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Cepstral Analysis for the Application of
Echo-Based Audio Watermark Detection

Guang Hua, Jonathan Goh, and Vrizlynn, L. L. Thing

Abstract—Cepstral analysis is an important signal processing
procedure for audio watermark detection in echo-based audio
watermarking systems. However, with the use of two common
versions, i.e., complex and real cepstra, this procedure isusually
treated as a very standard routine. This paper starts from noting
inappropriate cepstral analysis from existing works, and provides
rigorous derivations to reveal the advantages of using real
cepstrum than complex cepstrum in echo-based audio watermark
detection. Furthermore, we introduce two alternatives, termed as
real part and imaginary part cepstrum, respectively, basedon
which a joint detection scheme is proposed. This is achievedby
noting that both real part and imaginary part cepstra contain
a full version of the echo kernel coefficients, which can be ap-
propriately combined to obtain a composite cepstrum to further
suppress the interferences. The advantages of the joint detection
scheme over conventional approach using real cepstrum are illus-
trated via both performance analysis and experimental results.
The accuracies of the mathematical approximations for each
version of cepstrum are evaluated by normalized misalignment.
The detection robustness is evaluated using the peak-to-average
power ratio (PAPR). The relationships among echo length, echo
delays, and scaling factor, during watermark detection phase, are
also discussed. Experimental results of watermark detection rate
(DR) are provided to compare the performance of complex, real,
and composite cepstra, respectively.

Index Terms—Audio watermarking, echo-based, cesptral anal-
ysis, echo hiding, echo detection.

I. I NTRODUCTION

Cepstrum has been widely used in applications with decon-
volution and demultiplication procedures [1], [2]. The very
introductory work [1] describes cepstrum using a classical
signal-plus-single-echo model. With the use of cepstrum, the
echo location (with its multiples) can be effectively identified.

This theory was incorporated by the work in [3] to de-
velop a new paradigm of digital audio watermarking technol-
ogy, termed as time domain echo-based audio watermarking.
Although in the framework of audio watermarking, more
complicated signal processing procedures are involved during
watermark embedding, transmission, and detection phases,
the essence of the original echo-based audio watermarking
scheme, i.e., single echo filtering and cepstrum based echo
detection, is very similar to the introductory work on cepstral
analysis. Nonetheless, the predecessors’ works have provided
solid theoretical foundations based on which numerous novel
schemes have been proposed within the recent decades. The
concept of using both positive and negative echo kernels
is provided in [4]. The work in [5] furthers the design by
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introducing forward and backward echo kernels. The break-
through of echo-based audio watermarking appears in [6]
where conventional form of echoes is replaced by a binary
pseudo-noise (PN) sequence. This has added great security in
watermark detection phase where a correlator comes into the
scene. Specifically, only authorized parties with the knowledge
of the PN sequence are able to locate the echoes’ positions
via the correlator. Further developments are seen in [7]–[9].
Noticeably, the work in [8] has proposed the modified pseudo-
noise (MPN) sequence in order to improve the transparency
of echoes while not compromising the robustness in terms of
detection performance. The latest work [9] introduces a dual
channel scheme for improved performance. Time-spread echo-
based audio watermarking has become an important category
of audio watermarking solutions for its good transparency,
robustness, and security. It is also preferable for many audio
engineers and researchers because it is unique for audio data.
This is a significant difference from other existing audio
watermarking paradigms which are mostly borrowed from
other applications such as spread spectrum from communi-
cation theory [10]–[12], and patchwork methods from image
watermarking [13]–[15].

However, it can be seen from existing literature that most
works on echo-based audio watermarking mainly focus on
echo kernel or system design [7]–[9], while little attention
has been paid to the cepstral analysis procedure. This does
not necessarily mean that all problems involved for cepstral
analysis in audio watermarking framework have been well
solved. In contrast, several problems remain unclear. For
example, signal model with multiple echoes (e.g., using PN
or MPN sequence) is in fact quite different from the classical
single echo one in that the condition for first order Taylor
series expansion becomes complicated for multiple echoes.
Note that Taylor series expansion is the core technique to
obtain analytical expressions of cepstra. One of the very few
discussions on multiple echo cepstral analysis is seen in [6],
whose results are commonly cited and used in later works [7]–
[9]. However, there exist several problems with the analysis
in [5]–[7] that call for further research attention:

• The complex cepstra of the echo kernel is individu-
ally analyzed [5]–[7], based on which the authors draw
conclusions on the performance. However this is an
inappropriate approach because the convolution between
echo kernel and host signal indicates that the two terms
are nonlinearly combined, and cepstral analysis on either
term should not be performed without verifying the
impact of the other.
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• The authors in [6] claim that real cepstrum outperforms
complex cepstrum, but the mathematical justification
leads to the opposite conclusion. This is noted from
comparing (10) and (20) in [6].

• The mathematical derivations for real cepstrum is incor-
rect. Instead of calculating absolute values as been de-
fined in real cepstrum, the real part values are mistakenly
used. This can be seen from (16) in [6].

Although the inappropriate result based on (16) in [6] is
very similar to the correctly derived one in this paper (as will
be shown in Section III A), the necessity of a systematic study
is revealed. Therefore, we are motivated to perform rigorous
mathematical derivations and comprehensive evaluations to
benchmark the performance of cepstral analysis, and look into
possible solutions which could outperform conventional solu-
tions. These compose the main focus of this paper. Specifically,
we first clarify the relationship between complex and real
cepstra with rigorous derivations showing the advantage of
real cepstrum over complex cepstrum. Analytical expressions
for real cepstrum as well as a tighter bound for first order
Taylor series approximation are also provided. In addition, we
discuss another two versions of cepstra, namely, the real part
and imaginary part cepstrum respectively, also with analytical
approximations. By noting that a full version of echo kernel
coefficients exists in both real part and imaginary part cepstra,
a joint scheme is proposed as a superior solution to the
conventional real cepstrum in echo-based audio watermark
detection. In the joint scheme, two composite cepstra are
formulated by appropriately combining real part and imaginary
part cepstra, and then used to calculate the correlation function
with the echo kernel coefficients. The first composite cepstrum
yields very similar performance to real cepstra. The second
composite cepstrum is based on the first composite cepstrum,
except that the echo coefficients are coherently enhanced,
while the incoherent interferences from host signal and various
attacks can be suppressed. In this way, the second composite
cepstrum outperforms conventional real cepstrum consistently
for different host signals and attacks. We incorporate a series
of measurement tools to evaluate the performance of different
cepstra. The normalized misalignment is used to evaluate
the approximation accuracy of the analytical expressions.We
use peak-to-average power ratio (PAPR) to characterize the
robustness of each version of cepstrum. Furthermore, the
relationship between echo delay and echo length, and how
these two parameters affect the strength of watermark, are
addressed in this paper. Experimental results for watermark
detection rate (DR) are also presented for illustration.

