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Image Encryption Methods Using Intensity
Transformations in Visual Cryptography

Masakazu Higuchi, Aya Emori, Shuji Kawasaki, Jonah Gamba, Atsushi Koike and Hitomi Murakami

~ Abstract—In a kind of visual cryptography, a secret image restore secret image with high quality. Noar and Shamir
is encoded as other images. Then, we can reconstruct thehave developed the scheme generates share images with not
secret image by using share images produced in secret imageémeaningful random dot pattern [2]. On the other hand, there

encoding process. In the case that share images are binary, theh b | ts f ducti f inaful
secret image is reconstructed by printing the share images onto ave been also many repons tor productions of meaningiu

transparencies and stacking them together without any special binary halftone share images [3]-[6], [10]-{13]. Fu and Au
electronic calculation. Myodo’s method based on error diffusion have dealt with binary or ternary images like text images as
can produce two high quality binary halftone share images from secret image [5], while other many researchers have studied

three input images, that is, two gray-scale images and a gray- ahout natural gray-scale images like photographs as secret
scale secret image, and restore the gray-scale secret image with

high quality by using those share images. The method changesImage [4], [6], [10], [11]. Also, K(?ga and Yamamoto have
intensities of each pixel in input images as a pre-processing in challenged to handle color secret images [3].

order to restore a high quality secret image in term of visual Conventional methods have many problems about the qual-
effects. By improving the intensity transformation in Myodo's ity of share and restored images, and the calculation time, and

method, authors have proposed a method to generate high quality so on. Myodo et al. has applied error diffusion to generating
share images with high speed from which a secret image can ) '

be reconstructed with apparently higher quality than myodo's Pinary halftone share images [6]. Their method can produce
method. In this paper, we review the method and evaluate its high quality share images with high speed from three natural
performance for any input images objectively and subjectively. gray-scale images and restore the secret image with high
Keywords—Visual cryptography, Halftone image, Superimpos- duality by superimposing one share image on the other. The
ing, Intensity transformation, Affine transformation, Histogram  error diffusion is one of techniques to generate the halftone
equalization. image with high quality from a multivalued image [1]. In
generating share images, applying error diffusion makes noise
. INTRODUCTION less noticeable which arise by embedding information of secret

ISUAL cryptography is a kind of cryptography thatimgge_intp share images. Accordingly we obtain natural, i.e.,
V can be decoded directly by the human visual syste?ﬁ)'se is in shade, share images. Myodo's method changes

without any special electronic calculation for decryption. Thtensities of each pixel of input images as a pre-processing in
éger to reconstruct a high quality secret image. By improving

encryption system discussed in this paper takes three images- , 9 M .
as an input and generates two output images which cor e intensity transformation in Myodo’s method, authors have

spond to two of the three input images. The third image goposed a method tp generate hi'gh quality share images with
reconstructed by decoding the two output images. The tfh speed from which a secret image can be reconstructed
output images are called “share images.” When share imadé apparently higher quality than myodo’s method [10]-{13].
are composed of binary pixels, the third image is reconstructedn this paper, we review the method and evaluate its
by superimposing one share image on the other. This operatﬂﬁ{formance for any input images objectively f’:lnd subject|yely.
corresponds to logical product in Boolean algebra. Then S0 we make mention of qualities of share images obtained
can make the reconstruction by printing the two output imagB¥ our method. _ . . .
onto transparencies and stacking them together. The resultind "€ organization of this paper is as follows. Section Il gives
image reconstructed by using the two share images is call@§ Principle of superimposing of binary pixel domains, which
“restored image.” In the case of binary share images, it is alobasis in this k'”,d of visual cryptography. In Section I,
a binary image. The input image corresponding to restor¥§ explain Myodo’s method which is one of conventional
image is called “secret image.” We can consider that sechgethods generates binary halftone share images. In Section 1V,
image is encoded as share images. we review our proposed method and evaluate its performance
The main themes of previous works in this type of Visuéhrough experimental results. Finally, we conclude this paper
cryptography are to generate binary share images andiRg>ection V.
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Fig.1. Superimposing two binary pixels (which is the same as logical prodc ! :
of two pixels in Boolean algebra) Evaluation

