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Abstract
Digital image watermarking has been emerged as a promising solution for
copyright protection and authentication problem of multimedia data. To protect
the copyright and validate the authenticity of digital images. In this paper,
hybrid watermarking scheme for image compressed samples using singular value
thresholding (SVT) in the frequency domain. A reconstruction algorithm used to
recover the approximate image from the compressive samples, where the quality
of the input image is maintained even after compressed images. The key in
reconstruction is the 2D- signal sparsity, which in the case of images translates into
compressibility. In addition to extending for watermark embedding and extraction
of a compressed image using combined methods: singular value decomposition
(SVD) and discrete wavelet transform (DWT). Computational results of the
proposed algorithm show that it maintains satisfactory image quality and digital
image watermark is identified from seriously distorted images.
Keywords : Digital image watermarking, Discrete wavelet transform, Singular
value thresholding.

1.

INTRODUCTION

The vigorous growth of multimedia technique as shown in all aspects. Nowadays, huge
amount of multimedia data is transmitted over communication networks, it demand
large transmission band, storage capabilities, and security for multimedia data [1, 2].
But besides all of these advantages, there are undesired issues image compression and
including the piracy of digital data. Digital image watermark has played an important
role for multimedia data protection [3]. The principal objective of digital watermarking
is to embed data called a watermark (tag, label or digital signal) into a multimedia object
with the aim of broadcast monitoring, access control, copyright protection etc. Many
techniques ranging from conventional methods to computational intelligence-based
techniques have been proposed to deal with the watermark problem without compressed
image.
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In the past few years, a large variety of compression and watermarking techniques have
been proposed. The contrast of image watermark in frequency domain methods [4–6],
the representation of the spatial domain into the frequency domain and then modify its
frequency coefficients to embed the watermark. Recently, digital image watermarking
using SVD in wavelet domain and its variants have been proposed [7,8]. The improving
the performance of watermark scheme have been presented a hybrid-watermarking
method related to DWT-SVD [9], SVD and differential evolution in DCT domain [3].
In the context of image compression, JPEG2000 standard based on the DWT [10]. The
authors [11] introduced two new approaches for image compression and also described
in [12] lossy image compression based on SVD and wavelet difference reduction. This
paper describes digital image watermark based on Haar wavelet function and SVD for
low-rank approximation matrix.
The rest of the paper is organized as follows. Section 2, briefly describes the
mathematical background used in the research. In Section 3, proposed algorithm steps
in detail and Picture quality and similarity parameters in Section 4. Computational
analysis in Section 5. Finally, draws the conclusion describe in last section.
2.

MATHEMATICAL BACKGROUND

This section provides a brief introduction to the techniques used in designing the
proposed algorithm
2.1.

Discrete wavelet transform

Lebesgue spaces are given by:
(
Lp (R) =

)
 p1
< ∞ , p ≥ 1.
|y(t)|p dt

Z

y : R → C kykp =
R

The Hilbert space L2 (R) defined as


Z
2
2
L (R) = f : R → C
|f (t)| dt < ∞ ,
R

with the inner product of f (t) and g(t) as hf (t), g(t)i =

R
R

f (t) g(t) dt.

A sequence of nested subspace of {Vj }, where j ∈ Z of the closed subspaces of L2 (R)
forms a multiresolution analysis(MRA) on R [13].
2.2.

The Haar Function

Haar scaling function defined as
(
1,
φ(t) =
0,

0≤t<1
otherwise.

(1)
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Definition 1. (The Haar Space Vj ) Let φ(t) be the Haar function in (1) and j ∈ Z. We
define
Vj = span{φ(2j t − l)}l∈Z ∩ L2 (R).
(2)
2.3.

Haar Wavelet Function

The Haar wavelet function ψ(t) is given by
ψ(t) = ϕ(2t) − ϕ(2t − 1);

1

 1, 0 ≤ t < 2
ψ(t) = −1, 21 ≤ t < 1


0, otherwise.

(3)

Definition 2. (The Haar Wavelet Space Hj ) Let ψ(t) be the Haar wavelet function in
(3) j ∈ Z. We define
Hj = span{ψ(2j t − l)}l∈Z ∩ L2 (R).

(4)
j

j

Therefore, the sets {φj,l (t) = 2 2 φ(2j t−l) : l ∈ Z} and {ψj,l (t) = 2 2 ψ(2j t−l) : l ∈ Z}
are orthonormal basis for Vj and Hj . Scale j determines dilation or the visibility in
j
frequency and l represents translation, 2 2 controls their amplitude of the signal. The
wavelet subspaces Hj fill the gaps between successive scales:
Vj+1 = Vj ⊕ Hj .
We can start with an approximation on some scale V0 and then use wavelets to fill in
the missing details on finer and finer scales. The finest resolution levels includes all
square-integrable functions
L2 (R) = V0 + ⊕∞
j=0 Hj .
One of the enormous discoveries for wavelet analysis was that perfect reconstruction
filter banks could be formed using the wavelet coefficient sequences for 1D or 2D
signals.
Suppose N is an even positive integer. We define the discrete Haar wavelet transform
(DHWT) matrix as


1 1 0 0 ··· 0 0 


0 0 1 1 · · · 0 0 









.
.
.


