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Abstract—In this paper, a novel correlation-based pattern classifier that relies on the analysis of time–frequency decomposition
of a template and signals is proposed. Significant improvements
in resolution and accuracy are obtained using this new classifier
when compared to a conventional correlation-based one. The
short-time Fourier transform, continuous wavelet transform, and
S-transform are considered in the time–frequency decomposition
process. To evaluate the performance of the proposed scheme,
numerical studies are performed on a set of synthetic test signals,
and excellent results have been obtained. This paper also presents
an illustrative example where two types of heart sounds are classified. The classification error percentage for the heart sounds using
the new classifier is only 6.670% as compared to 56.67% when a
general correlation-based classifier is used.
Index Terms—Correlation, heart sounds, pattern recognition,
selective regional correlation (SRC), time–frequency transformations.

I. I NTRODUCTION

A

UTOMATIC recognition and pattern matching for signals
bearing particular characteristics buried in other signals
or noise can be a difficult task. If a correlation-type scheme
is used, the corrupting signals/noise can affect the accuracy of
pattern matching and subsequently lead to errors in classification [1], which is due to the fact that the corrupting signals may
also bear some resemblance to the template being matched.
This is particularly true if the pattern of interest is a transient
signal in a nonstationary environment. Even though correlation
is a very powerful tool that has been used extensively in many
applications [2], it has limitations of its own. Traditional timedomain correlation-based pattern recognition methods do not
fully utilize the frequency characteristics of the template and
the signal being analyzed. It is important to point out that if a
template has bandlimited characteristics, a significant improvement in the performance of pattern recognition can be readily
made by relatively simple preprocessing of the signal and the
template in the time–frequency domain. Such preprocessing
can effectively separate the intertwined time-domain features
of the signal, allowing the important characteristics to be exposed in the time–frequency domain for more effective pattern
matching.

A novel scheme for improving the performance of
correlation-based pattern recognition for bandlimited nonstationary signals is developed in this paper based on time–
frequency analysis tools. The preprocessing is carried out by
converting a one-dimensional (1-D) time-domain signal into
a two-dimensional (2-D) time–frequency domain representation. Thus, the true time–frequency composition of the signal
can be clearly revealed. This allows correlation-based pattern
matching to be conducted only in selected regions in the
time–frequency domain. The newly developed technique is referred to as selective regional correlation (SRC). To emphasize
the potential of this method and its effectiveness, different
time–frequency transforms, i.e., short-time Fourier transform
(STFT) [3], [4], continuous wavelet transform (CWT) [5]–[8],
and the S-transform (ST) [9] have been used as the tools for
such preprocessing. The performance under these tools has also
been compared.
The proposed scheme is tested using a set of synthetic test
signals, which contain short-duration transients. Using these
test signals, the SRC is evaluated and compared to general
correlation. The results have shown that the SRC enhances the
resolution and accuracy for classification of transient signals.
The technique proposed herein may be of significance in many
applications where correlation-based techniques have been
used traditionally, such as communications, statistical signal
processing, and time-series analysis. As an illustrative example,
the developed scheme has been evaluated by applying it to the
classification of heart sounds to detect pathological states.
This paper is organized as follows. In Section II, the concept of SRC is presented in comparison with the traditional
correlation in the context of pattern recognition. The detailed
theoretical development of the SRC is covered in Section III.
Section IV illustrates the performance of the proposed scheme,
and in Section V, the scheme is applied to heart-sound analysis,
in particular, to distinguish the presence of opening snaps from
third heart sounds. General remarks regarding the proposed
scheme and its limitations are presented in Section V-C. Finally,
conclusions are drawn in Section VI.
II. C ORRELATION -B ASED P ATTERN R ECOGNITION
IN T IME –F REQUENCY D OMAIN
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Pattern recognition is a very powerful tool in automated data
analysis and decision making. Its applications can be found
in speech processing [10], fault diagnosis [11], fingerprint
matching [12], DNA classification [13], and satellite image
processing [14], to name a few. The basic idea of a correlationbased pattern recognition scheme is to correlate the signal being
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Fig. 1.
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Time-domain and time–frequency domain representations of (left) a template and (right) a signal.

analyzed with a known template [15], [16] and make decisions
based on the magnitude of the correlation coefficients. The
process of correlation is essentially to determine the degree of
similarity between the signal being analyzed and the template.
The outcome of the correlation can be expressed in terms of
an absolute value of the correlation coefficient between zero
and one. The value of zero implies that the signal has no
resemblance (orthogonal) to the template at all, while the value
of unity means that the signal is identical to the template
possibly with a phase shift or a scaling factor in amplitude at the
most. In a practical situation, one would seldom achieve zero or
one, as there are always some disturbances or noise in the signal
being analyzed. For any value between zero and one, a decision
threshold has to be established for proper classification.
Even though the idea of a correlation-based method is
straightforward, it does have some limitations. The main drawback can be traced to the composition of the signal and the
template. The desirable portion of the signal could be buried
in noise or other nuisance signals. A direct correlation of the
signal with the template may produce a low correlation coefficient even if the signal may contain the same pattern as that in
the template, which could lead to an erroneous decision. This
situation can best be illustrated through the following example.
Consider a template and a signal being analyzed as illustrated
in the top two graphs of Fig. 1. By visual inspection, it is
very difficult to convince anyone that there are any similarities
between them. If a correlation is performed between them,
the peak correlation coefficient of 0.3066 supports the visual
inspection. However, the bottom graphs of Fig. 1 show the

