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Abstract. In the quantization-based watermarking framework, percep-
tual just noticeable distortion (JND) model has been widely used to
determine the quantization step size to provide a better tradeoff between
fidelity and robustness. However, the perceptual parameters computed
in the embedding procedure and the detecting procedure are different,
as the image has been altered by watermark embedding. In this paper,
we incorporate a new DCT-based perceptual JND model, which not
only shows better consistency with the HVS characteristics compared
to the conventional models, but also can be invariant to the changes
in the watermark framework. Furthermore, an improved spread trans-
form dither modulation (STDM) watermarking scheme based on the new
JND model is proposed. Experimental results show that the proposed
scheme provides powerful resistance against common attacks, especially
in robustness against Gauss noise, amplitude scaling and JPEG com-
pression.
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1 Introduction

Digital watermarking has attracted extensive attention for the multimedia copy-
right protection, data authentication, fingerprinting, multimedia indexing, and
so on. Recently spread transform dither modulation (STDM), proposed by Chen
and Wornell [1], is a representative one owing to its advantages in implementa-
tion and computational flexibility.
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In order to improve the performance of STDM, the perceptual character of
the human visual system (HVS) is widely adopted to obtain the optimal trade-
off between imperceptibility and robustness. As is well known, the improvement
in fidelity can be achieved by adapting the watermark strength according to
Just Noticeable Distortion (JND) model, the maximum distortion that the HVS
can not perceive. Various perceptual STDM watermarking schemes have been
proposed over the years [2–10]. In [2], Watsons perceptual model [3] is initially
introduced within the STDM framework. In their framework, the projection
vectors used in STDM are assigned as the slacks computed by Watsons per-
ceptual model, so as to ensure that more changes are directed to coefficients
with larger perceptual slacks. However, it is not robust enough for valumetric
scaling attackTo further improve the capability of the framework, an improved
algorithm termed as STDM-OptiMW was proposed [4], where the perceptual
model was not only used to determine the projection vector, but also to select
the quantization step size. But this scheme must use lots of DCT coefficients to
embed one bit, which results in a low embedding rate. An improved method [5]
is proposed to compute the quantization steps by adopting the perceptual slacks
from Watsons model and the projection vector. Unfortunately, Watsons JND
model is image-dependent and can rely on adapting to local image properties.
Therefore, the perceptual slacks calculated in the original image and in the
watermarked image are inconsistent. Based on the luminance-effect only part of
Watsons model, X. Li et al. [6]. Proposed a step-projection based scheme that
can ensure the values of quantization step size used in the watermark embedder
and detector are identical while the attacks are absent. But the simple perceptual
model used is not well-correlated with the real visual perception characteristics
of HVS.

In order to obtain an optimal balance between imperceptibility and robust-
ness, we present an improved STDM watermarking scheme based on a novel
luminance-based JND model [7], which is better correlated with the real visual
perception characteristics of HVS and can be directly applied within the STDM
watermarking framework. The rest of this paper is organized as follows. Section 2
provides a brief introduction to STDM. The novel JND model is detailed in
Sect. 3. Section 4 gives proposed STDM framework using the novel JND model.
In Sect. 5, experimental results are provided to demonstrate the superior perfor-
mance of the proposed scheme. Finally, Sect. 6 summarizes the paper.

2 Spread Transform Dither Modulation

As the proposed watermarking algorithm is based on STDM, introduction of
STDM is necessary. STDM applies the Dither Modulation (DM) quantizer to
modify the projection of the host vector along a given direction [1]. It has both
the effectiveness of QIM and the robustness of a spread-spectrum system; thus,
the improvements are significant.

STDM differs from regular QIM in terms of its signal, where the host vector x
is projected onto a randomly generated vector u to get the projection xu firstly.
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Then the resulting scalar value is quantized and added to the components of
the signal that are orthogonal to u. We can obtain the watermarked vector y as
follows:

y = x + (Q (xu,Δ,m, δ) − xu) · u, m ∈ {0, 1}, (1)

and the quantization function Q (·) is expressed as

Q (xu,Δ,m, δ) = Δ · round

(
xu + δ

Δ

)
− δ, m ∈ {0, 1}, (2)

where Δ is the quantization step and δ is the dither signal corresponding to the
message bit m.