.
.
.


.
.
.






W 
1
0 0 0 0 ... 1 1
HN = G = √
(5)
1 −1 0 0 · · · 0 0 
2





0 0 1 −1 · · · 0 0 






..
.. 
.


.


.
.
.




0 0 0 0 . . . 1 −1
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For each decomposition level, it generate the N2 × N block W is called the averages
block and the N2 × N block G is called the detail block and other family of matrices can
be easily obtained using filter coefficients.
The f ilter


1 1
h = (h0 , h1 ) = √ , √ ,
2 2
is called the Haar (low-pass) filter and then we will call

g = (g0 , g1 ) =


1
1
√ , −√ ,
2
2

the Haar wavelet (high pass) filter. Similarly, we can obtain discrete higher order
Daubechies wavelet transformation matrix obtained as [13]. Here, Daubechies wavelets
of order L = 2l, where l is natural number. For l = 1, we get Haar matrix.
The matrix HN is orthogonal and still essentially computes averages and differences.
The benefit, of course, is that we have an easy formula for the inverse:
HN−1 = HNT .
A two-dimensional DHWT of a discrete image I can be performed whenever an even
number of rows (m) and an even number of columns (n). 1-level wavelet transform of
an image I is defined as
I˜ = Hm IH T
(6)
n

I˜ =

 W   W T
I G
G



cA|cH
˜
I=
.
cV |cD

(7)

For each level of decomposition, wavelet coefficients are decimated by a factor two,
which achieves better compression ratio [14]. In Haar wavelet decomposition produces,
approximate wavelet coefficients (cA), horizontal (cH), vertical (cV ) and diagonal (cD)
detail coefficients as in (7). Then block matrix (cA) compressed by SVT method and
other detail coefficients block(s): cH, cV, cD truncated to zero.
Remark 1. When an image I has an odd number of m or n, it can be extended by
appending 0’s so that it has an even number of rows and columns.
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Singular Value Decomposition

Let I ∈ Rm×n . SVD of I is given in the following



P Σ0 QT ,
where Σ = diag(σ1 , · · ·, σn ),





σ1 ≥ σ2 ≥ · · · ≥ σn ≥ 0, if m ≥ n,

I=

 T


P
Σ
0
Q , where Σ = diag(σ1 , · · ·, σm ),




σ1 ≥ σ2 ≥ · · · ≥ σm ≥ 0, if m ≤ n.

(8)

Here P = [p1 , p2 , · · ·, pm ] ∈ Rm×m and Q = [q1 , q2 , · · ·, qn ] ∈ Rn×n are orthogonal.
The columns of P and Q are called left and right singular vectors respectively. The
min(m,n)
non - negative real numbers {σi }i=1
are called singular values. Singular values
are unique, but the singular vectors are not.The number of non-zero singular values is
called the rank of matrix I and denoted by rank(I) [15, 16].
rank(I)

I=

X

σi pi qit .

i=1

Truncated singular value decomposition or approximation of a matrix by lower ranks
(decaying of smaller singular values to zero) has prominent role in lossy image
compression i.e., optimality of matrix I.
2.4.1.

Singular value thresholding

SVT computes the singular values exceeding user defined threshold i.e., pre-determined
to catch the top k singular values of I ∈ Rm×n and associated singular vectors. It can
also be used for top singular value decomposition.
For any k with 1 ≤ k < min(m, n) = rank(I), then define
I˜ =

k
X

σi pi qiT .

(9)

i=1

The advantage of SVT is encompassing both top singular value decomposition
and thresholding (k), handles both large sparse matrices and structured matrices, and
reduces the computation cost in matrix learning algorithms [17]. The approximation of
I i.e., I˜ which can be stored only k(m + n + 1) [11] coefficients to store in computer
memory while in frequency domain k( m2 + n2 + 1). Measure of compression ratio (Cr)
is defined as
size of I
Cr =
.
size ofI˜
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This can be mathematically expressed as

Cr =

m×n
.
(m + n + 1)k

(10)

When Cr > 1, k meets the following in equation

k<

m×n
.
m+n+1

We can achieve effective compression on I ∈ Rm×n with singular value truncation
transform with latter (r − k) values in {σi }1≤i≤min(m,n) that has less impact on
approximate image quality. The reconstruction image quality is determined by value
of k [18].
3.