time–frequency representation (TFR) of the template as well
as that of the signal. Clearly, the signal does contain a component very similar to that of the template in the frequency
band between 40 and 60 Hz. However, this component has
completely been buried in another signal when observed in the
time domain. If the signal in the frequency band between 40 to
60 Hz is selected to perform the correlation with the template,
the correlation coefficient becomes as high as 0.9990.
Even though this is an artificial example, it does illustrate the
point that a certain type of signal preprocessing may be useful
to achieve improved performance in pattern recognition. Such
preprocessing becomes possible when time–frequency domain
signal decomposition techniques are used.
III. P ROPOSED S CHEME
The decision of a correlation-based pattern classifier depends
on the output value of the correlator, and thus, its performance
will be directly related to the quality of the correlation process.
If the pattern of interest is present in the signal being analyzed,
the correlator should produce a large correlation coefficient;
otherwise, it should result in a small one. The difference between these two values is known as the resolution of the pattern
classifier. In order to improve the quality of pattern recognition, this resolution can be enhanced further by increasing it
when the signal matches the template, and reducing it when
they do not. The SRC is based precisely on this philosophy
with the help of time–frequency domain signal preprocessing
techniques.
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A. Problem Statement
The problem to be investigated in this paper can be stated
as follows. For a given bandlimited template p(t) and a signal s(t) design a preprocessing scheme, such that when s(t)
matches p(t), the peak value of the correlation coefficient is
further increased, otherwise decreased. In other words, the
problem dealt with herein is to design a signal preprocessor to
enhance the resolution of the pattern classifier by improving
the quality of correlation using the time–frequency domain
decomposition techniques.
B. SRC
The essence of the proposed scheme, as mentioned previously, is to represent a 1-D time-domain signal in a 2-D TFR to
reveal its true characteristics for more accurate pattern matching. The linear time–frequency transform can be defined as an
inner product of the template p(t) or the signal s(t) with a function φτ,γ ∈ L2 (R) (sometimes known as the time–frequency
atom) that is well concentrated in time and frequency [6].
Therefore, the following lemmas can be formulated.
Lemma 1: If the template is represented by p(t), its time–
frequency transform can be represented as
∞
p(t)φτ,γ (t)dt

T p(τ, γ) =

(1)

from T s(τ, γ) to minimize the edge effects by using proper
window functions.
Lemma 3: If a 2-D window is represented in the
time–frequency domain as: W (τ, γ) ∀ τ ∈ [τ1 , τ2 ] and γ ∈
[γ1 , γ2 ], then
T s1 (τ, γ) = T s(τ, γ)·W (τ, γ) τ ∈ [τ1 , τ2 ] γ ∈ [γ1 , γ2 ]. (6)
An elliptic type of window is chosen in this paper for the
least amount of edge effect. A Gaussian elliptic window is a
window whose boundaries are defined by an ellipse [17], while
weights on the points inside the ellipse are assigned according
to a Gaussian distribution. A Gaussian elliptic window can be
expressed as

γ2
τ2
Wg (τ, γ) =

− 2− 2
2στ
2σγ
1
2πστ σγ e

∀
τ, γ ∈ Ω (7)
otherwise

s(t) = s1 (t) + s2 (t)

and
(2)

where τ1 and τ2 are the lower and the upper limits of the time
band and γ1 and γ2 are the lower and the upper limits of the
frequency band.
Lemma 2: For a finite-duration signal, s(t)t ∈ [t1 , t2 ], its
TFR can be obtained by (1) with p(t) substituted by s(t) and
represented by T s(τ, γ). Thus, the following signal decomposition is in order:
T s(τ, γ) = T s1 (τ, γ) ∪ T s2 (τ, γ)

,

where the support region is Ω = {(τ, γ) : τ ∈ [τ1 , τ2 ], γ ∈
[γ1 , γ2 ], (τ /a)2 + (γ/b)2 = 1}. The constants a and b represent half of the major and minor axes, respectively. στ2 and
σγ2 represent the variances in time and frequency domain,
respectively, and collectively, they determine the shape of this
2-D window.
Corollary 1: Based on Lemma 2 and Lemma 3, the corresponding time-domain signal s(t) can be represented as

−∞

T p(τ, γ) ≡ 0 ∀ τ ∈ [τ1 , τ2 ] γ ∈ [γ1 , γ2 ]

0,

(3)

(8)

where s1 (t) and s2 (t) are the inverse time–frequency transforms of T s1 (τ, γ) and T s2 (τ, γ), respectively, defined by
∞ ∞
si (t) =

T si (τ, γ)K(τ, γ, t)dτ dγ,

i = 1, 2

(9)

−∞ −∞

and K(τ, γ, t) is a kernel used in the inverse transform.
Theorem 1: If the pattern similar to that of the template p(t)
is present in the signal s(t), then the following is true:
max [|corr (s1 (t), p(t))|] > max [|corr (s(t), p(t))|]

(10)

where max[|corr(x(t), y(t))|] is defined as

where
T s1 (τ, γ) = T s(τ, γ)

τ ∈ [τ1 , τ2 ] γ ∈ [γ1 , γ2 ]

(4)

and
T s2 (τ, γ) = T s(τ, γ) ∩ T s1 (τ, γ).