The paper is organized as follows. Section II briefly intro-
duces the signal model of echo-based watermarking system.
Section III intensively focuses on the analysis of complex and
real cepstra, followed by the discussions on real part and imag-
inary part cepstra. The rationales, procedures, and analysis of
the joint scheme are detailed in Section IV. Comprehensive
performance evaluations and experimental results are provided
in Section V. Section VI concludes the paper.
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Fig. 1. General block diagram for an echo-based audio watermarking system.

II. ECHO-BASED WATERMARKING SYSTEM

DEVELOPMENT

A generic block diagram of an audio watermarking system
is depicted in Fig. 1. Generally, the system consists of mega
blocks for embedding, attacking, and detection phases. The
attributes below the blocks specify a time-spread echo-based
audio watermarking system, and the attributes above the blocks
show possible users that participate in each phase. During
embedding phase, multiple echoes are added into each frame
of the host signal, hence “time-spread” is used to describe such
a signal processing procedure. Usually, the most important
works to create an echo-based audio watermarking system are
in terms of echo kernel and detection method design. The
system embeds the watermarks via the convolution between
echo kernelh(n) and host audio signal segmentx(n), i.e.,

y(n) = h(n) ∗ x(n). (1)

The echo kernel, represented in a general form, is given by

h(n) = δ(n) + αw(n− d), (2)

where δ(n) is the Dirac delta function to ensure that a
complete version of host signalx(n) exists in the watermarked
signal after convolution,α is a scaling factor,d is echo delay
sample, andw(n), of lengthL, consists of the echo coeffi-
cients. Note that in the original works with single echo in [2]
and [3],w(n− d) = δ(n− d), i.e., the echo is simply another
delta function. The state-of-the-art watermark bit modulation
is achieved via two echo kernels which only differ from echo
delay samples [6]–[9]. Without loss of generality, letd0 and
d1 (0 < d0 < d1) denote respectively the delay values of the
two echo kernels, thenh0(n) = δ(n)+αw(n− d0) is used to
embed watermark bit0, while h1(n) = δ(n) +αw(n− d1) is
used for watermark bit1. In the following sections, for clarity,
when we discuss cepstral analysis and associated mathematical
approximations, the general symbold is used, while when we
consider system implementations and evaluations for water-
mark detection performance,d0 andd1 are used.

Early ideas of incorporating multiple echoes are in terms of
positive and negative [4], or forward and backward [5] echo
kernels. In this way, (2) corresponds to positive forward echo
kernel. Such considerations can improve watermark detection
performance to a certain extent. However, they suffer from
security issues that the watermarks can be easily detected
via cepstral analysis. This problem is solved by the use of
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PN [6], MPN [8], or colored noise [9] sequences forw(n).
A correlator is therefore involved after cepstral analysis. In
particular, authorized parties with the knowledge of the used
sequence can perform correlation between the sequence and
the cepstrum, and detect the existence of the echo kernel and
hence the watermarks.

It can be seen from existing works that most research efforts
have been devoted to the design ofw(n) as described above.
In this paper, we focus on the cepstral analysis part, which
has been paid little attention to in echo-based watermarking
systems. We start from rectifying the inappropriate derivations
for complex cepstrum in [5]–[7], followed by introducing
the real part and imaginary part cepstra, the join watermark
detection scheme, and extensive evaluations.

III. C EPSTRAL ANALYSIS FOR ECHO DETECTION

A. The Complex and Real Cepstrum

Let F{·} denote Fourier transform, then we have the
discrete-time Fourier transform (DTFT) pairsY (ω) =
F [y(n)], H(ω) = F [h(n)], and X(ω) = F [x(n)], where
ω is the principal angular frequency evaluated in[−π, π). The
frequency domain representation of the watermark embedding
process (1) is hence given by

Y (ω) =H(ω)X(ω)

= |H(ω)| ejΘH (ω) |X(ω)| ejΘX (ω), (3)

whereΘH(ω) andΘX(ω) are the phase terms. The subsequent
manipulations of the watermarked signal,Y (ω), aims to detect
H(ω) and thus claim the copyright ofx(n). Taking the natural
logarithm of (3), we have

lnY (ω) = ln |H(ω)|+ ln |X(ω)|
+ j {[ΘH(ω) + ΘX(ω)] mod 2π} . (4)

Note that the imaginary part in (3) indicates that the logarithm
of a complex number can take multiple values, which directly
affects the calculation of the following inverse DTFT and
subsequent results. Hence the phase term should be evaluated
in principal value in order to make it equal to the left hand side
in (4). However, this is usually neglected in existing works
[5]–[7]. The problem arising from the phase evaluation is
indeed a non-trivial phenomenon, because it is irreversible,
i.e., the phase information ofH(ω) is partially lost by taking
natural logarithm ofY (ω). LetF−1{·} denote inverse Fourier
transform, then the complex cepstrum ofy(n), denoted as
cY (n), is given by

cY (n) =F−1 [lnY (ω)]

=F−1 [ln |H(ω)|] + F−1 [ln |X(ω)|]
+ F−1 {j {[ΘH(ω) + ΘX(ω)] mod 2π}} . (5)

We can further easily verify that the modulo operation yields

cY (n) 6= cH(n) + cX(n), (6)

wherecH(n) = F−1 [lnH(ω)] and cX(n) = F−1 [lnX(ω)]
are respectively the complex cepstrum ofh(n) and x(n). It
is indicated from (6) thatcH(n) does not explicitly exist in
cY (n), and this is opposite to [5]–[7] which claim the equality

of (6) holds. Thus, individual analysis ofcH(n), equivalently
lnH(ω), provides little insight on the analysis ofcY (n), and
it leads us to inappropriate theoretical results (e.g., (10) in [5]
and (9) in [6]).

The above problem indirectly reveals the reason why real
cepstrum is used in most applications. In order to remove
the interference from the phase term, real cepstrum differsin
that the absolute value of (3) is obtained before taking natural
logarithm, i.e.,

ln |Y (ω)| = ln |H(ω)|+ ln |X(ω)| , (7)

and

c|Y |(n) = c|H|(n) + c|X|(n), (8)

wherec|Y |(n) = F−1 [ln |Y (ω)|], c|H|(n) = F−1 [ln |H(ω)|],
and c|X|(n) = F−1 [ln |X(ω)|] are the real cepstrum of
y(n), h(n), andx(n), respectively. Immediately, the difference
between complex and real cepstra can be observed by noting
from (5) that

cY (n) = c|Y |(n) + F−1 {j {[ΘH(ω) + ΘX(ω)] mod 2π}} ,
(9)

where the phase term is considered as extra interference in
watermark detection process. Also note that instead ofcH(n),
c|H|(n) exists in bothcY (n) andc|Y |(n), and hence should be
individually analyzed for detection purpose. We first present
existing result onlnH(ω) and then discussln |H(ω)|. The
natural logarithm ofH(ω) is given by

lnH(ω) = ln

{

d+L−1
∑

n=0

[δ(n) + αw(n − d)] e−jωn

}

= ln

[

1 + α

L−1
∑

n=0

w(n)e−jω(n+d)

]