Fig. 3. The flowchart of Myodo’s method

Case A Case B
glzg g2=§ /1=% gz=g\

the inequality (1). They ar8/9 and4/9 in Case A and B,

Feom | Tom =0
In the case of normal gray-scale pixel, the intensity of the

pixel obtained by superimposing two pixels is unique. On
the other hand, in the case of binary pixel domain, for the
domain generated by superimposing two ones, the pseudo-
/ intensity depends on arrangements of white and black pixels
in the parental ones. The principle of image encryption in this
paper lie in controlling pseudo-intensities of restored image
1 by changing arrangements of white and black pixels in binary

_ —> share images.
max(0,g,+g,-1) min(g,.g,) Intensity

i i . ) ) ] ) B I11. CONVENTIONAL METHOD
Fig. 2. Superimposing two binary pixel domains and the pseudo-intensities . . .
of binary pixel domains We explain Myodo’s method [6], which is one of con-

ventional methods generates binary halftone share images in
visual cryptography and the basis of our method, in this
intensity of a pixel is0, the pixel is black pixel. On the other section.
hand, if the intensity of a pixel i$, the pixel is white pixel.
Let g1 and g2 be intensities of pixels A and B, respectivelyy The image encryption process
We obtain the pixel C by superimposing pixel A on pixel B.
Let s be the intensity of pixel Cs is g; - go and satisfies the
following inequality [4],

The flowchart of Myodo’s method is shown in Fig. 3.
Myodo’s method takes three gray-scale images, G1, G2 and S,
as input. S is a secret image. This method changes intensities
max(0, g1 + g2 — 1) < s < min(g1, go2). (1) of each pixel in input images by affine transformation as a
. . . . ... _pre-processing in order to reconstruct a high quality secret
In particular, when pixels A and B have binary |ntenS|t|e§|)mage. G1, G2 and S are transformed to images G1’, G2

€., 91 and g, are 0 or .1’ Supernmposing pixels A aqd B and S’ by affine intensity transformation, respectively. Images
is the same as calculating logical product of these pixels |

Boolean algebra (see in Fig. 1). When we take some smal1 and W2 are share images. W1 is produced from G1' by
. ge . 19 ). using error diffusion with high speed and quality. Then, by
domains which consist binary pixels and for each doma;

define pseudo-intensity as the percentage of white pixel bnhnarizing G2’ according to information of W1 and S’ by
In€é pseudo-| sty as P ge white pix Su'sing error diffusion, W2 is generated with high speed and
the domain, the pseudo-intensity of the binary pixel domain

obtained by superimposing two binary pixel domains safisi uality. It means that pixel arrangements of pixel domains
the inequality (1). We illustrate by an example in Fig. 2. W intermediate image of producing W2 change according

fo information of W1 and S’. The image C is the restored

consider3 x 3 square binary pixel domains in Fig. 2. We . . . i
take a pair of two domains that the one has five white pixellrnage obtained by superimposing share images. We evaluate

i.e., the pseudo-intensity of the domain g9(= g¢,), and the quality of C.

the other has six white pixels, i.e., the pseudo-intensity of the . )

domain is6/9(= g»). We also take another pair that have samf@- Intensity transformation

pseudo-intensities, i.eg; andgs, but different arrangement of Myodo’s method is based on the principle of superimposing
white and black pixels (see in Cases A and B). In each cab@ary pixel domains in Section Il. The pseudo-intensities of
the pseudo-intensity of the binary pixel domain obtained tpixel domains in C approximate to the intensities of corre-
superimposing those two domains belongs2®, 5/9] by sponding pixels in S’ by rearranging white and black pixels
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Fig. 5. An example of the results by Myodo’s method (Case A)
1