(5)

In other words, T s1 (τ, γ) represents the portion of the signal in
the time and frequency range of the template, and T s2 (τ, γ) is
its complement, representing the remaining signal elements.
To effectively obtain T s1 (τ, γ) from T s(τ, γ), different
2-D windows can be used. However, when window functions
are used to extract the relevant portion of the signal, they may
also introduce additional transients when transforming back to
time domain. Care should be taken when extracting T s1 (τ, γ)

max [|corr (x(t), y(t))|]




∞


x(t)y(t + τ )dt




  −∞


= max 



τ
∞

 ∞

x(t)2 dt
y(t)2 dt 
 −∞

−∞

(11)

and x(t) and y(t) are zero-mean signals. The proof of
Theorem 1 is given in Appendix I.
So far, only one scenario has been considered, i.e., the signal
either contains the template, or not. Theorem 1 proves that if the
signal contains the template, the SRC will result in the largest
peak correlation coefficient. The concept of the SRC is also
applicable to the multiple-template case, but certain precautions
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must be taken when selecting the templates. The most important
consideration is that the templates must be mutually exclusive.
Assume that p1 (t), . . . , pm (t) are the templates with the TFR
T p1 (τ, γ), . . . , T pm (τ, γ), respectively. The following lemma
is in order.
Lemma 4: If the TFRs of the templates, T p1 (τ, γ),
T p2 (τ, γ), . . . , T pm (τ, γ) are disjoint sets, i.e.,
T p1 (τ, γ) ∩ T p2 (τ, γ) ∩ T p3 (τ, γ) ∩ · · · ∩ T pm (τ, γ) = ∅
(12)
then a template pi (t) can be found by multiplying a time–
frequency decomposition of the template T pi (τ, γ) with a
2-D window, Wi (τ, γ) with appropriate time and frequency
band limits, and inverting back to the time domain
∞ ∞
pi (t) =

T pi (τ, γ)Wi (τ, γ)K(τ, γ, t)dτ dγ.

(13)

−∞ −∞

Lemma 5: If the TFRs of the templates, T p1 (τ, γ),
T p2 (τ, γ) · · · T pm (τ, γ) are not disjoint sets, i.e.,
T pk (τ, γ) ∩ T pl (τ, γ) = ∅,

for

k = l

(14)

for some k and l, it is necessary to introduce a mutually exclusive template in order to reduce the peak correlation coefficient
when the signal does not match the template. This exclusivity
is introduced in the time–frequency domain as
T pk (τ, γ) = T pk (τ, γ) − (T pk (τ, γ) ∩ T pl (τ, γ))

(15)

and the corresponding template in the time domain will be
pk (t)

∞ ∞
=

T pk (τ, γ)Wk (τ, γ)K(τ, γ, t)dτ dγ.

(16)

−∞ −∞

The mutual exclusivity of the templates stated in Lemma 4 and
Lemma 5 is the main reason why the SRC is a superior patternmatching technique to the general correlation-based approach.
The exclusivity of the templates is only possible by introducing
the redundant representation of the signal such as TFR.
Corollary 2: Based on Lemma 4 and Lemma 5, it can be
stated that any template is a sum of mutually exclusive terms,
p (t), and p (t). That is
p(t) = p (t) + p (t)

(17)

where p (t) would be zero for disjoint templates. In addition, it
is necessary to have the following constraint:
∞ ∞



∞ ∞

|T p (τ, γ)| dτ dγ 
−∞ −∞

|T p (τ, γ)| dτ dγ.

(18)

−∞ −∞

Theorem 2: If the signal z(t) does not contain the template
p(t), then the SRC using p (t) will produce a smaller correlation
coefficient, namely
max [|corr (z(t), p(t)) |] > max [|corr (z(t), p (t)) |]
where max[|corr(x(t), y(t))|] is as defined in (11).

(19)

85

Theorem 2 states that the SRC can reduce the peak correlation coefficient when the signal does not contain the template.
The proof for this theorem can be found in Appendix II.
The flowchart of the algorithm is presented in Fig. 2 as a brief
summary of the procedure.
IV. P ERFORMANCE E VALUATION OF SRC U SING
S YNTHETIC T EST S IGNALS
In this section, the performance of the proposed scheme is
examined using a set of synthetic test signals. The goal is
to examine how the SRC performs in comparison to general
correlation. The analysis starts with a simple case with one template and progresses to more complicated cases with multiple
templates.
In the analysis, three different time–frequency transforms are
used: STFT, CWT, and ST. The difference between these three
transforms is the time–frequency atom φτ,γ (t) in (1). An STFT
is defined as a window g which is translated by τ and modulated
by γ [3], [6]
φτ,γ (t) = gτ,γ (t) = e−jγt g(t − τ ).

(20)

A CWT is defined as a mother wavelet ψ with dilation by γ and
translation by τ [5]–[8]
1
φτ,γ (t) = ψτ,γ (t) = √ ψ
γ

t−τ
γ

.

(21)

An ST combines STFT and CWT using a Gaussian window
which is translated by τ , dilated and modulated by γ [9],
[18]–[20]
φτ,γ (t) = gτ,γ (t) = e−jγt g

t−τ
γ

.

(22)

Clearly, the ST can be viewed from two different perspectives,
an STFT with a variable window length [9], [20], or as a special
type of CWT with a Gaussian mother wavelet multiplied by a
phase factor [9], [20]
ST(τ, γ) = e−j2πγτ CWT(τ, γ).