= ln
[

1 + αW (ω)e−jωd
]

, (10)

where W (ω) = F [w(n)]. In [6], the condition for (10)
to be further expanded using Taylor series is given by∀ω,
∣

∣αW (ω)e−jωd
∣

∣ < 1, yielding

0 < α <
1

max |W (ω)| . (11)

Hence, the approximation using first order Taylor series gives

lnH(ω) ≈αW (ω)e−jωd = αF [w(n− d)] , (12)

cH(n) =F−1 [lnH(ω)] ≈ αw(n − d). (13)

However, (13) should not be used to analyze (5) and (8),
becausecH(n) does not exist in the expressions. We therefore
give a more rigorous derivation for cepstrum based correlation
detector in terms of usingln |H(ω)|. For convenience, take the
power cepstrum [1]

ln |Y (ω)|2 = ln |H(ω)|2 + ln |X(ω)|2, (14)
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evaluating the corresponding filter term, we have

ln |H(ω)|2 = ln
{[

1 + αW (ω)e−jωd
] [

1 + αW ∗(ω)ejωd
]}

= ln
{

1 + 2αℜ
[

W (ω)e−jωd
]

+ α2|W (ω)|2
}

(15)

≤ ln
[

1 + 2α |W (ω)|+ α2|W (ω)|2
]

(16)

= ln (1 + α |W (ω)|)2 , (17)

where the inequality (16) is obtained by using

ℜ
[

W (ω)e−jωd
]

≤
∣

∣ℜ
[

W (ω)e−jωd
]∣

∣ ≤ |W (ω)| . (18)

The equality holds only if∀ω, ℑ
[

W (ω)e−jωd
]

= 0, and
ℜ
[

W (ω)e−jωd
]

> 0. Hereℜ{·} andℑ{·} denote real and
imaginary part respectively. Note thatw(n) is a real sequence,
thus the even and odd part, denoted aswev(n) and wod(n),
respectively correspond to the real and imaginary part of the
DTFT [16], i.e.,

ℜ
[

W (ω)e−jωd
]

=F [wev(n− d)] , (19)

jℑ
[

W (ω)e−jωd
]

=F [wod(n− d)] , (20)

where

wev(n− d) =
[w(n− d) + w(−n− d)]

2
, (21)

wod(n− d) =
[w(n− d)− w(−n− d)]

2
. (22)

It is then indicated that the equality of (16) holds only if
wod(n) = 0, wev(n − d) is a linear phase filter (symmetric),
and the transfer function has all positive values. These arevery
stringent conditions, and we could conclude that the equality
(16) never holds and we have

ln |H(ω)| < ln (1 + α |W (ω)|) . (23)

Moreover, we note that the condition forln (1 + α |W (ω)|) to
be expandable using Taylor series is also (11). It can then be
seen from the inequality (23) that (11) is a looser bound for
the existing termln |H(ω)| as compared to the non-existing
term lnH(ω) in (5) and (8). Supposeα is small enough such
that the squared term (15) is also bounded correspondingly,
then we have

ln |H(ω)| =1

2
ln
{

1 + 2αℜ
[

W (ω)e−jωd
]

+ α2|W (ω)|2
}

≈αℜ
[

W (ω)e−jωd
]

+
α2

2
|W (ω)|2

=α

L−1
∑

n=0

w(n) cosω(n+ d) +
α2

2
F [rww(n)] ,

(24)

and

c|H|(n) ≈
α

2
[w(n − d) + w(−n− d)] +

α2

2
rww(n), (25)

where

rww(n) =

L−1
∑

m=0

w(m)w(m + n) (26)

is the auto-correlation function ofw(m). Therefore, the real
cepstrum (8) can be expressed as

c|Y |(n) ≈
α

2
[w(n− d) + w(−n− d)]+

α2

2
rww(n)+c|X|(n),

(27)
where the interferences whenc|Y |(n) is correlated with
w(n) are the auto-correlationrww(n) and real cepstrum term
c|X|(n) evaluated respectively in the region ofn ≥ 0. The
term c|X|(n) is from the host signal and cannot be controlled,
but a sufficiently smallα is able to eliminate the effect of
rww(n). In addition, the real cepstrum avoids the extra phase
interference in complex cepstrum as reflected from (9). The
final correlation results for both complex and real cepstra
search for the peak value at the delay ofd samples with the
existence of interference terms.

The above discussion indicates that Taylor series expansion
is an effective tool to analyze the natural logarithm of quanti-
ties taking values from the interval(0, 2). In cepstral analysis,
we would prefer to use the first order term for approximation
because the closed-form inverse DTFT can be obtained such
as (13) and (25). This requires the quantities to cluster near
the value of1 in order to minimize the approximation error.
However, it should be noted that (11) does not also guarantee
that the squared term, i.e., (15), can be immediately expanded.
Therefore the condition for expansion of (15), expressed by
(24), is

∣

∣

∣
2αℜ

[

W (ω)e−jωd
]

+ α2|W (ω)|2
∣

∣

∣

<2α |W (ω)|+ α2|W (ω)|2 < 1, (28)

yielding that

0 < α <

√
2− 1

max |W (ω)| , (29)

which is tighter than (11). The approximation using (25)
becomes more accurate if (29) is satisfied andα is closer
to 0. However,α cannot be arbitrarily small because it also
attenuates the echo filter,w(n−d). If α is too small, although
the approximations become highly accurate, the desired peak
value at delay ofd samples would be disturbed byc|X|(n)
which is independent ofα.

B. The Real Part and Imaginary Part Cepstra

In [6], the authors intended to calculateln |H(ω)| but
inappropriately obtainedlnℜ [H(ω)] (see (16) in [6]). The
resultant expression forc|H|(n) coincided with the first term
in the right hand side of (25), but the second term was missing.
Note that the first term is the key component to validate
correlation based detection. Therefore, we are motivated to
investigate more on the real part and imaginary part cepstra
for a comprehensive comparison and the completeness of the
discussions on cepstral analysis. Furthermore, real part and
imaginary cepstra can be used as building blocks to create
a composite cepstrum, and hence establish a joint watermark
detection scheme for improved detection performance over the
use of real cepstrum. This will be intensively investigatedin
Section IV. In this subsection, we discuss the two alternative
cepstra and their mathematical approximations.
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TABLE I
SUMMARY OF CEPSTRA USINGy(n) FOR EXAMPLE

Complex Cepstrum cY (n) = F−1 [lnY (ω)]

Real Cepstrum c|Y |(n) = F−1 [ln |Y (ω)|]

Real Part Cepstrum cℜ(Y )(n) = F−1 {ln |ℜ [Y (ω)]|}

Imaginary Part Cepstrum cℑ(Y )(n) = F−1 {ln |ℑ [Y (ω)]|}

It should be noted thatℜ [H(ω)] andℑ [H(ω)] may have
negative values that cannot take real-valued logarithm, thus for
simplicity, we define the real part and imaginary part cepstra
based on the corresponding absolute values. For clarity, the
four versions of cepstra are summarized in Table I. The terms
ln |ℜ [H(ω)]| and ln |ℑ [H(ω)]| should also not be evaluated
individually because they are nonlinearly related toX(ω). The
rigorous expressions are given by

ln |ℜ [Y (ω)]| = ln |ℜ [H(ω)]ℜ [X(ω)]−ℑ [H(ω)]ℑ [X(ω)]| ,
and

ln |ℑ [Y (ω)]| = ln |ℜ [H(ω)]ℑ [X(ω)] + ℑ [H(ω)]ℜ [X(ω)]| ,
respectively. Using (10), we can expressln |ℜ [Y (ω)]| in a con-
venient form followed by first order Taylor series approxima-
tion as shown in (I). Similarly,ln |ℑ [Y (ω)]| is approximated
as (II). Taking the inverse DTFT and making use of (19)-(22),
the real part and imaginary part cepstra are then approximated
by (V) and (VI) respectively. The complex, real, real part, and
imaginary part cepstra are expressed as (III), (IV), (V), and
(VI) respectively.