Intensity

Pixel rearrangement

Fig. 4. The mechanism of Myodo’s method

in share images. However, it may be error if the inequality (
is not satisfied. Therefore, Myodo’s method requires intens
transformations for input images as a pre-processing. In
inequality (1), the length of the range is maximum whgn
and g» are 0.5, respectively. Converging the intensities o
each pixel in G1 and G2 to arourid5, a suitable intensity *
transformation is applied to G1 and G2, i.e.,

gl = 0.45g 4 0.275 (2) Fig. 6. An example of the results by Myodo’s method (Case B)

where g denotes the intensity of a pixel in G1 or G2, and
g’ denotes the intensity obtained by applying the intensiphd lets be the intensity of the pixel in S. Fay; and gs,
transformation to the pixel. By this affine transformationhe inequality (1) is[a, b] wherea and b are two numbers
the range of intensities reduce froff, 1] to [0.275,0.725]. close or equal t®) and 0.5, respectively, becausg and g,
Then, the pseudo-intensities of each pixel domain in imaggg around 0.5 by the affine transformation (2) to G1 and G2,
binarized G1 and G2 converge to around. The intensity of respectively.la, b] is a range with almost maximum length.
a pixel in S is transformed into below45, i.e., Sinces’ € [0, 0.45] by the affine transformation (3}, almost
r_ belongs to[a, b] (see the upper part of Fig. 4). Moreover, by
s’ =0.45s 3) 4 ; ; . :
changing arrangement of white and black pixels in the pixel
where s denotes the intensity of a pixel in S, astidenotes domain in W2, the pixel domain has a pseudo-intensity close
the intensity obtained by applying intensity transformation t s’ is obtained from the pixel domains in W1 and W2 (see
the pixel. the lower part of Fig. 4). Therefore, C is similar to S’.
We explain the mechanism of Myodo’s method in Fig. 4.
There is a small gray square in S. Also there are two small gra
ones in W1 and W2, respectively. W1, W2 and S are sanq:z Example and problem
size. Each of three small gray boxes means a pixel. ThoséVe show an example of results obtained by using Myodo’s
pixels are locating at same positions, respectively. Now weethod in Fig. 5. W1 and W2 are apparently high quality and
take a gray pixel of S and consider two tiny pixel domains ialso C is reconstructed by superimposing W1 and W2 with
W1 and W2 containing two pixels corresponding to the gragpparently high quality in this example.
one of S with respect to location. Let and go be pseudo- We show another example in Fig. 6. W1 and W2 are
intensities of the pixel domains in W1 and W2, respectivelgpparently high quality but the quality of C is poor in this
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b STTTTTTToTT- : transformation to the input image, respectively.
Evaluation 4) Making the affine transformation by
. g 4
Fig. 7. The flowchart of our method g =Dp1g +p2 (4)

where g denotes the intensity of a pixel in the input
. , . ; : .
example. When most of the intensities of pixels in G1 and image, and;’ denotes the intensity obtained by applying

G2 are high values ovel.5, those in G1' and G2’ obtained thellntensny transformaﬂon t(_) the pixel.

by applying the affine transformation (2) to G1 and G2 arfdy @Pplying the affine tra}nsforma,tlon (4) to G1 and G2, the
also high values in the reduced intensity rafige75s,0.725]. ntensities of pixels in G1" and G2’ converge around even
Then, the length of the inequality (L) for the pseudo-intensitidsG1 and G2 are whitish. Hence, for those input images, the
of pixel domains in W1 and W2 is not enough. Moreover, th@equallty_ (1) is satisfied in Fig. 4 and C is reconstructed with
left side of the range is aroun@5. On the other hand, the Nigh quality.

intensities of pixels in S are transformed into below5 by

the affine transformation (3). Therefore, the inequality (1) i§. Histogram equalization

almost not satisfied in Flg 4. This reason is the cause of the|n Myodo's method, the affine transformation (3) is apphed

poor quality of C in Fig. 6. to S. Then, S’ becomes a little bit dark since the intensity of
Hence, Myodo’s method is poor performance for a kind @fach pixel in S is uniformly transformed. Therefore, a low-key
input images. image is generated as restored image by superimposing share
images. So we consider histogram equalization as the way to
IV. PROPOSED METHOD increase the contrast of an image and apply it to S before

