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Spatio-Temporal Just Noticeable Distortion Profile
for Grey Scale Image/Video in DCT Domain
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Abstract—In image and video processing field, an effective
compression algorithm should remove not only the statistical
redundancy information but also the perceptually insignificant
component from the pictures. Just-noticeable distortion (JND)
profile is an efficient model to represent those perceptual redun-
dancies. Human eyes are usually not sensitive to the distortion
below the JND threshold. In this paper, a DCT based JND model
for monochrome pictures is proposed. This model incorporates
the spatial contrast sensitivity function (CSF), the luminance
adaptation effect, and the contrast masking effect based on block
classification. Gamma correction is also considered to compensate
the original luminance adaptation effect which gives more accu-
rate results. In order to extend the proposed JND profile to video
images, the temporal modulation factor is included by incorpo-
rating the temporal CSF and the eye movement compensation.
Moreover, a psychophysical experiment was designed to param-
eterize the proposed model. Experimental results show that the
proposed model is consistent with the human visual system (HVS).
Compared with the other JND profiles, the proposed model can
tolerate more distortion and has much better perceptual quality.
This model can be easily applied in many related areas, such as
compression, watermarking, error protection, perceptual distor-
tion metric, and so on.

Index Terms—Contrast sensitivity function (CSF), discrete co-
sine transform (DCT), gamma correction, just-noticeable distor-
tion (JND).

I. INTRODUCTION

HE last two decades have witnessed significant progress
T in image and video processing techniques, by which
digital images are enhanced, compressed, transmitted, stored or
verified before being displayed in front of the human eyes. Most
of these techniques treat images and videos as 2-D or 3-D sig-
nals. In these methods, only statistical properties among pixels
are considered, but the perceptual features are often neglected.
These main-stream signal-processing-based techniques could
not explore the perceptual properties existing in the images
very well. For example, the pixel-wise distortion metric, such
as mean squared error (MSE) and peak signal-to-noise ratio
(PSNR) are widely adopted in the traditional coding standards.
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But unfortunately, they have been widely criticized for not
correlating well with perceived quality measurement [1]. Since
the human visual system (HVS) is the ultimate receiver of the
majority of processed images and videos, it is very important
and advantageous to incorporate HVS into the image and video
processing algorithms.

As we know, HVS cannot perceive all the changes in the
images due to its underlying physiological and psychological
mechanism, so a lot of perceptual redundancies exist in the
processed images and videos. The removal of the perceptual
redundancy has many advantages. Firstly, it ensures that only
the visually important information is encoded or protected.
Secondly, better compression performance can be achieved
by discarding perceptually unnecessary information. How to
model HVS more accurately and efficiently becomes an impor-
tant and challenging research task. Just-noticeable distortion
(JND) gives us a promising way to model the perceptual redun-
dancy. JND refers to the maximum distortion which cannot be
perceived by the human eyes. Knowledge on JND no doubt can
guide the image/video processing algorithms and systems. JND
can be adopted in designing visual quality evaluation metric
for images and videos [2]-[7], which are consistent with the
HVS properties to achieve higher coding efficiency. In image
and video compression, JND can be used to tune the quantizer
and bit allocation [8]-[12]. Thus, perceptually important in-
formation could be compressed with better quality and visual
redundancy is removed efficiently. It was also reported in some
literature that JIND has been applied in motion estimation [13],
video conferencing [14] and digital watermarking [15]-[17].

The computational IND model has been studied for a long
time. Generally, the existing JND models belong to two cate-
gories. One is the model produced in image domain which is
also called pixel-wise JND model. Another one is named sub-
band JND model which is determined in transform domain, such
as wavelet and DCT domains.