However, the approximation (V) is valid only if the host
signalx(n) is a pure even function, while the approximation
(VI) is valid only if the host signal is a pure odd function.
Theoretically, whenx(n) is either an even or odd function, one
can obtain the explicit connection between real cepstrum and
real part and imaginary part cepstra, respectively. Specifically,
if x(n) approaches an even function, then we have

c|X|(n) = F−1 {ln |ℜ [X(ω)] + jℑ [X(ω)]|}
≈ F−1 {ln |ℜ [X(ω)]|}
= cℜ(X)(n), (30)

which further indicates (comparing (IV) and (V))

c|Y |(n) ≈ cℜ(Y )(n) +
α2

2
rww(n), ∀n, xod(n)→ 0. (31)

Similarly, we can also obtain the following

c|Y |(n) ≈ cℑ(Y )(n) +
α2

2
rww(n), ∀n, xev(n)→ 0. (32)

Note that the property ofα2/2 · rww(n) is well conditioned
via the use of random sequence [6]–[9] forw(n), whose auto-
correlation represents a single sharp peak atn = 0 and very
low sidelobes elsewhere. With further attenuation byα2/2, the
interference caused byα2/2 · rww(n) would scatter near the
region wheren → 0 with small values, hence the expected
peak values of echo positions (usually much further from
the origin) are not affected. Therefore, it is indicated that
real part and imaginary part cepstra would have very similar
correlation results to that obtained via real cepstrum. This will
be supported by experimental results in Section V-A.

ln |ℜ [Y (ω)]| = ln |ℜ [H(ω)]ℜ [X(ω)]−ℑ [H(ω)]ℑ [X(ω)]|
= ln

∣

∣ℜ [X(ω)] + αℜ [X(ω)]ℜ
[

W (ω)e−jωd
]

− αℑ [X(ω)]ℑ
[

W (ω)e−jωd
]∣

∣

= ln

∣

∣

∣

∣

{

1 + α

[

ℜ
[(

W (ω)e−jωd
)]

− ℑ [X(ω)]

ℜ [X(ω)]
ℑ
[

W (ω)e−jωd
]

]}

ℜ [X(ω)]

∣

∣

∣

∣

= ln

∣

∣

∣

∣

1 + α

[

ℜ
[

W (ω)e−jωd
]

− ℑ [X(ω)]

ℜ [X(ω)]
ℑ
[

W (ω)e−jωd
]

]
∣

∣

∣

∣

+ ln |ℜ [X(ω)]|

≈ αℜ
[

W (ω)e−jωd
]

− αℑ [X(ω)]

ℜ [X(ω)]
ℑ
[

W (ω)e−jωd
]

+ ln |ℜ [X(ω)]| (I)

ln |ℑ [Y (ω)]| = ln

∣

∣

∣

∣

1 + α

[

ℜ
[

W (ω)e−jωd
]

+
ℜ [X(ω)]

ℑ [X(ω)]
ℑ
[

W (ω)e−jωd
]

]∣

∣

∣

∣

+ ln |ℑ [X(ω)]|

≈ αℜ
[

W (ω)e−jωd
]

+
αℜ [X(ω)]

ℑ [X(ω)]
ℑ
[

W (ω)e−jωd
]

+ ln |ℑ [X(ω)]| (II)

cY (n) ≈
α

2
[w(n− d) + w(−n− d)] +

α2

2
rww(n) + c|X|(n) + F−1 {j {[ΘH(ω) + ΘX(ω)] mod 2π}} (III)

c|Y |(n) ≈
α

2
[w(n− d) + w(−n− d)] +

α2

2
rww(n) + c|X|(n) (IV)

cℜ(Y )(n) ≈
α

2
[w(n− d) + w(−n− d)] + cℜ(X)(n)− αjF−1

[ℑ [X(ω)]

ℜ [X(ω)]

]

∗ wod(n− d) (V)

cℑ(Y )(n) ≈
α

2
[w(n− d)− w(−n− d)] + cℑ(X)(n) + αjF−1

[ℜ [X(ω)]

ℑ [X(ω)]

]

∗ wod(n− d) (VI)
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Fig. 2. Stationary signalx(n) and the four cepstra ofy(n) obtained by
filtering x(n) with echo kernel, whereL = 32, d = 44, andα = 0.1.

Generally, audio signals are evaluated frame by frame, and
within a single frame, the signalx(n) is considered to be
stationary. In this way,x(n) always has mixed even and
odd components. Therefore the approximations (V) and (VI)
are generally inaccurate. In fact, it is very difficult to derive
rigorous approximations for these two cepstra without the
conditions on symmetry ofx(n). However, this problem only
indicates the need for better approximations, and it does not
mean that the real part and imaginary part cepstra are not
effective in watermark detection for non-symmetric signals,
as will be closely analyzed in Section IV.

IV. JOINT WATERMARK DETECTION SCHEME

A. Individual Performance

The mathematical approximations of real part and imaginary
part cepstra, i.e., (V) and (VI), are inapplicable to general
signals due to the requirement ofx(n) being symmetric. Possi-
ble approaches to obtain rigorous and general approximations
should start from discovering different ways to manipulatethe
raw expressions of the cepstra shown in (I) and (II). However,
via extensive experiments, it has been shown that these two
cepstra can also be individually used to detect the echo co-
efficients for arbitrary forms ofx(n), although the theoretical
link still remains as an unsolved mathematical problem. In
this subsection, we individually analyze the performance of
real part and imaginary part cepstrum via several experimental
simulations, and reveal the rationales for the establishment of
a joint detection scheme.

Fig. 2 shows an example of the four cepstra based on
a realization of stationary signalx(n). Note that consistent
results can be obtained by using non-stationary signals. Here,
it is more sufficient to use stationary signal for theoretical
illustrations as well as better visualizations. It is clearly shown
from the top subplot thatx(n) is non-symmetric. However, all
of the resultant cepstra contain the echo coefficientsw(n−d),
which is a shifted version of a PN sequence (45 − 76th
samples) that can be used for successful watermark detection.
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Fig. 3. Examples of composite cepstra associated with the joint scheme
using the real part and imaginary part capstra in Fig.2.