In this section, we review our method based on improvin@lﬁne transfqrmation ir? order to obtain restored images with
intensity transformation in Myodo's method [10]-[13] anfPParently higher quality. _
show that the method can produce share images from which 4 '€ histogram equalization is given by the following ex-
secret image can be reconstructed with higher quality in teffieSSI0M J
of visual effects than Myodo’s method. / p(r)dr — p(0)
/_ JO
I 1—p(0)
) o . whereg denotedhe intensity of a pixel in an image, denotes
The flowchart of our meth,od is shown in Fig. 7. We improvg, e intensity obtained by applying the histogram equalization
the intensity part in Myodo’s method. The affine transformag, yhe pixel andy denotes distribution function with respect to
tion tuned its parameters according to input images is appligfl, intensity of a pixel in the image. In general, it is desirable
to G1 and G2. Also we apply the histogram equalization {5t the intensity of each pixel in an image is uniformly-
S before affine transformation with the same parameters jLiibuted betweerd and 1. That is because it makes every
Myodo's method. The other parts except intensity part are th@engity used and the contrast of the image becomes clear.
same as Myodo's method. The histogram equalization is one of ways to realize the thing.
By the histogram equalization, the cumulative distribution
B. Automatic tuning of parameters in affine transformation function of p is straight.

In Section 1ll, Myodo's method is poor performance for
input images G1 and G2 like whitish. In order to solve th®. Examples of comparison of results by Myodo’s and pro-
problem, we make an affine transformation that transform tphesed methods
average of intensities of pixels in input images k6 and  we show examples of results obtained by using Myodo’s
reduce the intensity range. We determine the parameters of ##@| proposed methods in Fig. 8 and Fig. 9. Welset 0.25
affine transformation as follows: and U = 0.75 when calculating the parameters in the affine
1) For each G1 and G2, calculating the average intensttgansformation (4). Image®1,;, W2y andCy; denote two
m of the input image. share images generated by Myodo’s method and restored im-
2) Getting the minimum intensity,,.;, and the maximum age obtained by superimposifigly; and W2y, respectively,
intensity g,,.. Of the input image. and also image$V1p, W2p andCp denote two share images

(®)

A. The proposed image encryption process
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Fig. 10. Sample images used in our experiment

Wi, W2,

W2y from W2p, respectively, in both of Fig. 8 and Fig. 9.
In Myodo’s and our methods, share images are low-contrast
Fig. 8. An example of results by Myodo's and proposed methods (Case &) -e the intensity ranges of G1 and G2 which are materials of
share images are reduced by affine transformatidis.s and
W2ps are gray-like in Fig. 8 and Fig. 9 since the intensities
of pixels in G1 and G2 are transformed into arouhd by

the affine transformation (4)Cy; and Cp are low-key but

Cp is higher-contrast and apparently higher quality tiian

in Fig. 8. Also, Cp is reconstructed with apparently higher
quality thanCy; in Fig. 9.

E. Experimental results

We evaluate the performance of Myodo’s and our method
for any input images objectively and subjectively. We show
sample images used in this experiment in Fig. 10. The exper-
iment procedure is as follow:

Wi, S 7.'W2M 1) We choose three images from 20 sample images as G1,
G2 and S. The triplets of (G1, G2, S) amount6®!0,
note that we distinguish between (G1,G2,=Sja, b, ¢)
and (G1, G2, S¥ (b, a,c).

2) From each triplet, we generate two pairs of
(W1yn, W2y) and (Wlp,W2p) by using both of
Myodo’s and our methods.

3) We produceCy; andCp from each pair of share images,
respectively.

4) We evaluate how the qualities of two restored images

by the way we objectify and look resulting images.

) We also evaluate how the qualities of share images

objectively and subjectively.

