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Blind Watermark Dete
tion
◮ Embed an imper
eptible yet dete
table additive, bipolarspread-spe
trum sequen
e w in multimedia 
ontent:y = x + αw
◮ x is ve
tor of host signal DWT 
oe�
ients, y is watermarkedsignal, α > 0 determines embedding strength
◮ Problem: dete
t presen
e of w in signal without knowledge ofx (blind dete
tion)
◮ Host signal x a
ts as noise; performan
e of the dete
tordepends on the distribution of the noise
◮ Simple linear 
orrelation is optimal for Gaussian host signal,however, DCT and DWT 
oe�
ients do not obey Gaussian law



Watermarking Domain
◮ Use DWT domain details subband 
oe�
ients for embedding
◮ Per
eptual models available for DWT to 
ontrol embeddingstrength and judge visual distortion
◮ Sele
t 
oe�
ients of a DWT detail subband (eg. HL2) as hostsignal ve
tor x
◮ Assume x is a realization of i.i.d. random variables, formulatestatisti
al model
◮ Derive watermark dete
tors based on statisti
al model



GGD and Cau
hy Host Signal ModelCau
hy distribution PDFp(x |γ, δ) =
1
π

γ

γ2 + (x − δ)2 ,with lo
ation parameter −∞ < δ <∞ andshape parameter γ > 0Generalized Gaussian PDFp(x |b, 
) =

2bΓ(1/
) exp(
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Dete
tion Statisti
sLinear Correlation
ρ(y) =

1N N
∑t=1 y [t]w [t]LRT-GGD [Hernández et al., 2000℄

ρ(y) =
1̂b
̂ N

∑t=1 (

|y [t]|
̂ − |y [t] − α · w [t]|
̂)Rao-GGD [Nikolaidis and Pitas, 2003℄
ρ(y) =

∑Nt=1 sgn(y [t]) · w [t] · |y [t]|
̂
∑Nt=1 |y [t]|2
̂LRT-Cau
hy [Briassouli et al., 2005℄

ρ(y) =
N

∑t=1 log(

γ̂2 + y [t]2
γ̂2 + (y [t] − α · w [t])2)Rao-Cau
hy [Kwitt et al., 2008℄

ρ(y) =

[ N
∑t=1 y [t]w [t]

γ̂2 + y [t]2]2 8γ̂2N



Watermark Dete
tion E�ortNumber of arithmeti
 operations to 
ompute dete
tion statisti
 forsignal of length NDete
tor Operations+,- ×,÷ pow, log abs, sgnLinear Correlation N NLRT-GGD [Hernández et al., 2000℄ 3N 2 2N+1 2NRao-GGD [Nikolaidis and Pitas, 2003℄ 2N 3N+2 N 2NLRT-Cau
hy [Briassouli et al., 2005℄ 4N 5N NRao-Cau
hy [Kwitt et al., 2008℄ 2N 2N+4



Watermark Dete
tion Runtime MeasurementRuntime on Intel Core2 2.66 GHz in se
onds (MATLAB)Dete
tor Signal Length (N)100000 1000000 10000000Linear Correlation 0.001 0.011 0.104LRT-GGD [Hernández et al., 2000℄ 0.053 0.532 5.349Rao-GGD [Nikolaidis and Pitas, 2003℄ 0.038 0.398 3.935LRT-Cau
hy [Briassouli et al., 2005℄ 0.010 0.103 1.029Rao-Cau
hy [Kwitt et al., 2008℄ 0.003 0.035 0.353



Parameter EstimationTo determine the MLEs for the Cau
hy or GGD shape parameter,we have to solve1N N
∑t=1 21 + (x [t]/γ̂)2 − 1 = 0 (Cau
hy)or 1 +
ψ(1/
̂) + log( 
̂N ∑Nt=1 |x [t]|
̂)
̂
−

∑Nt=1 |x [t]|
̂ log(|x [t]|)
∑Nt=1 |x [t]|
̂ = 0 (GGD)numeri
ally. Approximately the same number of iterations arene
essary (Newton-Raphson), however the 
omputation e�ort ismu
h higher for the GGD.



Fast Parameter EstimationFor the Cau
hy parameter, we simply use the iteration starting value
γ̂1 = 0.5(xp − x1−p) tan(π(1− p)),with 0.5 < p < 1 and xp , x1−p denoting the sample quantiles[Krishnamoorthy, 2006℄ with p = 0.75.For the GGD shape parameter, [Krupinski and Pur
zynski, 2006℄propose a pie
ewise approximation of the inversion fun
tion
̂ = F−1 ( E1√E2)based on the mean absolute value E1and varian
e E2 of the dataset.



Fast Parameter Estimation E�ort
Dete
tor Operations+,-,== ×,÷ pow, log abs, sgnFast GGD [Krupinski et al., 2006℄ 3N+1 N+8 N+3 NFast Cau
hy Nlog(N)+3 3 1Note: Cau
hy parameter estimation requires sorting the data.



Parameter Estimation Runtime MeasurementApproximate MATLAB runtime on Intel Core2 2.6 GHz averagedover 10 runsEstimation Signal Length (N)100000 1000000 10000000Fast GGD [Krupinski et al., 2006℄ 0.029 0.291 2.899Fast Cau
hy 0.024 0.281 3.069GGD MLE [Do and Vetterli, 2002℄ 0.139 1.019 10.154GGD Fitting 14.108 141.319 -Cau
hy Fitting 0.422 4.261 -



Runtime Measurements

MATLAB Implementation, Signal Length N = 1000000



Estimation A

ura
y and Impa
t on Dete
tion Performan
eEstimate dete
tion performan
e for 4 sample images as a fun
tionof host model parameter
◮ Performan
e at MLE and fast approx. MLE of host parameter
◮ Optimal performan
e



GGD Host Model
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Cau
hy Host Model
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Dete
tion Performan
e over Larger Image Sets
◮ First 1000 images of UCID [S
haefer and Sti
h, 2004℄512× 384 
olor image database
◮ Compare dete
tion performan
e

◮ Optimal host signal parameter setting
◮ Fixed parameter settings

◮ GGD shape parameter 
:0.8,1.5
◮ Cau
hy γ parameter: 3,8

◮ MLE parameter setting & fast approximation
◮ BOWS-2 512× 512 grays
ale images yield very similar results



LRT-GGD Dete
tor
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Optimal
c=0.8
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Optimal
c=1.5
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MLE
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LRT-Cau
hy Dete
tor
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Optimal
γ=3
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Rao-Cau
hy Dete
tor
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Optimal
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Observations and Con
lusion
◮ Watermark embedding does not signi�
antly alter host signaldistribution, knowledge of original signal distribution does notimprove dete
tion
◮ MLE of signal parameter does not guarantee optimumdete
tion performan
e!
◮ Fast MLE is reasonably a

urate
◮ GGD model is more sensitive to estimation error
◮ For Cau
hy host model, better overestimate γ parameter
◮ Fixed parameters 
an be 
hosen without sa
ri�
ing mu
hdete
tion performan
e
◮ Fixing Cau
hy γ ∼ 8 provides good results
◮ Rao-GGD 
 ∼ 1.1 beats MLE, and 
 = 1 leads to a verysimple dete
tor: ρ(y) = 1N ∑Nt=1 sgn(y [t])w [t]
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