In [8]-[10], pixel-based JND thresholds are determined ac-
cording to the background luminance adaptation and the spatial
contrast masking. Yang’s JND profile [18] is the improvement
of [9], which deduces the overlapping effect between the lumi-
nance adaptation and the spatial contrast masking to achieve a
more accurate JND map. In both [9] and [18], the luminance
difference between the successive frames is used to estimate
the temporal IND threshold for videos. Although the pixel-wise
JND model gives a more direct view of JND map of the orig-
inal image/video, it does not incorporate the contrast sensitivity
function (CSF) which describes the sensitivity of human vision
for each frequency component, so this kind of model does not
exploit the HVS completely.
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Subband JND model is a hot research area since the CSF can
easily be incorporated into the JND profile. [11] describes an
early subband JND model, where JND threshold is determined
for each subband by considering the luminance adaptation and
the texture masking. In the famous Sarnoff JND model [19],
the JND map is produced by pyramid decomposition and some
spatial filter banks. In [20], JND is generated in wavelet domain.
Because most of image and video compression schemes are per-
formed in DCT domain, such as H.261/3 and MPEG1/2/4, the
DCT-based IND model attracts the interest of many researchers.
A well-cited JIND model in DCT domain was proposed by Ahu-
mada and Perterson [21], which gives the JND threshold for
each DCT component by incorporating the spatial CSF. This
scheme becomes the basis of many other JND models. The DC-
Tune model [3] is an improvement of Ahumada’s model, where
the luminance adaptation and the contrast masking effect are
added to the base threshold. In [12], DCTune model was mod-
ified to work with foveal region instead of a single pixel and
was applied in perceptual image coding. More recently, Zhang
[6] proposed an improved model based on the DCTune model,
where more realistic luminance adaptation was considered and
block classification was combined with the contrast masking to
achieve better performance. However, all above JND profiles are
only effective for images and not for videos, because the tem-
poral characteristics of the HVS are not considered.

In order to generate a complete JND profile for videos, not
only the spatial CSF, but also the temporal CSF should be in-
corporated into the JND model. A computational spatio-tem-
poral CSF model was proposed by Kelly [22] based on his ex-
perimental data collected for the retinally stabilized travelling
wave stimuli. Dally [23] improved this model by considering
the retina movement compensation. Based on Kelly and Dally’s
models, Jia [24] estimated the JND thresholds for video by com-
bining other visual effects, such as the luminance adaptation and
contrast masking. In Jia’s model, only the magnitude of mo-
tion contributes to the final spatio-temporal JND threshold, but
the directionality of motion is neglected. However, as we know,
motion is a vector. For two motion vectors which have the same
magnitude but different directions, they will cause different tem-
poral effects on a 2-D spatial frequency [25]. Therefore, it is not
reasonable to ignore the directionality of motion in JND model.

With the development of the economy, High Definition (HD)
TV will become more and more popular. The perceptual fea-
tures hidden behind the larger images are a little different with
the smaller images. However, all above discussed JND models
are evaluated on smaller images and videos, so it is necessary
to test the performance of JND profile on HD images or videos.
It will benefit many applications, such as transparent HD video
coding, etc.

In order to fix the problems discussed above, a spatio-tem-
poral JND Profile is proposed in this paper. This model esti-
mates the explicit IND threshold in DCT domain. It not only in-
corporates the spatial and temporal CSF, but also considers all
major vision effects, i.e., luminance adaption, contrast masking
and the retina movement compensation. The main contributions
of this work include the following.

* An psychophysical experiment is designed to determine

the parameters of the spatial CSF, resulting in a more ac-
curate JND model.

» Gamma correction is also considered to compensate for
the Weber-Fechner law [26] and more precise luminance
adaptation funtion is obtained.

« A novel block classification method is proposed, which
classifies the blocks into three types: edge, smooth and tex-
ture block. For each block type, different contrast masking
effect is applied.

* A new temporal modulation factor is introduced, which in-
corporates the temporal CSF and retina movement com-
pensation. Moreover, the directionality of motion is also
considered in this model.

» The proposed JND profile is evaluated on the HD images
and videos to confirm the reliability of this model.

Experimental results show that the proposed model is consis-
tent with human visual system. Compared with the other JND
profiles, the proposed model can tolerate more distortion and
have much better perceptual quality. Since this model is gen-
erated in the DCT domain, it is easily applied to many image
and video processing algorithms, such as JPEG, MPEG1/2/4,
H.261/263/264, and AVS, etc.

The rest of this paper is organized as follows. In Section I1, the
main structure of the proposed JND profile is introduced. The
spatial IND model is also presented, which includes the CSF ef-
fect, parameterization of the model, luminance adaptation effect
and contrast masking effect. Temporal JND model is described
in Section I11. The experimental results are shown and discussed
in Section V. Section V contains the concluding remarks.