Wi, W2,

Fig. 9. An example of results by Myodo’s and proposed methods (Case B) 5

generated by our method and restored image obtained byAs an objective evaluation, we use a block PSNR. Now we
superimposingW1p and W2p, respectively, in Fig. 8 and take images G and W which are the same in &VizeM, where
Fig. 9. It is difficult to distinguishW1y from Wip and N andM denote the width and height, respectively. The block
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. . . . TABLE |
PSNRof G and W is given by the following expression, OBJECTIVE EVALUATIONS OF THE QUALITIES OF RESTORED IMAGES IN

MYODO'S AND OUR METHODS

bPSNR= 10log,,(1 - 1/ER),

ave ave ObJECtvely
9 |'N]\/I/n12] S bPSNRCM bPSNRCp (CNI < CP)

_ o A N2
ER= NM Z (gk - wk) ) (6) Lenna 10.7996 dB | 11.1173 dB 71.05 %
k=1 Girl 16.0162 dB | 20.5998 dB 100.00 %
. 2iersYi . Dicry Wi Woman || 10.2473 dB | 10.0397 dB | 50.88 %
9k = Sseqo 1 Wi = S ieqw 1 Airplane || 7.4565 dB | 6.3010 dB 0.00 %
k k Couple || 17.9733 dB | 17.8251 dB 37.43 %
i » . Mandrill || 10.8206 dB | 10.8654 dB 62.28 %
whereg; an.dwi deGnotethe \l}\r/]tensmes of each plxel in G and Milk-drop || 11,9626 dB | 13.1704 dB 0144 %
w, .respect|vely.,Rk and R}, dgr)otem x m pixels square Parrots || 11.0767 dB | 115528 dB 7515 %
which are locating at same positions in G and W, respectively. Leaf 5.9689 dB | 4.6338 dB 0.00 %
In the case that G is a gray-scale image and W is a binary Sprout 5.4987 dB | 3.9277 dB 0.00 %
image, g, and @, are the average of intensities of pixels Tomato 9.5394 dB | 9.6840 dB 61.99 %
in RS and the pseudo-intensity dt)V, respectively. We set Mt. Fuji 10.4971 dB | 10.7505 dB 69.30 %
m = 4 in our experiment. For all of triplets of (G1, G2, S), we Bridge 14.2126 dB | 16.6565 dB 100.00 %
compute two block PSNRs corresponding to two pdilg { S) Horse 10.9556 dB | 11.4167 dB 80.70 %
and Cp, S), respectively. After that we average each of those Indicator || 13.3875dB | 15.5784 dB 100.00 %
block PSNRs with respect to S, which we name “bPSNR Cups 4.6922dB | 3.0951 dB 0.00 %
. . . 0,
and “bPSNRE*,” respectively. Moreover, we investigate the IeXt; 14'76;6 jg 15'(1]8i5 gg 53?2 ;’
proportion of triplets as the block PSNR of §CS) is higher ext 3.9628 0. 17T o8.19 %

) Tile 10.3203 dB | 9.9868 dB 42.40 %
than it of (Gy, S). Also, we get two block PSNRs corre- .

X . ! Tiger 4.6112dB | 4.1711 dB 27.78 %
sponding to two pairs W1y, G1) and Wlp, G1), which o the tomal of6s10 oot ST
we name “bPSNRyi,,” and “bPSNRw1,,” respectively. | rine tota’ o pafierns 2P
Similarly we obtain two block PSNRs corresponding to two TABLE Il
pairs (W2, G2) and W2p, GZ)_' respectively, and avgrage OBJECTIVE EVALUATIONS OF THE QUALITIES OF SHARE IMAGES IN
each of those block PSNRs with respect to G2, which we MYODO'S AND OUR METHODS

name HPSNR{ys " and “bPSNR{ys ," respectively. The

encryption of secret images does not affect the quality of W1. s

It depends on affine transformations and the performancere 3 g 060 B i [ o050
. . \ enna . . . .

error dlf.'fUS.IOH_. Therefore, we use block PSNRs of (Wl, G G 129969 d8 | 10.7336 4B T19751d8 | 107240 dB

as quality indicators of W2. The results are shown in Table Twoman [ 19.9717 dB | 19.9387 dB 198624 dB | 19.9144 dB

Quiality indicators
bPSNRw1y,| bPSNRwip

bPSNR, | bPSNRGVS

and Table II. Airplane || 16.3673 dB | 12.7882 dB 16.3865 dB 12.7768 dB
As a subjective evaluation, we consider the following four _Couple || 13.1576dB | 83284d8 | 13.1281dB 8.3198 dB