In addition, we observe that the phase interference in complex
cepstrum yields a more “noisy” pattern as compared to the
other cepstra. Among the other three cesptra, real cepstrum
has the smallest interferences across the samples. During
watermark detection, the cross-correlations between the PN
sequence and the cepstra in Fig. 2 need to be calculated.
During this process, the interferences are from i) noise within
the portion of echo coefficients, which potentially attenuates
the desired correlation peak, and ii) noise outside of the portion
of echo coefficients, which may induce unwanted peak values
and cause detection errors. In Fig. 2, real cepstrum is seen to
be the best choice against the interferences. However, due to
the fact that real part and imaginary part cepstra are derived
using respectively the real and imaginary part ofY (ω), and
they respectively contain nearly identical echo coefficients to
the ones in real cepstrum, it is then intuitive and worthy to
investigate whether can we obtain a better detection scheme
by jointly considering real part and imaginary part cepstra. In
the following content, we discuss a joint detection scheme,
which is then proven by extensive experimental results to be
superior to real cepstrum.

B. The Joint Scheme

Based on noting that both real part and imaginary part cep-
stra contain nearly identical the echo coefficients as compared
to real cepstrum, an intuitive design is to simply take the
arithmetic mean of real part and imaginary part cepstra to
obtain the composite cepstrum, which is denoted as

c1(n) =
cℜ(Y )(n) + cℑ(Y )(n)

2
. (33)

Let F [c1(n)] = C1(ω), then the difference betweenc|Y |(n)
and c1(n) can be explicitly expressed using the terms before
taking inverse Fourier transform, i.e.,

2C1(ω) = ln {|ℜ [Y (ω)]|}+ ln {|ℑ [Y (ω)]|}
= ln {|ℜ [Y (ω)]ℑ [Y (ω)]|} , (34)

2 ln {|Y (ω)|} = ln
{
∣

∣ℜ2 [Y (ω)] + ℑ2 [Y (ω)]
∣

∣

}

. (35)
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Interestingly, the difference betweenc|Y |(n) and c1(n) is in
terms of the difference between the geometric mean (34)
and quadratic mean (35) (also known as root mean square).
However, in terms of the effectiveness in watermark detec-
tion, performance difference between real cepstrum and this
composite cepstrum cannot be directly discovered from these
mathematical expressions. In fact, real cepstrum is also a
composite scheme with the use of both real part and imaginary
part cepstra.

Another very important phenomenon observed from Fig.
2 is that both real part and imaginary cepstra resemble the
pattern of real cepstrum, i.e., the local peaks and valleys
of the two cepstra almost correspond to the ones of real
cepstrum. Based on this observation, we can further suppress
the interferences by coherently adding the echo coefficients
while canceling the rest. LetN denote the set of indices that
contain the auto-correlation function of echo coefficients, then,
the second composite cepstrum,c2(n), is obtained by

1) cℑ(Y )(n)← cℑ(Y )(n) · (−1), n ∈ N ,
2) ∀n, c2(n)← cℜ(Y )(n)− cℑ(Y )(n).

Note thatN is known to us because it is jointly determined by
the watermark bits, echo length, and echo locations, which are
all available during detection phase [6]. Realizations ofc1(n)
andc2(n) using the signal in Fig. 2 are provided in Fig. 3 (in
red rectangle), where we can see thatc1(n) is very similar to
c|Y |(n), andc2(n) achieves further interference reduction.

The two composite cepstra proposed in this section can be
considered as examples of ad-hoc designs for joint watermark
detection. Note that a systematic design requires rigorous
approximations of real and imaginary cepstra which can
reveal the corresponding intrinsic properties. Although this
still remains uncertain to us, the use ofc1(n) and c2(n) can
strongly reveal the potential of creating joint schemes superior
to conventional real cepstrum. Experimental results will be
provided in next section for illustrations.

V. EVALUATIONS

In this section, we first evaluate the approximation accuracy
of complex, real, real part, and imaginary part cepstra, i.e.,
(III)-(VI), discussed in Section III. Then we illustrate the
impact of the symmetric property ofx(n) on the real part
and imaginary part cepstra approximations. After that, we
will focus on the performance of watermark detection. The
relationship among the echo lengthL, sample delayd, and the
scaling factorα, are quantitatively studied. We also analyze
the composite cepstra using PAPR measurements. Finally, the
performance among the conventional and composite cepstra is
compared via watermark DRs obtained from practical exper-
iments. To provide more insights, we selected three different
kinds of host signals for experiments. They are Clip 1: wide
sense stationary (WSS) signal with Gaussian distribution,
Clip 2: female vocal music, and Clip 3: orchestral music,
respectively. As we mainly focus on cepstral analysis in this
paper, the standard binary PN sequence is used forw(n) to
evaluate the benchmark performance.
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η 
(d

B
)

 

 

Real Cepstrum
Real Part Cepstrum
Imaginary Part Cepstrum

Fig. 4. Normalized misalignment measurements for the approximations
of real, real part, and imaginary part cepstra using (IV), (V), and (VI)
respectively, whereL = 64 and d = 128. The left and right vertical lines
correspond to the upper bounds in (29) and (11) respectively.

A. Analytical Approximation Accuracy

To evaluate the approximation accuracy, we basically com-
pare the calculated cepstra ofy(n) with the corresponding
approximations as shown in (III)-(VI). For conciseness and
theoretical merits, we only use stationary signal forx(n) in
this subsection. We incorporate the normalized misalignment,
denoted asη, given by

η = 10log10

∑

n

[

c|Y |(n)− ĉ|Y |(n)
]2

∑

n c
2
|Y |(n)

, (36)

to quantify the comparison results, whereĉ|Y |(n) denotes the
approximation ofc|Y |(n). The normalized misalignment is
usually used in adaptive filter design to describe the similarity
between the desired and designed filters [17], and in here, the
smaller theη, the more accurate the approximation.

Note that from (III) and (IV), we observe that the complex
cepstrum has the same approximation as the real cepstrum ex-
cept for the extra phase interference. Hence for clarity, weex-
clude the complex cepstrum in the evaluation of approximation
accuracy. The normalized misalignment curves as functionsof
α for real, real part, and imaginary part cepstra are shown
in Fig. 4, where the left and right vertical lines correspond
to the upper bounds in (29) and (11), with the values0.04
and0.09 respectively. For illustration purpose, the curves for
real part and imaginary part cepstra are generated using the
even and odd parts of the stationary signalx(n) respectively.
We see from this figure that the analytical expressions (V)
and (VI) can well approximate the real part and imaginary
part cepstra given the symmetric conditions, which supports
the theoretical derivations in the previous section. In addition,
the bounds obtained from (11) and (29) for complex and
real cepstra are observed to be also suitable to characterize
the real part and imaginary part cepstra. Generally, choosing
the tighter bound forα yields around5 dB improvement in
approximation accuracy in terms of normalized misalignment.
Note thatα actually takes very small values, which ensures
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Fig. 5. Examples of correlation results based on different host signals and cepstra, whereL = 32, d = 128, andα = 0.1. For all subfigures, the x-axes
are sample shifts evaluated within[0, 200]. The y-axes of each column areΓY (τ), Γ|Y |(τ), Γℜ(Y )(τ), andΓℑ(Y )(τ), based on complex, real, real part,
and imaginary part cepstra respectively. Stationary signal is used forx(n), and the even and odd parts are generated according to (21) and (22). The selected
rectangular portions in{(f), (g)}, and{(j), (l)} illustrate the effects of the term0.5α2rww(n) in (31) and (32) for even and odd signals, respectively.

good approximations but not necessarily guarantees successful
detection in terms of correlation peak.