Il. PrRoPOSED JND MODEL

The JND in the DCT domain is typically expressed as a
product of a base threshold and some modulation factors [3],
[6], [12], [24]. & is the index of a frame in the video sequences
and n is the index of a block in the kg, frame, and 7 and j
are the DCT coefficients’ indices (i,j = 0 to 7). Then the
corresponding JND can be expressed as

TJND(k,n,i7j) = TJNDS (kTLLJ) X FT(kvn:ivj) (1)
TJNDS(k7n7i7j) = TBasic<k7n7i7j) X Fﬂf(k7n7i7j) (2)
F]\,[(k,’l%i,j) = F]um(k‘7n) X Fcontrast(k'/n?i?j) (3)

where Tyxp(k,n,4,7), Tynp, (kyn,i,7) and Fr(k,n,,j) are
the spatio-temproal JND threshold, the spatial JND and the tem-
poral modulation factor, respectively. Tgagic(k,n,1,7) is the
base threshold which is generated by the spatial contrast sen-
sitivity function (CSF). The modulation factor s (k,n, i, 7) is
the product of the luminance adaptation factor Fy,,, and the con-
trast masking factor Feontrast-

In the following part of this section, the spatial IND profile
(Tynp, ) in (2) is proposed first. It is based on the spatial contrast
sensitivity function (CSF), the luminance adaptation effect and
the contrast masking effect.

A. Spatial CSF Effect

Human eyes show a band-pass property in the spatial fre-
quency domain. Various CSF models [22], [23], [27]-[31] have
been introduced in the past decades. Ngan et al. [29] and Nill
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Fig. 1. Spatial CSF curve.

[31] showed that the generalized HVS models (as shown in
Fig. 1) can be expressed by

H(w) = (a + bw) exp(—cw) (4)

where a, b and ¢ are constants.

Because the sensitivity modeled by (4) is the inverse of the
distortion threshold based on the definition of the contrast sen-
sitivity [25], the base JND threshold for a specified spatial fre-
quency w can be simply expressed by (5)

T(w) = exp(cw)/(a + bw) (5)
where w is the spacial frequency (cycle/degree). For the (4, j)tn

subband in the DCT block, the corresponding frequency w;; can
be calculated by (6)

wi = 5 J6/607 + (/6,2 ©

Ap
2-1) (h=w,y) O

0r, = 2 - arctan (

where N is the dimension of the DCT block (is 8 in this case),
6. and 6, are the horizontal and vertical visual angles of a pixel
and they can be calculated by (7). [ is the viewing distance and
A stands for the display width/length of a pixel on the mon-
itor. According to the international standard ITU-R BT.500-11
[32] (Methodology for the subjective assessment of the quality
of television pictures), the ratio of viewing distance to picture
height should be a fixed number which is usually from 3 to 6
depending on the picture size. Moreover, for most of the dis-
plays, PAR (pixel aspect ratio) is equal to 1. This means that the
horizontal and vertical visual angles (6., 6,) are identical. Then
(7) leads (8) easily. Here, R,,4 stands for the ratio of viewing dis-
tance to picture height. Picy, is the number of pixels in picture
height. From this equation, it can be found easily that as the
visual angle decreases with increasing picture size, each DCT
component will represent higher spacial frequency, resulting in
higher JND threshold

1
0,=6,=2- t _ ). 8
Y arctan <2 X Rvd X PlCh> ( )

When (5) is used for predicting the distortion threshold, several
factors need to be considered as follows.

1) Human visual sensitivity has directionality [21], [33]. Usu-
ally, the eye is sensitive to the horizontal and vertical fre-
guency components (z or 5 = 0) and not so sensitive to the
diagonal components. This is called oblique effect.

2) Visual system summation of the distortion over a spatial
frequency range also needs to be considered. Such spatial
summation causes a decrease in threshold values [21], [33].