(23)

The goal of the numerical study on synthetic signals is to
examine the performance of the SRC classifier for different
patterns. The robustness with respect to the specific type of
time–frequency transforms and slight variations in patterns are
also examined. In order to evaluate the resolution, two states,
in which correlation coefficients ρk can belong to, are used: ρM
or ρNM . ρM represents the situation where the signal contains
the template as specified, while ρNM represents the situation
where the signal does not contain the template.
The performance can be measured by calculating the resolution between the correlation coefficients in these two situations.
The resolution of the SRC scheme ϕ is defined as
ϕ = ρM − ρNM .

(24)

To show that the SRC improves the accuracy of the classifier,
the number of correct classifications (CC), and misclassifications (MC) for both the general correlation and the SRC
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Fig. 2. Flowchart of the SRC algorithm.

have been recorded. Based on these two numbers, the error
percentage (EP) can be calculated as follows:
EP =

MC
∗ 100%.
MC + CC

(25)

A. Templates and Signals Used in Evaluation
The design of the template and the signal for the single
template case is rather straightforward. For a single template

case, it is desired to show that if the signal is preprocessed prior
to correlation, a significantly better result can be obtained. For
this purpose, the template p(t) and the signal s(t) are defined
as follows:

sin(2π150t), 0.2 ≤ t ≤ 0.6
p(t) =
(26)
0,
otherwise

sin(2π30t) + sin(2π150t), 0.2 ≤ t ≤ 0.6
s(t) =
(27)
sin(2π30t),
otherwise
where t ∈ [0, 1].
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The design process of the synthetic templates and the signals
for dual/multiple-template case is more complex. Most of the
real-world patterns are not limited only to a single frequency,
but rather are a sum of transients with different frequencies.
Very often, these frequencies are not constant; they can vary
with time, but often within a certain frequency band. Measurement noise may further contaminate the signals. Therefore, in
order to be closer to practical conditions, the following rules are
used while designing the templates and the signals.
1) Each template will consist of four unique transients of different frequencies, where the minimum and the maximum
frequencies among those four represent the boundaries.
2) Unprocessed template signals p1 (t), . . . , pm (t) will have
some overlapping areas in the time–frequency domain,
which will be removed at the preprocessing stage.
3) Signals will have their transient frequencies assigned
according to the boundary rules mentioned above.
4) Each signal also contains additional transients which
simulate contamination signals.
Based on these rules, the following templates and signals have
been used in the dual-template case:

p1 (t) =

p2 (t) =

s1i (t) =

s2i (t) =


p (t) + sin(2π95t) + sin(2π102t)

 o
+ sin(2π105t) + sin(2π110t),
0.4 ≤ t ≤ 0.6


otherwise
po (t),

p (t) + sin(2π60t) + sin(2π67t)

 o
+ sin(2π70t) + sin(2π75t),
0.58 ≤ t ≤ 0.74


otherwise
po (t),

k=6
po (t) + k=1 sin (2π250Rt),





0.04 + 30R
≤ t ≤ 0.26 + 20R

500

n=4 500


 po (t) + n=1 sin (2π(95 + 15R)t),
20R
0.40 + 20R
500 ≤ t ≤ 0.60 + 500



k=6


po (t) + k=1 sin (2π250Rt),



25R

0.84 + 20R

500 ≤ t ≤ 0.90 + 500

po (t), otherwise


po (t) + k=6

k=1 sin (2π250Rt),




0.04
+ 30R ≤ t ≤ 0.26 + 20R

500

n=4 500


 po (t) + n=1 sin (2π(60 + 15R)t),
20R
0.58 + 20R
500 ≤ t ≤ 0.74 + 500



k=6

 po (t) + k=1 sin (2π250Rt),



25R

0.84 + 20R

500 ≤ t ≤ 0.90 + 500

po (t), otherwise

signals are used in simulations, whose results are summarized
in Section IV-C.
For the multiple-template case, the same rules are used while
generating the templates and the signals

p1 (t) =

p2 (t) =

p3 (t) =

p4 (t) =

(28)
s1i (t) =

(29)

s2i (t) =
(30)

s3i (t) =
(31)

where
po (t) = 0.8 [sin(2π10t) + sin(2π15t) + sin(2π18t)]

s4i (t) =
(32)

and R ∼ |N (0, 1)| to simulate the uncertainties in the signals
with t ∈ [0, 1]. x represents the greatest integer function
which gives the largest integer less than or equal to x. As it can
be seen from the definitions of the templates and the signals,
they depict real-world signals quite well. These templates and
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po (t) + sin(2π95t) + sin(2π100t)


+ sin(2π105t) + sin(2π110t),
0.40 ≤ t ≤ 0.60


otherwise
po (t),

p (t) + sin(2π40t) + sin(2π47t)

 o
+ sin(2π50t) + sin(2π55t),
0.56 ≤ t ≤ 0.74


otherwise
po (t),

p
(t)
+
sin(2π80t)
+ sin(2π85t)
o


+ sin(2π87t) + sin(2π90t),
0.16 ≤ t ≤ 0.42


otherwise
po (t),

po (t) + sin(2π138t) + sin(2π143t)