In the detecting procedure, the received vector x̃ is projected onto the random
vector u and the message bit m̃ is estimated from the projection given by

m̃ = arg min
b∈{0,1}

|x̃u − Q (x̃u,Δ, b, δ)|, (3)

3 Luminance-Based JND Model for STDM
Watermarking

In the STDM watermarking framework, the error introduced by the watermark
embedding should not exceed the distortion visibility thresholds (slack) s, other-
wise the watermark will become perceptible. Here, a new luminance-based JND
model is employed to calculate the s associated with each DCT coefficient within
the 8×8 block. The sophisticated perceptual JND model not only includes both
contrast sensitivity function (CSF) and the luminance adaptation (LA) effect [7],
but also remains invariant with watermark embedding procedure.

As discussed by M. Kim [7], The luminance adaptation (LA) effect of the
HVS relies not only on the background luminance of an image but also on DCT
frequency. The frequency characteristics are taken into account from the cor-
responding psychophysical experiment results, and consists of two factors: the
base threshold Jbase, and the modulation factor MLA for LA, respectively. The
complete model is expressed as

JND (n, i, j) = s · N · Jbase · MLA, (4)

where the parameter n is the index of a DCT block, and (i, j) is the position
of (i, j) − th DCT coefficient. s is intended to account for summation effect of
individual JND thresholds over a spatial neighborhood for the visual system and
is set to 0.14 [7]. N is the dimension of DCT (8, in this case). The parameters
Jbase and MLA will be detailed later.

3.1 Spatial CSF Effect

HVS has a band-pass property and is more sensitive to the noise injected in
the DCT basis function along the horizontal and vertical directions than the
diagonal direction in spatial frequency. The spatial CSF model describes the
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sensitivity of human vision for each DCT coefficient. The base threshold Jbase

is generated by spatial CSF based on a uniform background image [7] and can
be given by considering the oblique effect [8] as

Jbase (ωi,j , ϕi,j) = (Jd (ωi,j) − Jv (ωi,j)) · sin (ϕi,j)
2 + Jv (ωi,j), (5)

where Jd (ωi,j) and Jv (ωi,j) is empirically found as

{
Jd (ωi,j) = 0.0293 · ωi,j

2 + (−0.1382) · ωi,j + 1.75
Jv (ωi,j) = 0.0238 · ωi,j

2 + (−0.1771) · ωi,j + 1.75,
(6)

where ωi,j is cycle per degree (cpd) in spatial frequency for the (i, j) − th DCT
coefficient and is given by

ω = ω =
√

i2 + j2
/

(2Nθ), (7)

and

θ = tan−1 [1/2 · RV H · H], (8)

where θ indicates the horizontal/vertical length of a pixel in degrees of visual
angle [9], RV H is the ratio of the viewing distance to the screen height, H is the
number of pixels in the screen height, and ϕi,j stands for the direction angle of
the corresponding DCT component, which is expressed as

ϕi,j = sin−1
(
2 · ωi,0 · ω0,j

/
ωi,j

2
)
. (9)

3.2 Luminance Adaptation Effect

The minimally perceptible brightness difference increases as background bright-
ness increases. It means that higher luminance level leads to higher JND val-
ues [9]. Because the proposed JND thresholds were detected at the intensity value
of 128, a modification factor should be included for other intensity values. This
effect is called the luminance adaptation (LA) effect [10], and is a function of
the average pixel intensity. However, The LA factor previously described remains
sensitive to valumetric scaling since the average intensity does not scale linearly
with amplitude scaling, so we needed the average intensity to scale linearly with
valumetric scaling for robustness.

We introduced the pixel intensity to be μp, and it is expressed as

μp =

N−1∑
x=0

N−1∑
y=0

I (x, y)

KN2
· 128

C0
, (10)

where N is the DCT block size, I (x, y) is the pixel intensity at the position (i, j)
of the block, K is the maximum pixel intensity (255, in this case) and the term C0

denotes the mean intensity of the whole image. Thus, the improved average pixel
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intensity scales linearly with amplitude scaling and it is theoretically invariant
to valumetric scaling attacks.

M. Kim [7] performed a psychophysical experiment for JND measurement
with respect to the LA effect in DCT domain, and a novel empirical luminance
adaptation factor MLA that employed both the cycles per degree (cpd) ωi,j

for spatial frequencies and the average intensity value of the block μp can be
formulated as

MLA (ωi,j , μp)

=

{
1 + (M0.1 (ωi,j) − 1)

∣∣∣µp−0.3
0.2

∣∣∣0.8, μp ≤ 0.3

1 + (M0.9 (ωi,j) − 1)
∣∣∣µp−0.3

0.6

∣∣∣0.6, μp > 0.3,
(11)

where the M0.1 (ωi,j) and M0.9 (ωi,j) are empirically set as

M0.1 (ωi,j) = 2.468 × 10−4ωi,j
2 + 4.466 × 10−3ωi,j + 1.14

M0.9 (ωi,j) = 1.230 × 10−3ωi.j
2 + 1.433 × 10−2ωi,j + 1.34.