£ visual effects for restored images: Mandrill || 20.0985 dB | 21.4884dB | 20.8519 dB | 21.4025 B

terms o g Milk-drop || 17.8038 dB | 16.2585 dB 17.6381 dB | 16.1945 dB
. Case A thalCp is apparently better tha@y;. Parrofts 18.8770 jB 18.8974 gB 18.7999 gB 18.8150 gB

) Leal 14.1199 dB | 9.7251 dB 14.1371 dB 9.7230 dB

- Case B thaCy is apparently better tha@p. » Sprout 135114 dB | 8.6678 dB 13.5349 dB 8.6573 dB

« Case C that both ofy; and Cp are poor qualities. Tomato || 16.1728 dB | 16.9401 dB | 16.1099 dB | 16.8971 dB

o Case D that both o€),; and Cp are high qualities and [ wmt. Fuiji 18.1699 dB | 19.0304 dB 18.1216 dB | 19.0041 dB
indistinguishable. Bridge 16.1355 dB | 12.5485 dB 16.1111 dB | 12.5428 dB
Horse 18.2099 dB | 18.1497 dB 18.1734 dB | 18.1066 dB

We investigate the proportion of triplets such as Case A or Dindicator || 14.2337 dB | 10.7127 dB 14.2456 dB | 10.6990 dB
For share images, it is difficult to distinguish them in most of _Cups 12.2412dB | 7.2521 dB 12.2379 dB 7.2487 dB
resulting images. So, we consider the following three terms|of T&__|| 11.5065dB | 7.3932dB | 11.4832dB | 7.3980 dB

. Text2 11.3465 dB 6.6463 dB 11.3135 dB 6.6381 dB
VISU3| eﬁeCtS: Tile 21.8169 dB 21.8167 dB 21.6343 dB 21.8030 dB
. Indistinguishable. Tiger 12.0227 dB 7.1145 dB 12.0160 dB 7.1133 dB

o Darkish.

« Whitish.

. . . : .. F.Discussion
Also, we investigate the proportion of triplets as the subjective

evaluation of (G4, Cp) corresponds with the objective one. By Table I, patterns that the block PSNR dfy, S) is
For Case C, it does not always result in the block PSNitgher than it of Cy;, S) are aboub4 percent in6840 triplets

of (Cy, S) being near to it of (€, S) since the restoredof (G1, G2, S) and we see that fo2 kinds of S in20 sample
images are not necessarily similar in this case. So, we excapages,bPSNRZ is higher thanbPSNRE?? and for each
the proportion of triplets as (objective evaluatienCase C) of the 12 images, the block PSNR of ¢ S) is higher than
from this investigation. The results are shown in Table Il anid of (Cy;, S) over58 percent in342 pairs of (G1, G2). By
Table IV. Table lll, patterns that the subjective quality dfy(, Cp)
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TABLE Il

S subjectvely | Objective eval. corresponds wit
(Cm < Cp) CaseA CaseB | CaseD
Lenna 100.00 % 71.05 % | 0.00 % | 0.00 %
Girl 100.00 % | 100.00 % | 0.00 % | 0.00 %
Woman 100.00 % 50.88 % | 0.00 % | 0.00 %
Airplane 100.00 % 0.00 % | 0.00 % | 0.00 %
Couple 100.00 % 37.43 % | 0.00 % | 0.00 %
Mandrill 100.00 % 62.28 % | 0.00 % | 0.00 %
Milk-drop 0.00 % 0.00 % | 0.00 % | 0.00 %
Parrots 100.00 % 75.15 % | 0.00 % | 0.00 %
Leaf 89.47 % 0.00 % | 0.00 % | 0.00 %
Sprout 100.00 % 0.00 % | 0.00 % | 0.00 %
Tomato 98.25 % 9.06 % | 0.00 % | 5.56 %
Mt. Fuiji 0.00 % 0.00 % | 0.00 % | 0.00 %
Bridge 0.00 % 0.00 % | 0.00 % | 0.00 %
Horse 97.37 % 35.96 % | 0.00 % | 0.00 %
Indicator 0.00 % 0.00 % | 0.00 % | 0.00 %
Cups 98.25 % 0.00 % | 0.00 % | 0.00 %
Textl 100.00 % 14.33% | 0.00 % | 6.14 %
Text2 38.89 % 26.61 % | 6.43% | 0.29 %
Tile 100.00 % 42.40 % | 0.00 % | 0.00 %
Tiger 100.00 % 27.78 % | 0.00 % | 0.00 %