+ sin(2π145t) + sin(2π150t),
0.24 ≤ t ≤ 0.48


otherwise
po (t),

k=6
po (t) + k=1 sin (2π250Rt),





0.04 + 20R
≤ t ≤ 0.10 + 20R

500

n=4 500


 po (t) + n=1 sin (2π(95 + 15R)t),
20R
0.40 + 20R
500 ≤ t ≤ 0.60 + 500





po (t) + k=6

k=1 sin (2π250Rt),


25R

0.84 + 20R

500 ≤ t ≤ 0.90 + 500

po (t), otherwise


po (t) + k=6

k=1 sin (2π250Rt),




0.04
+ 20R ≤ t ≤ 0.10 + 20R

500

n=4 500


 po (t) + n=1 sin (2π(40 + 15R)t),
20R
0.56 + 20R
500 ≤ t ≤ 0.74 + 500




 po (t) + k=6

k=1 sin (2π250Rt),


25R

0.84
+ 20R

500 ≤ t ≤ 0.90 + 500

po (t), otherwise


po (t) + k=6

k=1 sin (2π250Rt),




0.04
+ 20R ≤ t ≤ 0.10 + 20R

500

n=4 500


 po (t) + n=1 sin (2π(80 + 10R)t),
20R
0.16 + 20R
500 ≤ t ≤ 0.42 + 500



k=6


po (t) + k=1 sin (2π250Rt),



25R

0.84 + 20R

500 ≤ t ≤ 0.90 + 500

po (t), otherwise


po (t) + k=6

k=1 sin (2π250Rt),


20R


0.04 + 20R

500 ≤ t ≤ 0.10 + 500



n=4

 po (t) + n=1 sin(2π (138 + 12R)t),
20R
0.24 + 20R
500 ≤ t ≤ 0.48 + 500



k=6


 po (t) + k=1 sin (2π250Rt),


25R

0.84 + 20R

500 ≤ t ≤ 0.90 + 500

po (t), otherwise

(33)

(34)

(35)

(36)

(37)

(38)

(39)

(40)

where R and t are as defined before and
po (t) = 5 [sin(2π10t) + sin(2π15t) + sin(2π18t)] .

(41)
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depicted in top two graphs of Fig. 4. They have the same lowfrequency content, but the transients that occur in the templates
represent two different phenomena as described by (28) and
(29). The TFRs of the templates are obtained according to
(1), (22), (28), and (29), and their main characteristics may be
summarized by the following equations:

Ω = {(τ, γ) : τ ∈ [0.38, 0.62], γ ∈ [50, 160]Hz}
T p1 (τ, γ) = p11
Ωp12 = {(τ, γ) : τ ∈ [0, 1], γ ∈ [8, 26]Hz}
Fig. 3. Hypothetical dual-template position.

These signals and templates are used in Section IV-D for the
multiple-template case.
B. Single Template
Based on the calculated TFR of p(t) obtained according to
(1), (22), and (26), the template occupies the following bands:
T p(τ, γ) = { Ωp1 = {(τ, γ) : τ ∈ [0.2, 0.6],

γ ∈ [120, 210]Hz}
(42)

such that the region of support Ωp1 includes the band where the
amplitude of TFRs T p(τ, γ) is greater or equal to 1% of its
maximum amplitude. Similarly, the calculated TFR of the
signal T s(τ, γ) occupies the following bands:

Ωs1 = {(τ, γ) : τ ∈ [0.2, 0.6], γ ∈ [120, 210]Hz}
T s(τ, γ) =
Ωs2 = {(τ, γ) : τ ∈ [0, 1], γ ∈ [24, 45]Hz} .
(43)
If general correlation between p(t) and s(t) is performed according to (11), the peak correlation coefficient ρ will be equal
to 0.5345. From the TFRs of the template and the signal, it
can be seen that there is a common term, namely the regions
Ωp1 and Ωs1 . It is expected, based on Theorem 1, that the
SRC would yield a larger correlation coefficient than general
correlation. Therefore, based on time and frequency limits,
the window Wgs (τ, γ) is designed to support the region Ωp1 .
The TFR of the signal T s(τ, γ) is then multiplied by the
window Wgs (τ, γ) to isolate the region of interest T s1 (τ, γ).
The inverse transform of the region s1 (t) is obtained by (9).
Once the template p(t) and the preprocessed signal s1 (t)
are obtained, the correlation process can be carried out using
(11) with the two preprocessed signals. The peak correlation
coefficient is equal to 0.9982.
C. Dual Templates
In the previous section, it has been shown that in the case
of a single template, much improved results are obtained if
the preprocessing of the signal and the template is carried out.
A slightly more complicated situation occurs when the two
templates have some overlaps as shown in Fig. 3. The two
templates p1 (t) and p2 (t) have some similar features in the
time–frequency domain, and these have to be decoupled.
It is assumed that it is desirable to differentiate among two
types of signals that are similar in nature to the templates

(44)