During watermark detection phase, the correlation process
is given by

Γ|Y |(τ) =
∑

n

c|Y |(n+ τ)w(n), (37)

where we take the real cepstrum as an example, and results
using other versions of cepstra can be obtained in a similar
way. It can be easily verified that a peak is located at
τ = d. Examples showing the correlation results using the
four versions of cepstra under different host signal conditions
are provided in Fig. 5. Several important findings are noted
here. i) In a general case wherex(n) has both even and
odd components (which is practical), all of the four cepstra
have very similar performance in terms of correlation peak
and sidelobe values, and all can be used for watermark
detection. This is seen from the first row in Fig. 5. ii) If
x(n) is an even function, then the imaginary part cepstrum
fails to work, while if x(n) is an odd function, then real part
cepstrum fails to work. This is seen from Fig. 5 (h) and (k)
respectively. The reasons are simply that even functions do
not have imaginary DTFT component and odd functions do
not have real DTFT components. iii) Whenx(n) is even,
the complex cepstrum yields an inversed correlation peak.
This is closely related to the real-valuedX(ω) whose phase

values are binary, i.e.,ΘX(ω) = 0 or π. According to (4),
some of the values ofH(ω) are inversed. In fact, Fig. 5
(e) is obtained by using only the real part of the complex-
valued complex cepstrum, because the randomness of the
binary phase terms violated the symmetric property to achieve
a real-valued inverse Fourier transform. iv) The performance
similarity between real cepstrum and real part and imaginary
part cesptra is illustrated by Fig. 5 (f) and (g) for even signals,
and Fig. 5 (j) and (l) for odd signals. Specifically, the two pairs
of subfigures can verify the correctness of (31) and (32), where
we see from the selected rectangular portions that the effects
of α2/2 · rww(n) are reflected by the different samples within
τ ∈ (0, 32), L = 32, and the rest samples are highly similar
within each pair of subfigures.

Comparing the approximation accuracy in Fig. 4 (previous
subsection) and Fig. 5 in this subsection, we observe that the
bounds onα are actually not strictly used in implementations.
This is because essentially, approximation accuracy and de-
tection robustness are two different issues, and to a certain
extent, they are contradictory: on one hand we would likeα
to be small for better approximation, and this also help to
improve transparency of watermarks; however on the other
hand, smallα makes the watermarks weaker and harder to
be detected. Therefore, the accuracy measurements provided
in the previous subsection are considered as a theoretical



9

0 200 400 600 800 1000
−0.05

0

0.05

c |H
|(n

)

(a) L = 32, d = 128.

100 200 300 400 500 600 700 800 900 1000
−0.05

0

0.05

c |H
|(n

)

(b) L = 64, d = 128.

100 200 300 400 500 600 700 800 900 1000
−0.05

0

0.05

c |H
|(n

)

(c) L = 128, d = 128.

Fig. 6. An illustration of the relationship betweenL andd, whereα = 0.1.

reference to describe how well the approximations are. In
practical implementations given the specified parameters as
shown in Fig. 5,α = 0.1 is used which causes certain
degradation of approximation as can be seen from Fig. 4, but
it gives preferable correlation results as shown in Fig. 5. This
is an empirical balance for this trade-off. Next, we will focus
on practical performance issues, where complex, real, and the
two composite cepstra will be considered for comparison.

B. Relationship among L, d, and α

In this subsection, we discuss the relationship among im-
portant parameters ofL, d, and α. It should be noted that
although being very small, the higher order terms of Taylor
series still exist in the analytical approximations. As illustrated
in [5] and [6], the higher order terms appear at the locations
of multiples of d. At the same time, they contain attenuated
versions ofw(n). Therefore, ifL > d, then the first order
(first terms in (III)-(VI) right hand side) and higher order terms
will overlap in the cepstra. This is illustrated by Fig. 6 where
the real cepstrum is used as an example. It is observed that
the echo size and delay (with its multiples) positions become
indistinguishable whenL and d have comparable values. In
[6], for d at around100 samples,L = 1024 is used to allow a
smallerα for transparency issue. Hence we can foresee that the
cepstra are highly affected by the overlap effects. The reason
why the correlation peak values presented in [6] are not sharp
and easy to distinguish is hence revealed here.

Another issue that is worth of investigation is howL andd
affect the selection ofα. Before we proceed, we first incorpo-
rate the quantitative measurement, i.e., PAPR. In watermark
detection phase, the most important signal components are
from two parts of the cross-correlation function (e.g., (37)
for real cepstrum), i.e., the portions corresponding to auto-
correlation function ofw(n) for watermark bit0 and1, respec-
tively. Therefore, in a realization of the system,d is replaced
by two parameters, i.e.,d0 andd1, and the regions of interest
areN = [d0 − L, d0 + L] for 0, andN = [d1 − L, d1 + L]
for 1, respective. Ideally, we would like the correlation values
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Fig. 7. Values ofα corresponding to maximum PAPR measurements.

within a the region of watermark bit to have sharp-peak low-
sidelobe pattern, while the values corresponding to the other
watermark bit to be small. In this way, the portion with higher
peak value indicates the embedded watermark bit. To quantify
such a desired pattern, we incorporate the PAPR. Without loss
of generality, suppose the watermark bit is0, then we define
PAPR0 and PAPR1 as

PAPRi =
(2L+ 1)max |Γ(d0)|

√
∑

τ Γ
2(τi)