PROPOSED ALGORITHM

This section is devoted to describing our contribution to the digital image watermark
using compressed samples. The image matrix I ∈ Rm×n transformed to frequency
domain. SVT is to reduce dimension reduction of approximation coefficients (cA) of
matrix dimension m2 × n2 by low-rank approximation using threshold precision k ≤ r
and detail coefficients (cH, cV, cD) are quantize to zero. In reconstruction analysis,
the DHWT inverse is carried out by approximate sub-blocks. In the proposed scheme,
we choose Haar wavelet function is selected as the wavelet function and the embedded
matrix and fix the energy of the watermark to achieve the optimal balance between the
robustness of watermark and invisibility [9].

ALGORITHM:
Input : Digital image I and k (1 ≤ k < min(m, n)).
Output : I˜ ≈ I and Iw .
1. Apply 1- level DHWT to I ∈ Rm×n .
2. We next quantize high frequency components (cH, cV, cD) are quantize to
zero.
3. Low-frequency sub-band (cA) compressed using different threshold precision k
˜ = Pk σi pi qiT .
i.e., cA
i=1

4. Construct I˜ via inverse discrete wavelet transform (IDWT) with smooth coefficients:
˜ and high frequency components (cH,
˜ cV
˜ , cD).
˜
low (cA)
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˜
5. Procedure to follow watermarking for I.
5.1 Embedding process:
˜ to decompose it into four sub-bands cA1, cH1, cV 1
(i). Apply two-level DHWT on (I)
& cD1 (these sub-bands are at 2-level) and are denoted by Ik1 , k1 ∈ {cA1, cH1,
cV 1, cD1}.
(ii). Perform SVD (8) operation on all these sub-bands (i.e., cA1, cH1, cV 1, cD1).
(iii). Apply one-level DHWT on (W ) to decompose it into cAw , cHw , cVw and cDw Eq.(7).
t
(iv). Apply SVD to each sub-band of W , i.e., Wk1 = Uwk1 Swk1 Vwk1
.
(v). Calculate the principal components of W .
P ck1 = Uk1 Sk1 .
(vi). Modify the singular values of diagonal matrices of cA1, cH1, cV 1and cD1 sub-bands
of cover image by adding the principal components of the sub-bands cAw , cHw , cVw
and cDw of the watermark image.
0
Sk1 = Sk1 + αk1 • P ck1 , k1 ∈ {cAw , cHw , cVw , cDw }
where αk1 is a scaling factor matrix, which is different for each sub-band and obtained
from the self-adaptive differential evaluation algorithm. The symbol 0 •0 is the inner
product of the vectors (i.e., element by element multiplication).
˜ cH1,
˜ cV˜ 1andcD1
˜ sub-bands of the second level of cover image
(vii). Obtain the modified cA1,
0
0
t
such that Ik1 = Uk1 Sk1 Vk1 .
(viii) Replace the original sub-bands of the second level of the cover image by modified
sub-bands receptively and apply the IDHWT to get the watermark image Iw .
5.2 Extraction process:
(a) Apply the sub-step (i) of the embedding process on the possibly corrupted
watermark image Iw to decompose it into four sub-bands cA1, cH1, cV 1, cD1
and are denoted by Iwi , k1 ∈ {cA1, cH1, cV 1, cD1}.
(b) Subtract these sub-bands from the corresponding sub-bands of the original image.
Dk1 = Iw − Ik1 .
(c) Compute possibly corrupted principal components P c∗k1 .
t
P c∗k1 = (Uk1
Dk1 Vk ) · αk1 , k1 ∈ {cAw , cHw , cVw , cDw }
where, the symbol 0 · 0 denotes element by element division.
(d) Calculate the corrupted sub-bands of the watermark to be extracted.
∗
Wk1
= P c∗k1 VWt k1 . Finally, apply IDHWT to get the possibly corrupted watermark W ∗ .

4.
4.1.

PICTURE QUALITY AND SIMILARITY MEASURES
Mean square error

The mean square error (MSE) gives the cumulative squared error between the
corrupting noise and the maximum power of the signal. It is denoted as follows,
m

n

1 XX
M SE =
[I(i, j) − Iw (i, j)].
mn i=1 j=1
Where, I is input image and Iw is distorted watermarked image.

(11)
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Peak signal-to-noise ratio

The peak signal-to-noise ratio (PSNR) is used to measure the quality of the watermarked
image. The PSNR is the ratio between the input image I and the watermarked image
Iw . The P SN R is identified using the M SE. It is indicated as follows:


2552
.
(12)
P SN R = 10log10
M SE
4.3.