Ω = {(τ, γ) : τ ∈ [0.55, 0.77], γ ∈ [40, 120]Hz}
T p2 (τ, γ) = p21
Ωp22 = {(τ, γ) : τ ∈ [0, 1], γ ∈ [8, 26]Hz}
(45)
where the regions of support include the bands where the
amplitude of TFRs is greater or equal to 1% of its maximum
amplitude.
The time–frequency transformations of these two templates
reveal that the transients have some overlapping time and
frequency bands as shown in the two middle graphs in Fig. 4. In
order to form the mutual exclusive templates p1 (t) and p2 (t),
the shared time–frequency areas are excluded by windowing
and the inverse time–frequency transforms are shown in the
bottom two graphs of Fig. 4.
In order to test the proposed method, 10 000 test signals,
si (t), where i = 1, . . . , 10 000, were constructed according to
(30) and (31); with half of the signals containing the patterns similar to p1 (t) and the other half similar to p2 (t).
Both groups of signals also have the low-frequency content
that is present in the original templates p1 (t) and p2 (t). The
signals that are similar to p1 (t) contain the transients in the
region of Ωp11 and the signals that are similar to p2 (t) contain
the transients in the region of Ωp21 . Also, they contain other
transients outside the bands of the templates which further
increase the degree of difficulty in classification.
Since each of these signals can contain either of the templates, a window function is needed to capture all the variations.
The window Wgd (τ, γ) is designed to support the region Ωgd =
{(τ, γ) : τ ∈ [0.38, 0.77], γ ∈ [40, 160]Hz}. Each TFR is
multiplied by Wgd (τ, γ) and the inverse representations of the
signals si (t) are obtained by using (9).
The correlations are performed by using general correlation
procedure [pj (t) and si (t)] and the SRC procedure [pj (t) and
si (t)], and the results are presented in Table I. These results
represent an average of 10 000 trials.
From Table I, it can be seen clearly that the SRC performs
significantly better than general correlation, especially when ST
and STFT are used. The last column of Table I presents the EP.
It can be concluded that the SRC-based classifier has a very
high accuracy in comparison to the general correlation-based
classifier. The EP for the SRC-based classifier is 0%–2% while
for the conventional classifier is almost 20%.
In order for a pattern recognition scheme to be useful in
practice, it should possess a high degree of sensitivity to the
template, and be robust to slight variations in the signals being
analyzed. The robustness of the proposed scheme is examined by stretching and shrinking the signals at three different
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Fig. 4. Templates and (top) their time-domain representations, (middle) time–frequency domain representations, and (bottom) time domain after processing
for dual case.
TABLE I
COMPARISON OF THE PEAK CORRELATION COEFFICIENT
FOR SRC AND G ENERAL C ORRELATION

TABLE II
ROBUSTNESS OF THE PROPOSED SCHEME
TO E XPANSION AND C OMPRESSION

D. Multiple Templates
In the case of multiple templates, the similar procedure as
for dual-template case has been used. However, the task is to
differentiate among four types of different signals. Again, it has
been assumed that the templates have same low-frequency content but different transient features as defined in (33)–(36). The
TFRs of these templates, obtained according to (1) and (22),
can be summarized by the following equations:

T p1 (τ, γ) =

T p2 (τ, γ) =

percentage points. Table II depicts the results that represent
the average of 10 000 trials based on ST. Also, each trial
represents the mean value of the two operations: expansion and
compression.
The results of the robustness analysis clearly show that slight
variations in the range of 0%–15% would have no significant
effect on the performance of the pattern classifier since the
accuracy remains almost the same, even though the resolution
has decreased by a factor of half. However, for variations
larger than 20%, deterioration in performance begins to occur.
Therefore, the SRC can be considered quite robust.


T p3 (τ, γ) =

Ωp11 = {(τ, γ) : τ ∈ [0.38, 0.62], γ ∈ [70, 150]Hz}
Ωp12 = {(τ, γ) : τ ∈ [0, 1], γ ∈ [8, 26]Hz}
(46)
Ωp21 = {(τ, γ) : τ ∈ [0.55, 0.76], γ ∈ [35, 75]Hz}
Ωp22 = {(τ, γ) : τ ∈ [0, 1], γ ∈ [8, 26]Hz}
(47)
Ωp31 = {(τ, γ) : τ ∈ [0.15, 0.43], γ ∈ [60, 125]Hz}
Ωp32 = {(τ, γ) : τ ∈ [0, 1], γ ∈ [8, 26]Hz}


Ωp41 = {(τ, γ) : τ ∈ [0.23, 0.48],
γ ∈ [110, 210]Hz}
T p4 (τ, γ) =

Ωp42 = {(τ, γ) : τ ∈ [0, 1], γ ∈ [8, 26]Hz} .

(48)
(49)

However, these templates have some overlaps in the
time–frequency domain as illustrated in Fig. 5. To properly
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TABLE IV
HEART-SOUND CLASSIFICATION BY THE SRC

Fig. 5. Hypothetical multiple-template position.
TABLE III
COMPARISON OF THE PEAK CORRELATION COEFFICIENT FOR SRC AND
GENERAL CORRELATION IN MULTIPLE-TEMPLATE CASE

develop the mutually exclusive templates, pi (t), where i =
1, . . . , 4, the shared features have to be removed from each of
the four templates.
As in the case of dual templates, 10 000 test signals, generated according to (37)–(40), are used in simulation and for
the time–frequency preprocessing, ST is selected. The test
signals with equal probability can contain any of the templates.
Table III summarizes the results of the evaluation. The advantage of SRC over the general correlation-based scheme is
rather clear. The SRC not only improves the resolution, but also
significantly reduces the EP. The EP for the SRC is 0%, while
the EP for general correlation is 67.26%.
V. I LLUSTRATIVE E XAMPLE
A. Heart-Sound Classiﬁcation by SRC Scheme
A heart malfunction, known as mitral stenosis, is often
manifested through the heart sound known as the OS. This is a
short sharp sound occurring in early diastole, caused by abrupt
halting in its maximal opening of an abnormal atrioventricular
valve [21], [22]. However, the difficulty, as shown in the top two
graphs of Fig. 6, lies in the fact that the OS sounds very similar
to the third heart sound (S3), which is often present in normal
children or young adults. But, when it is heard in individuals
over the age of 40, it usually reflects cardiac disease characterized by ventricular dilatation, decreased systolic function,
and elevated ventricular diastolic filling pressure [23]–[26]. It
is generally difficult to distinguish these two sounds just by
listening without going through sufficient training [23].
The objective of this study is to apply the proposed technique
to distinguish both conditions through pattern classification.
Thirty two phonocardiograph recordings of actual heart
sounds were obtained from patients at St. Joseph’s Hospital
in Toronto, Canada, during clinical examinations which also
included heart auscultation. Fourteen of the signals were known
to contain the OS, and the remaining 18 signals contained the
third heart sound. The data-acquisition system consists of an
analog recorder/player (Cambridge AVR-I which was specially
designed for heart sounds) and a personal computer fitted with

