signature. For a true signature verification 
system, an HMM will need to be used or the segments from 
the signature treated as an ordered set of parts in some other 
manner such that global shape is also utilized and the system 
becomes a text recognizer as well.  
 The performance of the system has only been tested on a 
small locally collected database and has not been optimized. A 
real-time implementation is available and preliminary results 
reported here are promising at around 6% EER. It is not 
among the best reported results in literature. However, it is the 
author’s belief that signatures contain significant intra-class 
variations as a biometric and performance better than single 
digit EER will largely be owing to text recognition or 
significant global shape differences between signatures in the 
data used.  

An international benchmarking exercise for signature 
verification was held at the International Conference on 
Biometric Authentication (ICBA), Hong Kong, in 2005 [29]. 
A system similar to the one described here achieved about 5% 
EER on random forgeries and 20% EER for skilled forgeries 
for the seen data. This system was also only a handwriting 
recognition system and not fully optimized. The database 
comprised of 40 persons and 10 genuine signatures were used 
to train the model for each person.  

For the sake of putting the system in perspective, a brief 
description of signature verification is given here. There has 
been a great deal of research in this area over more than forty 
years and the interested reader is referred to [20-27] and 
references therein. The purpose here is only to illustrate how 
the bispectrum can be effectively applied to this problem. 
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A. Background 
Signatures are required on credit card transaction records 

and cheques, and manual verification is often performed over 
the check-out counter. Some commercial automated signature 
verification products are available but a large number of 
transactions are still only manually verified using visual 
similarity in shape. Technology capable of acquiring on-line 
signatures has progressed tremendously over the last few 
decades and there are many relatively inexpensive pen-tablet 
systems on the market. These systems can capture not only 
static or shape information but also dynamic information 
about the speed at which different parts of a signature are 
produced. This information is available from the coordinates 
of the pen-tip and the pressure exerted as a function of time. 
These signals are sampled by the pen-tablet interface at 
around 1/100-th of a second. Such information makes it 
possible to verify not just the shape but also the writing style 
from the pen-tip velocity and pressure with an appropriately 
designed algorithm.  

Many signature verification algorithms have been proposed 
in the past two decades and a number of them have used pen 
dynamics rather than shape. Signature data obtained and 
processed this way is called online as opposed to signature 
data obtained from images referred to as static or offline. 
Online signature analysis can use pressure and pen angles as 
well, and does not need any image processing operations to 
obtain position information. Segmentation into strokes is also 
easier with online data because pen up and pen down events 
result in significant changes in pen tip pressure. It is 
consequently faster and more accurate than static signature 
analysis. 

Global features in the context of signature verification are 
considered to be those extracted from entire pen-down 
segments or the whole signature. Local features on the other 
hand are extracted from equally spaced sub-segments or 
around every sample point.  

B. System Description 
The signature data was collected using a Wacom Pen tablet 

system. The device had a resolution of 393 points/cm and 
sampling rate of 100 Hz. An example of a signature like 
scribble in a two-dimensional ‘static’ image is given in Figure 
7. Pen tip coordinates, )(nx and )(ny , and pressure, )(np , 
were used, and their time derivatives, where n  refers to the 
(time) sample index, were used to extract features. These six 
signals are processed to extract bispectral invariant features 
from 50% overlapping blocks of 130 milliseconds. Strokes 
less than 40 millisecond were deleted. 8 bispectral phase 
parameters were extracted from each block using a polar 
raster of 64 points along each line of integration. An 8 
mixture GMM model was used. It must be emphasized that 
these are by no means optimal settings. The system is 
designed to be independent of the script but deletion of short 
strokes as done above may be a problem with Chinese, for 
example. Adaptations to the base system described here can 
eliminate such drawbacks and improve performance.  
The system described here is motivated by the following 

objectives: 

1. Avoid relying on segmentation other than through 
strokes defined by pen-up and pen-down.  

2. Discard unreliable and very short strokes as would result 
from dots and dashes 

3. Use pen-dynamics because it is more difficult to forge 
than signature shape 

4. Use features that provide invariance or significant 
robustness to scale and orientation and thereby avoid the 
need for normalization 

5. Extract local features and rely on the statistics of these 
features over reliable strokes in the signature, thereby 
providing robustness to small intra-personal variations in 
parts of a signature. Pen dynamics may change over 
small portions between two signatures by the same 
person but they would change over considerably larger 
portions in a forgery. 

6. Use a classifier that provides a likelihood or confidence 
measure in the decision. 

A maximum likelihood approach based on log-likelihood 
scores obtained from the GMMs of every person in the gallery 
was used for identification. Verification was performed by 
accepting the claim only if the person was identified (as the 
most likely candidate from the gallery) and the next best score 
was not closer than a set threshold. This threshold was varied 
to obtain false acceptance and false rejection error rates. This 
strategy was adopted in the absence of a background model 
and the small size of the database. 

C. Results and Discussion 
There were 14 persons in the database varying in age at the 

time of data collection from 15 to 81. There were 8 males and 
6 females. Some of the persons in the database shared the 
same surname and four of these persons had signatures that 
differed only in the initial. 6 signatures from each person were 
used for training. Both training and test signatures varied 
significantly in height, length and orientation. Only 10 
iterations of the K-means and 40 iterations of the EM 
algorithm were used in the GMM training. This may again not 
be sufficient. In trials with a similar system it has been found 

Fig. 7. A signature-like scribble comprising one stroke. 
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that convergence rates can be considerably different for 
different signature data.  

 
 
The system achieved an equal error rate of about 6% as shown 
in the DET curve in Figure 9.  It must be noted that no skilled 
forgeries were used in this test. The system is implemented in 
real-time on a Windows platform and takes only seconds to 
train with 6 signatures from a person or do a full identification 
comparing against 14 models. Storage requirements for the 
models are in the order of 8 Kilobytes for the parameters 
chosen without any compression.  

V. CONCLUSION 
This paper shows the the bispectrum can be effectively used 

for feature extraction in biometric identification and 
verification systems to achieve discrimination and robustness 
without compromising the capacity for real-time 
implementation. Further, it is possible to adopt identical 
feature extraction and classification strategies to different 
biometrics using the procedures described here, which can 
make classifier combination easier. In future work, the 
strategies will be used for such classifier combination in 
prompted multi-modal systems to achieve better performance. 
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