With all the considerations mentioned above, the oblique ef-

fect factor and the spatial summation effect factor were first in-
troduced in Ahumada’s JND model [21], [21]. These two factors
are also used in the proposed JND model, thus the base threshold
for a DCT subband in (5) is modified as

Tl(n,LJ) _ 1 ) exp(cwij)/(a + l;wij)
¢ip; T+ (L—r)-cos?
TBasir,(nai;j) =$s- Tl(n7i7j)

©)
(10)

where parameter s is to account for the spatial summation effect
and takes the value of 0.25 empirically [33]. ¢, and ¢, are DCT
normalization factors

b = V1/N, m=0
" V2/N, m>0.
The term 1/(r + (1 — 7) - cos? ¢;;) accounts for the oblique

effect, where  is empirically set to 0.6 [21] and ¢;; stands for
the directional angle of the corresponding DCT component

o . 2w; owo,;
pij = arcsin w—2 .
ij

It could be observed that when 4 and ; are equal, the DCT co-
efficients are located in the oblique direction, which causes a
further increase in JND threshold.

(11)

(12)

B. Parameterization of the Model

The model, as described in (9) needs to be parameterized.
There are three parameters a, b and ¢ to be determined. A per-
ceptual experiment was performed to test the JND thresholds to
some selected DCT basis functions. Here, T;,j is used to denote
the JND threshold detected by the perceptual experiment for the
spatial frequency w;;.

This psychophysical experiment is described as follows. For
a 720 x 720 image, whose pixel intensities are all 128, distor-
tion was added to some selected DCT frequency components
individually. The selected DCT basis functions are shown in
Fig. 2(a). For each tested DCT basis function, five amplitudes
of distortion were chosen based on preliminary measurements
of the sensitivity of the authors. A group of 15 viewers voted on
whether the distortion was visible. When more than 50% of the
viewers voted “visible,” this distortion would be considered over
the JND threshold. Then the JND threshold for each selected
DCT basis function can be obtained as shown in Fig. 2(b).

Then the least mean squared error method is used to get the
best fitted values of (a, b, ¢) as

(a,b,c) = argminZ[TL;ij

wij

— T'(wij, a,b,c))? (13)
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Fig. 2. Selected DCT frequency components and the detected thresholds.

where T"(w;;, a, b, c) is calculated by (9). As the result, o =
1.33,b = 0.11, ¢ = 0.18.

In this experiment, the test equipment is a 22-in Viewsonic
professional series P225fb CRT display (contrast ratio is 450:1,
maximum resolution is 2560 x 1920, maximum brightness is
110ed /m?).

C. Luminance Adaptation Effect

According to the Weber—Fechner law [26], the minimally per-
ceptible brightness difference increases with the increase of the
background brightness. This theory means that the higher the lu-
minance level, the higher the JND value. Because the proposed
JND thresholds were detected at the intensity value of 128, for
other intensity values, a modification factor should be included.
This effect is called the luminance adaptation effect.

However, for displays, the brightness and the pixel values
have a non-linear relationship. To correct the nonlinearity,
gamma correction formulated as (14) has to be carried out,

L=cI" (14)
where L is the brightness value in cd/m?, I is the pixel inten-
sity value and ranges from 0 to 255 for 8-bit images. ~ is the
correction parameter and v = 2.2 for CRT display.

From (14), (15) can be deduced

AT = (ye) (L)) 7 7AL. (15)

Then (16) and (17) are derived
Ind; = (ve¢) Y(L/e)Y/ 7 Indy (16)
Jndjias = (’YC)_I(L128/C)1/7_1JndL128 (17)

where Jnd; and Jndy, are the JND thresholds for the pixel
intensity values and the corresponding brightness values, re-
spectively. Jnd 25 is the JND value at intensity value of 128,
whereas Jndy2g is the corresponding brightness JND value.
L3 is the brightness at intensity value of 128.

(18) is deduced from (14), (16) and (17)

1—v
Jndzios 128 Jndri2s

According to the Weber-Fechner law, the factor
(Jndr/Jndr128) is @ monotonously increasing func-
tion. However, ((1/128)*~7) is monotonously decreasing,
which compensates the Weber—Fechner effect, resulting in a

Flum =

Fig. 3. Block classification result, where black represents plane, gray repre-
sents edge, white represents texture.

U-shape curve for the luminance adaptation factor. The factors
at the lower and higher intensity regions are larger than those
in the middle intensity region. Finally, an experimental formula
of the luminance adaptation factor is shown as follows:

(60—1)/150+1 I< 60
(I —170)/425+1 [ > 170

where I is the average intensity value of the block.