a 16-bit acquisition board. The heart sounds are sampled at
4000 Hz for 4096 samples (1.024 s in length) [18]. The sampling rate is high enough since the maximum-frequency content
of heart sounds is usually below 600 Hz [23].
For the time–frequency analysis, three different transforms
are used as outlined in Section IV. A Gaussian window with a
length of 256 points is used for the STFT. A Gaussian mother
wavelet is used for the CWT. A Gaussian window is also used
[9] in the calculation of ST. An example of the TFR is shown
in the middle two graphs of Fig. 6, which is the ST of the top
two signals.
For the purpose of easy illustration, one signal from each
group is selected as the template for that group and both
templates are depicted in the top two graphs of Fig. 6. As
shown, most of the energy associated with an OS is concentrated between 50 and 300 Hz, while that of S3 lies between
30 and 150 Hz (shaded regions in Fig. 6). Since there is an
overlap in some frequency ranges between the two signals,
the templates have to be decoupled. Based on the numerical
analysis, it is concluded that the template for the OS pOS (t)
should have frequencies between 120 and 300 Hz and its time
duration should be 50 ms, while the template for the S3 pS3 (t)
should have frequencies between 30 and 70 Hz and its time
duration should be 100 ms. Since the signal being analyzed
could contain either an OS or an S3, the selected frequency
band for the window in (7) is chosen as γ ∈ [30 300]Hz.
For classification between the OS and the S3, the OS is
usually slightly closer to S2 than S3, as observed in Fig. 6 [24].
Once the relevant portions of the signal are extracted from the
recordings, inverse time–frequency transforms, given by (9),
can be used to convert only the relevant portions of the signal
to the time domain to calculate the correlation and to carry out
diagnostic decisions.
B. Results
The performance of the proposed scheme when applied to
heart-sound classification is evaluated by comparing it with the
general correlation, and the results are shown in Table IV. These
results represent the average of thirty trials. A comparison of
the values of these two states shows that the SRC performs
significantly better than the general correlation.
The results in Table IV have also confirmed the speculations
of earlier work [18], [19] that the ST is a superior method for
the time–frequency analysis of the heart sounds to STFT and
CWT. Table IV illustrates the SRC with the ST results in the
peak correlation coefficient. When a match is present, the value
is almost three times greater than that when there is no match.
This ratio is the highest among all time–frequency analysis
techniques considered.
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Time domain, time–frequency domain representations, and the templates.

C. Remarks
1) Based on the results presented in this paper, it is clear that
the proposed scheme is very encouraging. The redundant
representation of a 1-D signal in a 2-D time–frequency
domain can provide an additional degree of freedom
for signal analysis. Even though the proposed technique
is simple in principle and operation, it has significant
implications in pattern recognition and other signal
processing applications. One of the major concerns
for the proposed scheme might be the computational
complexity associated with the forward and backward
time–frequency transforms. However, by the very nature
of selected regions, resulting signal space has been
reduced considerably.
2) Since the intent of this paper is to explore the redundancy in a 2-D representation of a 1-D signal, only a
selected portion of the signal is matched against the
template. However, if the template cannot be represented
(or approximated) in a bandlimited form, the power of
the method could be affected. In practice, however, all
discrete signals and templates are bandlimited (Nyquist
sampling criteria).
3) The two potential limitations of the proposed scheme
are that there should be a priori knowledge about the
phenomenon that is being classified, and in the case of
the multiple templates, the overlapping bands should not
contain significant features of any of the patterns. The
first limitation implies that in order to use the SRC, there
should be enough knowledge about the pattern, so that the
template can be chosen correctly. The second limitation

implies that for the multiple templates, the significant
features of each pattern should not lie in the overlapped
regions, otherwise, the proposed methodology may not
perform satisfactory, but this is true for any pattern
recognition-based technique.
4) It currently takes between 1.05 and 1.25 s as measured
in MATLAB on a PC (1.39-GHz AMD Athlon processor
with 256 MB of RAM) to classify whether a heart beat
contains OS or S3. Therefore, the automated algorithm
for heart-sound classification can be developed based on
the SRC and simultaneous recording of phonocardiograph and ECG. If an ECG signal is recorded simultaneously, it can be used as a trigger signal [22]. The
simultaneous recording of the ECG and the heart sounds
can be very easily done with a SimulScope III from
Cardionics Inc., Webster, TX.
5) The SRC can potentially be applied to many other applications where the classification of short-duration transients is required. These applications come from different
areas ranging from biomedical signals [7], [27], [28] to
analysis of mechanical and electrical signals [29]–[31].