,

τi ∈ [di − L, di + L] ∩ {τ > 0} , (38)

where i ∈ {0, 1}. Note that PAPR is commonly used in
waveform design for communication and radar system [18].
Usually, it is preferred to be close to1 for energy efficiency.
Here we use it the opposite way, i.e., the larger the PAPR is,
the sharper the peak is as compared to the average level of
the correlation function segment. The first problem addressed
here is that for a givenL, how doesd affect the value
of α. We evaluated the maximum values of PAPR0 under
different settings. Specifically, we fixL = 128 and vary the
values ofd0. The values ofα that corresponding to maximum
PAPR0 measurements under100 independent realizations of
w(n) are depicted in Fig. 7. We see from this figure that
the preferable range ofα lies within [0.05, 0.15]. In addition,
the values ofα are slightly increased when we increased0.
Furthermore, a more detailed analysis of PAPR0 and PAPR1
is shown in Fig. 8. The results are also obtained via100
independent realizations, and stationary host signal is used for
illustration purpose. The values ofd0 and d1 are chosen to
avoid the overlap effects. It can be seen that whenL = 32,
the preferred value forα is between0.2 to 0.3 while when
L = 128, the preferred value is around0.1. Generally, ifL
is fixed, increasingd0 indicates bigger overlap effects, and
the empirically obtainedα tends to increase simultaneously to
compensate the overlap effects and achieve maximum PAPR0

values, as can be observed from Fig. 7. On the other hand,
whend0 is fixed, the value ofL will affect the choice ofα.
The reason is well discussed in [6], which essentially lies in
the consideration of imperceptibility of the watermarks. When
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Fig. 8. PAPR0 and PAPR1 values as functions ofα under different parameter settings, where the embedded watermark bit is0 (watermark embedded at
delay ofd0). (a) PAPR0, short echo. (b) PAPR1, short echo. (c) PAPR0, long echo. (d) PAPR1, long echo.
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Fig. 9. The echo kernels and waveforms of audio clips used to obtain DRs,
whered0 = 44, d1 = 132, andL = 32, 128 respectively. The x-axes for
echo kernel and audio signal are sample index and second respectively. The
cases ford1 is not shown since identical PN sequences are used.

L is large,α is preferred to be small to reduce the impact of
the watermark on the original audio data, and vice versa.

C. Joint Schemes and Watermark Detection Rate

More importantly, Fig. 8 reveals several properties of the
two composite cepstra. Note that PAPR0 indicates the system
capability of successful resolving the true peak value atd0
in the correlation process, while PAPR1 indicates whether the
true echo location is secured in such a way that the sidelobes
at possible location (d1) of the other watermark are well

suppressed below the true peak level. In this way, we can see
thatc1(n) is inferior to real cepstrum since it has lower PAPR0

and PAPR1 values simultaneously. However, althoughc2(n)
also has lower PAPR0 values, it gains much improvement in
enhancing PAPR1. Note that the watermark bit is decided to
be 0 if Γ(d0) ≥ Γ(d1), and 1 if Γ(d0) < Γ(d1). Therefore,
the use ofc2(n) can further enlarge the difference between
Γ(d0) andΓ(d1) and hence become more robust in watermark
detection. The above analysis will be supported by extensive
experimental results in the following content, where we study
the DRs using both conventional and composite cepstra.

We implement a full cycle of signal processing procedures
for a time-spread echo-based audio watermarking system. The
benchmark system [6] is implemented so that we could focus
on the detection performance. Fig. 9 shows the echo kernels
and audio signals used for experiments. The host signal is
first segmented into non-overlapping frames with frame size
of 8820 samples under44100 Hz sampling frequency. This
indicates a processing unit of0.2 second. The following
attacks are selected for performance comparison.

• Closed-Loop Attack: No attacks.
• Re-quantization: 16 bit to 8 bit conversion.
• Noise Attack: 20 dB white Gaussian noise (WGN) added.
• Amplitude attack: Amplitudes scaled by1.8.
• MP3 Compression: 128 kbps MP3 compression.

To evaluate system performance, we incorporate the DR
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TABLE II
COMPARISON OF THEDRS (%) BASED ON THE FOUR CEPSTRA UNDER DIFFERENT ATTACKS

Attacks
Complex CepstrumcY (n) Real Cepstrumc|Y |(n) Composite Cepstrumc1(n) Composite Cepstrumc2(n)

Clip 1 Clip 2 Clip 3 Clip 1 Clip 2 Clip 3 Clip 1 Clip 2 Clip 3 Clip 1 Clip 2 Clip 3

L = 32, d1 = 44, d2 = 132, α = 0.1.

Closed-Loop 100 78.7 94.1 100 98.7 100 100 98.7 100 100 100 100

Re-quantization 100 94.7 94.9 100 97.3 100 100 97.3 100 100 100 100

20 dB WGN 100 85.3 89.0 100 98.7 94.9 100 96.0 94.1 100 97.3 98.3

1.8 Amplitude Scaling 100 76.0 94.9 100 97.3 100 100 97.3 100 100 100 100

MP3 (128 kbps) 100 97.3 96.6 100 100 100 100 100 100 100 100 100

L = 128, d1 = 44, d2 = 132, α = 0.1.

Closed-Loop 100 81.4 70.1 100 100 100 100 100 98.7 100 100 100

Re-quantization 100 85.6 85.3 100 100 100 100 100 100 100 100 98.7

20 dB WGN 100 90.1 81.3 100 99.2 97.3 100 97.5 96.0 100 100 98.7

1.8 Amplitude Scaling 100 83.1 69.3 100 100 98.7 100 100 97.3 100 100 100

MP3 (128 kbps) 100 96.6 91.0 100 100 100 100 100 100 100 100 100

defined in the state-of-the-art works [8], [9], i.e.,

DR =

(

1− Number of incorrect watermarks
Number of total watermarks

)

× 100%.

(39)
The DRs based on conventional and composite cepstra

under the above attacks are summarized in Table II. We can
observe from this table that first, the use of real cepstrum yield
consistently better performance results than complex cepstrum.
The advantage of real cepstrum over complex cepstrum has
been verified using both rigorous derivations (III) and (IV)and
experimental examples, and the negative effects of the phase
interference term in (III) are reflected by Table II. Furthermore,
it can be seen from the table that the first composite cepstrum,
c1(n), yields very similar and slightly inferior results as real
cepstrum, which agrees with the analysis provided in Figs.
3 and 8. More importantly, the second composite cepstrum,
c2(n) yields the best performance among all cepstra. It is
then verified that suppressing interferences outside of auto-
correlation region (maximizing PAPR1) is more important than
suppressing the interference inside it (maximizing PAPR0).
The advantages of usingc2(n) are consistent with the analysis
provided in Fig. 8. Comparing the results forL = 32 and
L = 128 in Table II, we see that the DRs can be improved by
increasingL while the other parameters are fixed. However,
for d1 = 44 and d2 = 132, L = 32 is still a reasonable
choice for better watermark imperceptibility, and the DRs
are only marginally compromised. This is especially true for
the case of using the second composite cepstrum, as we can
see that consistent near perfect DRs are obtained for both
L = 32 and 128. In addition, a setup withL < d0 can also
avoid the overlap effects as discussed in Section V-B. In fact,
the advantage incurred from largerL is compensated by the
overlap effects. According to this phenomenon, it is justified
that increasing the length of echo coefficients actually does not
necessarily ensure efficient performance improvement. This is
usually neglected in existing works [6]–[9].