D. Contrast Masking Based on Block Classification

Contrast masking is an important phenomenon in the HVS
perception and is referred to as the reduction in the visibility of
one visual component in the presence of another. Usually noise
is less visible in the regions where texture energy is high, whilst
noise is easily observed in the smooth and edge areas. Here,
an accurate block classification method is proposed based on
the Canny operator [34], where the blocks can be classified into
three categories, namely Plane, Edge and Texture, respectively.

As we know, Canny operator is a very famous and powerful
edge detector, which can detect the edge pixels accurately for a
given image. The pictures in the middle column of Fig. 3 show
the edge maps detected by the Canny detector. For a given block,
if it contains very sparse edge pixels, it can be considered as
a smooth block. One the other hand, if it contains many edge
pixels, it means that this block has a lot of high frequency energy
and can be considered as a texture block. Thus, the blocks can
be classified according to the density of edge pixels.

Based on the upper analysis, a parameter named edge pixels
density pedgel is defined

Pedgel = Zedgel/]\/v2 (20)

where Xcqge1 1S the number of edge pixels in a given block with
the edge map generated by the Canny operator. The block type is
determined by (21). In our experiments, it is found that o = 0.1
and # = 0.2 work well for most images we have tried. Fig. 3
shows two examples of the block classification method

Plane7 Pedgel <a
Block type = Edge; a < pedgel S /H (21)
Texture, Pedgel > /6
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Human eyes are usually very sensitive to the distortion in the
smooth area or around the edge, so the information should be
protected in the smooth and edge blocks. For the texture area,
eyes are less sensitive to the low frequency distortion, such as
blocky artifacts, but the high frequency information should be
reserved. Based on the above considerations, an elevation factor
for each block type is determined by (22)

1, for Plane and Edge block
2.25, for (i2 + j2) < 16 in Texture block
1.25, for (4> 4+ j%) > 16 in Texture block

U — (22)

where ¢ and j are DCT subband indices.

Considering the intra-band masking effect [6], [12], [28], the
masking factor is finally obtained.

Then the modulation factor F; in (2) is obtained by the
product of Fl,,, and Feopntrast @S shown in (3), completing the
derivation of the spatial JND profile.

I1l. TEMPORAL JND MODEL

A. Temporal Modulation Factor

In considering the temporal effect, the temporal modulation
factor needs to be evaluated. Final IND map is generated by (1).

Let CSF(fs, ft) denote the spatio-temporal contrast sensi-
tivity function. It has been shown [1], [23], [30] that there is
no separable characteristic between the spatial and temporal
frequency. It means that CSF(f, f;) # CSFs(fs)CSFr(f).
Thus, the temporal modulation factor Frr- not only relies on the
temporal frequency, but also depends on the spatial frequency.

Robson [35] gave the temporal contrast sensitivity experi-
mental data as shown in Fig. 4. It is easily found that although
the temporal CSF is related to the spatial frequency at lower spa-
tial frequencies, it seems to follow a similar shape at the higher
spatial frequencies. Even for low spatial frequencies, at higher
temporal frequencies (larger than 10 Hz), the curves also show
this shape. The logarithm of the contrast sensitivity values are
plotted for the spatial frequencies of 4 cpd, 16 cpd, and 22 cpd
in Fig. 5. It is observed that the three curves have almost same
slope. The slope by curve-fitting equals to —0.0558. It means
that this shape satisfies the exponential function. However, the
JND threshold is overestimated in the experiments if —0.0558
is adopted. By considering the tradeoff between the perceived
quality and the ability to conceal distortion, an empirical slope
—0.03 is used in (24). The conclusion could be drawn that for
higher spatial frequency, or higher temporal frequency at lower
spatial frequency, the temporal contrast sensitivity is only re-

300

100

30

T

—
(=]

CONTRAST SENSITIVITY
W
LR RRE

[ N L bl L 2 11t L | |

03 1 3 10 30

TEMPORAL FREQUENCY (cycles/second)

Fig. 4. Temporal CSF curve for different spatial frequency: 0.5 cpd (open
circle), 4 cpd (filled circle), 16 cpd (open triangle), 22 cpd (filled triangle) [35].