VI. C ONCLUSION
In this paper, a new technique for pattern classification based
on time–frequency decomposition is developed. The correlation
between the observed signal and the template is conducted only
in selected regions of interest in time–frequency domain. Three
time–frequency decomposition techniques have been considered: the STFT, CWT, and ST. To illustrate the performance of
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the technique clearly, both mathematical analysis and numerical
tests on synthetic signals have been carried out. The results have
indicated conclusively that the proposed technique provides a
consistent improvement over the traditional correlation-based
schemes. In particular, it has been shown that the ST leads to the
best overall performance. Furthermore, the proposed technique
has also been applied to classification of two pathological states
of heart patients by analyzing heart sounds. The scheme is
capable of distinguishing the opening snaps from the third heart
sound with an EP of only 6.670%.

Hence
max [|corr (s1 (t), p(t))|] > max [|corr (s(t), p(t))|] .

A PPENDIX II
The proof of Theorem 2 is presented below. Assume that
there are two templates p(t) and p1 (t) with their time–
frequency transforms defined as follows:

A PPENDIX I
The proof of the Theorem 1 is presented in this section. Let
(8) represent the signal s(t) and its composition. Assuming
that s1 (t) is similar to the pattern p(t), and s2 (t) lies in the
frequency and the time bands outside those of the pattern p(t)
 ∞
 ∞













.

(50)
s
(t)p(t)dt
s
(t)p(t)dt
1
2








−∞

−∞

(57)

T p1 (τ, γ)

∀ τ ∈ [τ1 , τ2 ] γ ∈ [γ1 , γ3 ]

(58)

p(t) = p (t) + p (t)
∞ ∞
{T p(τ, γ) − (T p(τ, γ) ∩ T p1 (τ, γ))} W (τ, γ)
−∞ −∞

∞ ∞
× K(τ, γ, t)dτ dγ +

max [|corr (s(t), p(t)) |]


 ∞

∞


s1 (t)p(t + τ )dt +
s2 (t)p(t + τ )dt 


−∞
−∞
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τ 
∞
∞






s(t)2 dt
p(t)2 dt


−∞
−∞

(51)

× W (τ, γ)K(τ, γ, t)dτ dγ.

(59)

Therefore, if z(t) is similar to p1 (t) but different from the p(t),
it can be stated that its time–frequency transform is equal to
T z(τ, γ)

∀ τ ∈ [τ1 , τ2 ]

γ ∈ [γ1 , γ3 ].

(60)

Therefore, the left side of (19) becomes
(52)

where
s(t)2 = s1 (t)2 + 2s1 (t)s2 (t) + s2 (t)2 .

{T p(τ, γ) ∩ T p1 (τ, γ)}

−∞ −∞

The right-hand side of (10) is equal to

(53)

Since




 ∞
 ∞
 ∞
 ∞








 s1 (t)2 dt p(t)2 dt <  s(t)2 dt p(t)2 dt
−∞

∀ τ ∈ [τ1 , τ2 ] γ ∈ [γ2 , γ4 ]

=

max [|corr (s1 (t), p(t)) |]
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 .
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∞

 ∞

s1 (t)2 dt
p(t)2 dt 
 −∞

−∞
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T p(τ, γ)

with γ1 < γ2 < γ3 < γ4 . Using the decomposition presented
earlier in Corollary 2, p(t) can be decomposed into two parts:

The left-hand side of (10) is equal to

−∞

(56)

max [|corr (z(t), p(t))|]
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where
p(t)2 = p (t)2 + 2p (t)p (t) + p (t)2 .

(62)

−∞

(54)
it follows that
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The right-hand side is equal to
max [|corr (z(t), p (t))|]
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SEJDIĆ AND JIANG: SELECTIVE REGIONAL CORRELATION FOR PATTERN RECOGNITION

Keeping in mind the mutual exclusivity of the templates and the
constraint imposed by Corollary 2, it can be concluded that
 ∞
 ∞













  
 (64)
z(t)p
(t
+
τ
)dt
z(t)p
(t
+
τ
)dt








−∞
−∞

 ∞


 {p (t)2 + 2p (t)p (t) + p (t)2 } dt
−∞
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≈  p (t)2 dt.

(65)

−∞

Using (64) and (65), (19) is established
max [|corr (z(t), p(t))|] > max [|corr (z(t), p (t))|] .

(66)
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Mr. Sejdić won prestigious research scholarships
from the Natural Sciences and Engineering Research Council of Canada in
2003 and 2005.
Jin Jiang (S’85–M’87–SM’94) received the B.E.Sc.
degree from Xi’an Jiaotong University, Xi’an, China,
in 1982, and the M.E.Sc. and Ph.D. degrees from
the University of New Brunswick, Fredericton, NB,
Canada, in 1984 and 1989, respectively.
Since 1991, he has been with the University of
Western Ontario, London, ON, Canada, where he
is currently a Professor with the Department of
Electrical and Computer Engineering. He has wide
range of research interests, including fault-tolerant
control of safety-critical systems (aircraft, nuclear
power plants), advanced control of electrical power plants and power systems
(combustion, generation, transmissions, and fuel cells), and advanced signal
processing for diagnosis applications (manufacturing processes and human
hearts). He has published extensively in the above areas including a recent book
on active fault-tolerant control systems.
Dr. Jiang has been an NSERC/UNENE Senior Industrial Research Chair in
the area of control, instrumentation, and electrical systems in nuclear power
plants since 2003.