(12)

4 Proposed JND Model-Based STDM Watermarking
Scheme

We applied the proposed novel JND models to calculate the quantization step
size during STDM-based watermark embedding and detection procedures. As
illustrated in Fig. 1, our proposed scheme consisted of two parts, the embed-
ding procedure and the detection procedure. The embedding procedure of the
proposed scheme can be described as follows:

(1) Divide the image into disjointed 8 × 8 blocks of pixels, and perform DCT
transform to determine the DCT coefficients. Select a part of these coeffi-
cients (from the 4-th to the next L-th zig-zag-scanned DCT coefficients) to
form a single vector, denoted as the host vector x with length L.

(2) As described in Sect. 3, the proposed JND model are used to calculate the
slack vector s.

Fig. 1. Block diagram of proposed spread transform dither modulation (STDM) water-
marking scheme based on Luminance-based JND Model.
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(3) Use the two secret keys, KEYp and KEYd to generate the random projec-
tion u. Project the host vector x and the slack vector s onto to get the u
projections xu and su, respectively. The corresponding quantization step Δ
is then obtained via su, which is multiplied by a factor to adjust for the
embedding strength in practice.

(4) Embedded one bit of the watermark message m into the host projection xu,
according to Eq. (1). Finally, the modified coefficients are transformed to
create the watermarked image.

The watermarked image may sustain certain attacks during transmission.
The received image is used to detect the watermark as follows:

(1) Determine the received host vector x̃ of the disjoint block in step (1) of the
embedding procedure.

(2) Calculate the perceptual slack vector s̃ via the proposed JND model men-
tioned in Sect. 3.

(3) Project the received host vector x̃ and slack vector s̃ onto the project vector
u to get the projection x̃u and s̃u. Note that, the corresponding quantization
step Δ can be obtained via s̃u multiplied by the factor.

(4) Use the STDM detector to extract the watermark message m̃ according to
Eq. (3).

5 Experimental Results and Analysis

To verify the robustness of the proposed JND model guided STDM watermarking
scheme, a serial of tests are conducted to evaluate the performance of the pro-
posed scheme. Furthermore, comparison experiments are performed with the for-
mer proposed STDM improvements, termed as STDM-RW [2], STDM-OptiWM
[10], STDM-AdpWM [5], and STDM-RDMWm [6].
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Fig. 2. BER versus Gaussian noise for different watermarking algorithms.
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Fig. 3. BER versus JPEG compression for different watermarking algorithms.
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Fig. 4. BER versus valumetric scaling factor for different watermarking algorithms.

In these tests, we used various standard images of size 256 × 256 from the
USC-SIPI image database [11], and take the average results. The simulation
results listed in Figs. 2, 3 and 4 demonstrate the better robustness performance
of our proposed schemes.

Figure 2 shows the response to additive white Gaussian noise. The STDM-
OptiWM and STDM-RW performed significantly worse because of the mismatch
problem. Our proposed scheme did not exceed 17% for the Gaussian noise with
variance 1.5 × 10−3 of and outperformed other schemes in the noise-adding
attacks-in particular, 5% lower than STDM-RDMWm scheme.

The sensitivity to JPEG compression is shown in Fig. 3. From the robustness
results, both STDM-OptiWM and STDM-AdpWM have average BER values
5% and 2% higher than the STDM-RW and STDM-RDMWm schemes, which
have similar results. Our proposed scheme, on the other hand, has average BER
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values 4.3% lower than the STDM-RW and 4.7% lower than the STDM-RDMWm
scheme. The superior performance of the proposed scheme is achieved by the
superior robustness properties of our proposed JND model.

As shown in Fig. 4, all the schemes except STDM-RW, do have robustness
to valumetric scaling. STDM-OptiWM and STDM-AdpWM have average BER
values 10% and 2% higher than our proposed scheme due to the mismatch
problem within the watermark embedding. Although the other three algorithms
showed passable robustness to this attack, our proposed scheme had the best
performance.

6 Conclusion

In this paper, a new luminance-based JND model, which gave us a novel way
to take full advantage of the HVS researches and can remain invariant within
the STDM watermarking framework, is employed to design an improved STDM
watermarking scheme. In this way, a better tradeoff between robustness and
fidelity is obtained. Experimental results have demonstrated that the proposed
watermarking scheme was superior to other state-of-the-art methods against
common image processing attacks with a fixed transparency.
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