where f; is temporal frequency in Hertz. f,, means f; = 0.
Since the JND model is the reciprocal of CSF value and
1/CSF(fi0) is just the spatial JND value, then (25) can
be deduced. In this case, the temporal modulation factor
Fr = 1.077, which gives
TJND = TJNDS X 107ff (25)
The CSF has the characteristic of a band-pass filter at the
lower spatial frequencies as shown in Fig. 4. However, at the
usual viewing distance, the spatial frequencies of (0,1) and (1,0)
AC coefficients are larger than 2 cpd, which are the lowest fre-
quency components in DCT domain. According to the Kelly’s
model [22], the contrast sensitivity curve is given in Fig. 6. It
could be found that the contrast sensitivity is nearly constant for
the temporal frequencies less than 10 Hz. In this case, the tem-
poral modulation factor Fr = 1. From the discussion above,
the formula for calculating temporal modulation factor Fr is
derived

?

lated to the temporal frequency. Thus 1, fs < bepd&fy < 10 Hz
o3 Fr = { 1.07U=10) - f < 5epd& f, > 10Hz (26)
107993/ = CSF(f)/CSF( fro) (24) 1.077, fs > 5cepd.
v, for (42 + j2) < 16 in Plane and Edge block
— . 0.36
Feontrast = V¥ - min(4, max (1 (T . C(_n_’z’” ) ) , others. (23)
Basic(n,1,5) X Flym (n)
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Fig. 5. Logarithmic function of the temporal CSF.

Fig. 6. Temporal CSF for low spatial frequency.

B. How to Compute Temporal Frequency

In this section, the computation of the temporal frequency
will be explained. The temporal frequency of a video signal de-
pends on the rate at which the image varies. It depends not only
on the motion, but also on the spatial frequency of the object. In
[25], it was proved that

ft = fsxvx + fsyvy (27)
where f,, and f,, are horizontal and vertical component of the
spatial frequency, respectively. (v, vy) is the velocity of object
motion on the retina plane in degree/s. For a DCT frequency
component located in 4, column and ji1, row, fs, and fs, can
be calculated by (32), where N = 8, 6, and 6, are the horizontal
and vertical visual angles obtained by (7)

) ) J

fsa::m fsyzm

(28)

From (27), it also can be found that not only the magnitude
of motion, but also the directionality can influence the temporal
frequency. For example, for two motion vectors (3, 4) and (5,
0), although they have same magnitude 5, they will produce dif-
ferent temporal effects for a 2-D spatial frequency.

Human eyes can automatically move to track an observed ob-
ject. This phenomenon is called smooth pursuit eye movement
(SPEM). SPEM can slow down the velocity of object motion
projected on the retina. Besides the SPEM, another two types of
eye movements are reported: the natural drift eye movement and
the saccadic eye movement. The former is very slow (0.8-1.5
deg/s) and the latter is related to rapid movement of the eyes.

In [23], the retinal image velocity can be calculated by (29)

(h=,y)

where v; and vy are the velocities on the retina plane and
the image plane, respectively. vgy, is the eye movement speed
which is determined as

VR = VIR — VER (29)

VER = Min[gspem X Vrn + VMIN, UMAX] (30)
where gspem 1S the gain of the smooth pursuit eye movements
with the empirical value of 0.98. vy is the minimum eye ve-
locity due to the drift movement and the classical value is 0.15
deg/s. vamax is the maximum velocity of the eyes corresponding
to the saccadic eye movement and the value is normally 80 deg/s
[23]. The velocity on the image plane vy can be obtained by
following formula:

vin = ffr X MV X 0y (h =z,y)

where f, is the frame rate of video sequence. M V4 is the mo-
tion vector of each block, which can be obtained by the block-
based motion estimation algorithm. 6, is the visual angle of a
pixel obtained by (7).

Finally, the temporal frequency for each DCT coefficient can
be calculated by using (27). Then, the temporal modulation
factor F'r is obtained by (26).

(1)

IV. EXPERIMENTAL RESULT

JND models can avoid generating values larger than the actual
HVS thresholds. A better IND model should yield larger JIND
values at a fixed perceived quality. To evaluate the performance
of the JIND models, noise is added to each DCT coefficient in an
image/video according to the JND values generated by the JND
profiles

C'(k,ni, j) = C(k,n,i,5) + f x Toxp(k,n,i,5)  (32)

where C(k, n, i, j) is the the (7, )¢, DCT coefficient in the ngy,
block of &y, frame. f takes the value of +1 or —1 randomly, to
avoid introducing a fixed pattern of changes. At the same per-
ceptual quality, the higher the injected-noise energy (measured
by PSNR), the more accurate is the JND model. It means that
the JND model can tolerate more distortion at a given quality
level.