Normalized correlation

The two-dimensional normalized correlation (NC) between the values W i and W ex
stand for the original and the extracted watermarked images [9].
Pm Pn
i
ex
i=1
j=1 W (i, j)W (i, j)
qP P
N C = qP P
(13)
m
n
m
n
i )2
ex )2
(W
(W
i=1
j=1
i=1
j=1
To verify the presence of the watermark and evaluate the similarity between the original
and extracted watermarks, the correlation coefficient (P) is used as the similarity
measure between the original and extracted watermark image. Mathematically, P is
defined as
Pm Pn
i
ex
i=1
j=1 (W (i, j) − mw )(W (i, j) − mw̄ )
qP P
P = qP P
(14)
m
n
m
n
i (i, j) − m )2
ex (i, j) − m )2
(W
(W
w
w̄
i=1
j=1
i=1
j=1
where, W i is watermarked image, W ex extracted watermark image, mw and mw̄ mean
value of watermark and extracted watermark image.
P is a number that lies in the range [−1, 1]. If the value of P = 1 then the extracted
singular values are exactly equal to the original ones. If it is -1 then the difference is
negative for the largest values, and in this case, the lighter parts of the image become
darker and the darker parts become lighter, i.e., the constructed watermark look like
negative thin film. According to the statistics, the principal range for P is fixed to
be [0, 1]. Therefore, a negative image transform (NIT) is performed on the extracted
watermark wherever P takes negative value, in order to get P in the principal range [19].
5.

COMPUTATIONAL ANALYSIS

This section validates the performance of the proposed watermarking scheme from
compressed samples for the numerous experiments. The proposed scheme tested with
many well-known images some of them considered Lena, zelda, boat of size 512 × 512
are taken as the cover image and cameraman of size 256 × 256 as the watermark images
show in Fig.1.

On the image Watermarking of Compressed Image Samples ...

(a)

(b)

(c)

503

(W i )

Figure 1: The host and watermarked images are (a) zelda, (b) boat, (c) boat, and (W i )
watermarked.
An image is usually enlarged or reduced to fit it into the desired size for a specific
purpose that results in lossy compression using SVT in the frequency domain. The
PSNR and compression ratio of images varied when compression images by reducing
the image rank (k) in the SVT process and results are shown in Fig.2. It illustrates
the visual quality of image measure (PSNR) response of the original image after
compressed using DWT+SVT scheme. Fig.3 indicates compression ratio (Cr) varied k
increases. It is clear that decompression images are human vision perceptually similar to
carrier images, note the threshold in this process was k = 100 for watermark technique
scheme. The Cr were very high (shows in Fig. 3) means better compression.

Figure 2: Compressive sensing method in the form of outcomes shows in graph k
values are plotted on the primary and their corresponding P SN R on the secondary
axis having three different images.
Moreover, digital image I ∈ Rm×n , the embedding process can be accomplished in
compressed images in the current proposed algorithm, we advice to use k = 100 for
compression process. As far as the watermarked image obtained by proposed scheme
results are given in Table 1.
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Figure 3: Test images: a, b, and c results of k vs Cr.
Table 1: Analyze the visual quality and the similarity measure between the original
image and processed image using embedding strength α = 0.01

.

Host
image (512 × 512)
Zelda
Lena
Boat

Proposed watermarking scheme
MSE
PSNR NC P
20.7252 34.9658 1
1
52.4715 30.9316 1
1
100.8987 28.0919 1
1

The P SN R values between the watermarked and their corresponding host images are
34.9658 (Zelda image), 30.9316 (boat image) and 28.0919 (Lena image) respectively.
Fig. 4 shows the similarity of the distorted watermarked and extracted watermark
images with PSNR (12), NC (13) and pearson’s correlation value (14).

(a1)

(b1)

(c1)

(W ex )

Figure 4: The embedded watermarked images are (a1) Zelda, (b1) boat, (c1) boat, and
(W ex ) extracted watermark.
Further, visual comparison between Fig. 1 (a, b, c and W i ) and Fig. 4 (a1, b1,
c1 and W ex ), it can be seen that there is no degradation in visual quality using
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compressive sensing for watermarking method results shown in Table 1. However,
proposed algorithm results expressed as MATLAB R2016a on a personal computer
with i5-2450M CPU @2.50 GHz, 4GB of RAM & 64-bit operating system.
6.

CONCLUSIONS

In this paper, firstly we conducted lossy image compression on the host image matrix
(I ∈ Rm×n ) to get a approximate matrix I˜ when k = 100. We embedding watermark
image to I˜ and extracted from it. By testing the similarity of the watermarked image
and extracted image using parameters NC (13) and P (14), we found that NC=1 and
also P = 1. As this algorithm advantages has influence on the embedding watermark
image into compressed samples of I with less computational complexity. Many
watermark image algorithm has directly influence on the host image (I). Proposed
scheme applicable to the field of big image data (including high-resolution with visual
quality image) information security and less transmission time in this context of rapid
growth of multimedia application over the internet. In addition, to extend proposed idea
implemented for vedio watermark with different wavelet family in future work.
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