To further illustrate the performance similarity between real
cepstrum and the first composite cepstrumc1(n), and the
advantages of the second composite cepstrumc2(n) over the
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Fig. 10. Comparison of the DRs under different levels of noise attacks.

other alternatives, the DRs under different levels of WGN
are presented in Fig. 10, where Clip 3 and echo kernels
with L = 128 (both shown in Fig. 9) are used to generate
the results. The DR curves are obtained by averaging100
random realizations of each level of noise. Due to the phase
interference, complex cepstrum yields much lower DRs across
different SNR values. We also observe that the second compos-
ite cepstrum consistently yields the best DRs, especially in low
SNR regions. This is because of its capability of suppressing
interferences at the alternative watermark location. In addition,
we have also carried out experiments on DRs for different MP3
compression strengths, and consistent high DRs were obtained
for all solutions (except for complex cepstrum) under64 to
320 kbps compressions. Thus, detailed results for performance
under compression are not provided here. However, we noticed
from our experiments and Table II that MP3 compression
can improve the DRs for complex cepstrum. This indicates
that compression process may attenuate the impact of phase
interference in complex cepstrum.

VI. CONCLUSION

This paper comprehensively investigates cepstral analysis
in the application of echo-based audio watermark detection. It
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starts from noting and rectifying inappropriate derivations in
[5]–[7] with rigorous mathematical approximations to reveal
the advantages of using real cepstrum than complex cepstrum.
After that, two alternative cepstra, termed as the real part
and imaginary part cepstra, are introduced, whose mathemati-
cal approximations under symmetric conditions are provided.
Based on these two cepstra, a joint detection scheme is pro-
posed, which generates two composite cepstra, i.e.,c1(n) and
c2(n), respectively. Comprehensive evaluations are provided
in terms of approximation accuracy and performance measure-
ments during watermark detection phase. Experimental results,
which are consistent with the analysis and evaluations, have
illustrated the performance similarity between real cepstrum
the first composite cepstrum, and the advantages of the second
composite cepstrum over other cepstra.

This paper also reveals two problems that are highly worthy
of further research attention. i) Although the approximations
of the real part and imaginary part cepstra, i.e., (V) and (VI),
require stringent condition of the host signal segment being
symmetric, extensive experiments have shown that these two
cepstra can still be used to perform watermark detection as
indicated in Fig. 2. Hence, it is very likely that there exist
rigorous approximations of these cepstra for general formsof
host signals, and this required in-depth mathematical analysis.
ii) The two composite cepstra proposed in the joint scheme are
intensively based on experimental results and empirical anal-
ysis, hence there remains potentials for further improvements.
This can be approached if rigorous mathematical expressions
of real part and imaginary part cepstra can be obtained, which
enables theoretical clues for more systematic designs.

REFERENCES

[1] D. G. Childers, D.P. Skinner, and R.C. Kemerait, “The cepstrum: A
guide to processing,”Proc. IEEE, vol. 65, no. 10, pp. 1428–1443, Oct.
1977.

[2] A.V. Oppenheim and R. W. Schafer, “From frequency to quefrency: a
history of the cepstrum,”IEEE Signal Process. Mag., vol. 21, no. 5, pp.
95–106, Sep. 2004.

[3] D. Gruhl and W. Bender, “Echo hiding,” inProc. Information Hiding
Workshop, Cambridge, U.K., May/Jun. 1996, pp. 295–315.

[4] H. O. Oh, J. W. Seok, J. W. Hong, and D. H. Youn, “New echo
embedding technique for robust and imperceptible audio watermarking,”
in Proc. IEEE International Conference on Acoustics, Speech, and
Signal Processing (ICASSP), May 2001, pp. 1341–1344.

[5] H. J. Kim and Y. H. Choi, “A novel echo-hiding scheme with backward
and forward kernels,”IEEE Trans. Circuits Syst. Video Technol., vol.
13, no. 8, pp. 885–889, Aug. 2003.

[6] B. S. Ko, R. Nishimura, and Y. Suzuki, “Time-spread echo method for
digital audio watermarking,”IEEE Trans. Multimedia, vol. 7, no. 2, pp.
212–221, Apr. 2005.

[7] T. C. Chen Oscal and W. C. Wu, “Highly robust, secure, and perceptual-
quality echo hiding scheme,”IEEE Trans. Audio, Speech, Language
Process., vol. 16, no. 3, pp. 629–638, Mar. 2008.

[8] Y. Xiang, D. Peng, I. Natgunanathan, and W. Zhou, “Effective
pseudonoise sequence and decoding function for imperceptibility and
robustness enhancement in time-spread echo-based audio watermark-
ing,” IEEE Trans. Multimedia, vol. 13, no. 1, pp. 2–13, Feb. 2011.

[9] Y. Xiang, I. Natgunanathan, D. Peng, W. Zhou, and S. Yu, “Adual-
channel time-spread echo method for audio watermarking,”IEEE Trans.
Inf. Forensics Security, vol. 7, no. 2, pp. 383–392, Apr. 2012.

[10] D. Kirovski and H. S. Malvar, “Spread-spectrum watermarking of audio
signals,” IEEE Trans. Signal Process., vol. 51, no. 4, pp. 1020–1033,
Apr. 2003.

[11] X. Kang, R. Yang, and J. Huang, “Geometric invariant audio water-
marking based on an lcm feature,”IEEE Trans. Multimedia, vol. 13,
no. 2, pp. 181–190, Apr. 2011.

[12] C. M. Pun and X. C. Yuan, “Robust segments detector for de-
synchronization resilient audio watermarking,”IEEE Trans. Audio,
Speech, Language Process., vol. 21, no. 11, pp. 2412–2424, Nov. 2013.

[13] N. K. Kalantari, M. A. Akhaee, S. M. Ahadi, and H. Amindavar, “Robust
multiplicative patchwork method for audio watermarking,”IEEE Trans.
Audio, Speech, Language Process., vol. 17, no. 6, pp. 1133–1141, Aug.
2009.

[14] I. Natgunanathan, Y. Xiang, Y. Rong, W. Zhou, and S. Guo,“Robust
patchwork-based embedding and decoding scheme for digitalaudio
watermarking,” IEEE Trans. Audio, Speech, Language Process., vol.
20, no. 8, pp. 2232–2239, Oct. 2012.

[15] Y. Xiang, I. Natgunanathan, S. Guo, W. Zhou, and S. Naha-
vandi, “Patchwork-based audio watermarking method robustto de-
synchronization attacks,”IEEE/ACM Trans. Audio, Speech, Language
Process., vol. 22, no. 9, pp. 1413–1423, Sep. 2014.

[16] S. K. Mitra, Digital Signal Processing A Computer-Based Approach,
McGraw-Hill, third edition, 2006.

[17] W. H. Khong Andy and P. A. Naylor, “Selective-tap adaptive filtering
with performance analysis for identification of time-varying systems,”
EEE Trans. Audio, Speech, Language Process., vol. 15, no. 5, pp. 1681–
1695, Jul. 2007.

[18] Y.-C. Hung and S.-H. Tsai, “PAPR analysis and mitigation algorithms
for beamforming MIMO OFDM systems,” IEEE Trans. Wireless
Commun., vol. 13, no. 5, pp. 2588–2600, May 2014.