For6840 pat. [[  76.11% [ 27.65% | 0.32% | 0.60 % |

TABLE IV

SUBJECTIVE EVALUATION OF THE QUALITIES OF SHARE IMAGES IN
MYODO’S AND OUR METHODS

S [ Myodo's method [ Our method
Lenna Indistinguishable
Girl Darkish | Whitish

Woman Indistinguishable
Airplane Whitish Darkish
Couple Darkish Whitish
Mandrill Indistinguishable
Milk-drop Indistinguishable
Parrots Indistinguishable
Leaf Whitish Darkish
Sprout Whitish Darkish
Tomato Indistinguishable
Mt. Fuji Indistinguishable
Bridge Darkish Whitish
Horse Indistinguishable
Indicator Darkish Whitish
Cups Whitish Darkish
Textl Whitish Darkish
Text2 Darkish Whitish
Tile Indistinguishable
Tiger Whitish [ Darkish

becomeCase A or D are aboui6 percent in6840 triplets
of (G1, G2, S) and we see that fd5 kinds of S in 20
sample images, Case A or D is over ab®at percent in
342 pairs of (G1, G2). For “Milk-drop,” “Mt. Fuji,” “Bridge,”
“Indicator” and “Text2,” in the sample images, the subjective

to appear in restored images. From this result, the qualities of
restored images by subjective evaluation almost depend on the
properties of secret images. Also, subjective evaluation does
not necessarily correspond with objective one. For example,
it means thaiCp is apparently better tha@y; but the block
PSNR of (Gy, S) is higher than it of (g, S), and vice versa.

By Table Il, for 15 kinds of S in 20 sample images,
both of bPSNR{y5  andbPSNRy5, are slightly lower than
their quality indicators, respectively, since W2s contain the
information of W1 and S, i.e., the qualities of them may
be worse than W2s obtained by binarizing G2 normally.
The effect by changing affine transformation in Myodo’s and
our methods is that for “Girl,” “Airplane,” “Couple,” “Leaf,”
“Sprout,” “Bridge,” “Indicator,” “Cups,” “Textl,” “Text2” and
“Tiger,” the objective qualities of the share images by our
method are very lower than them by Myodo’s method, and
appears in the subjective qualities of share images too (see
in Table 1V), note that “Indistinguishable” in Table IV means
that share images are the same and rather high qualities with
respect to appearance in both of Myodo’s and our methods.
For most of triplets of (G1, G2, S), share images have rather
high qualities in term of visual effects in both of Myodo’s
and our methods, except two sample images, “Couple” and
“Cups.” The share images obtained from “Couple” and “Cups”
are poor quality in our and Myodo’s method, respectively.

V. CONCLUSION

In this paper, we reviewed the method developed by us
previously and evaluated its performance for any input images
objectively and subjectively. As a result, we obtained the
following five remarks:

o Myodo’s and our methods have almost the same effi-
ciency with respect to objective evaluation.

o Our method is better than Myodo’s one with respect to
subjective evaluation.

« The qualities of restored images by subjective evaluation
almost depend on the properties of secret images.

o Subjective evaluation does not necessarily correspond
with objective one.

« Share images are rather high qualities in term of visual
effects in both of Myodo’s and our methods. They are
indistinguishable.

The key point is a intensity transformation for input images
in this kind of visual cryptography. In the future works, we
need to study adjusting parameters of affine transformation
to input secret images according to the properties of those
images in order to generate higher quality share images with
higher speed from which a secret image can be reconstructed
with higher quality than our method in this paper. Moreover,
the objective evaluation by block PSNR proposed in this paper
does not corresponds with subjective one, so we need to invent
a new quantitative measurement including a subjective term.
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