A. Evaluation on Images

In this experiment, ten images were chosen for testing. Five
are 512 x 512 images and the others are larger size images
selected from some standard 720p HD sequences. Yang’s JND
profile [18] was implemented and compared with the proposed
JND model. Moreover, two DCT-based JND models were
also implemented for more convincing comparison. One is the
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TABLE |
PSNR CoMPARED WITH ORIGINAL IMAGE (DB)
512 x 512 1280 x 720

Image | Yang’s | DCTune | Zhang’s | Proposed Image Yang’s | DCTune | Zhang’s | Proposed
Baboon | 30.97 28.61 29.63 28.38 Night 29.48 28.43 24.70 24.81
Barbara | 30.83 29.76 30.29 29.50 Optis 33.43 27.44 26.65 24.72

Lena 31.90 30.95 31.16 29.97 Sailormen 30.72 27.26 25.29 24.75

Man 31.04 30.54 30.47 29.75 Sheriff 30.78 28.39 25.59 24.82
Pepper | 31.01 30.79 30.53 29.99 Spincalendar | 30.46 26.69 24.90 24.68
Average | 31.15 30.13 30.42 29.52 Average 30.97 27.64 25.43 24.76

classic JND model named DCTune [3], another is a more recent
DCT-based JND model proposed by Zhang [6].

The PSNR is used to measure the capability of distortion tol-
eration of the JND models. At the same perceived quality, a
better model will achieve higher JND thresholds and result in
lower PSNR. Table | shows the PSNRs of the four JND pro-
files. It can be found that the proposed method can tolerate more
distortion among four models. According to the analysis for (8)
in Section 1, with the increase in image size, the JND value
for each DCT coefficient increases and more distortion can be
concealed. The experimental results are consistent with the the-
oretical analysis and the three DCT-based models all follow this
property. However, the performance of Yang’s method is almost
the same for both the small and large images, because it is a
pixel-wise JND profile and is not based on the CSF. Therefore,
the DCT-based methods agree with HVS more.

Fig. 7 shows the noise-contaminated Barbara images created
by four JND models. The Yang’s model and DCTune model
have obvious distortion in dark area and around the boundaries
of objects, respectively. The injected noise in Zhang’s model
and the proposed model is almost invisible. For a more con-
vincing evaluation, the subjective viewing tests were conducted
based on “Adjectival categorical judgement methods” recom-
mended by ITU-R BT.500-11 standard [32]. In each test, two
images were juxtaposed on the screen (left is the noise-injected
image and right is the original image). Twenty subjects (ten are
experts in image processing field and ten are naive) were asked
to give quantitative scores for all the image pairs, using the con-
tinuous quality comparison scale shown in Table Il. In this ex-
periment, the test equipment is a Viewsonic professional series
P225fb CRT display (as specified in Section 111). The viewing
distance is four times of the image height.

Table 111 shows the subjective scores and lower score means
better subjective quality. Yang’s method overestimates the
JND thresholds for the lower luminance values, so the injected
noise is still slightly visible in the images which have a lot of
dark areas, such as Night and Sheriff. DCTune shows a litter
worse quality because the luminance masking and the contrast
masking adopted in this model are not so accurate. Zhang’s
model has a better quality. The tinily higher quality score of
Zhang’s model compared with the proposed model is due to
the excessive intra-band masking for the low frequency com-
ponents in smooth blocks. The noisy images contaminated by
the proposed JND profile have similar quality with the original
ones. Average score is only 0.26. It means that the distortion
introduced by the proposed method is almost invisible.

From the experimental results, it is concluded that the pro-
posed JND profile not only conceals much more distortion, but
also achieves better subjective quality than other methods. The
proposed profile has a much better correlation with the HVS
since it exploits the HVS efficiently and accurately.

B. Evaluation on Video Sequences

In this experiment, five SD (720 x 576) sequences and five
HD (1280 x 720) sequences were chosen as test sequences.
They all have 300 frames. SD and HD sequences were tested
at 25 frame/second and 60 frame/s, respectively. Yang’s model
[18], DCTune [3] and Zhang’s model [6] were also imple-
mented for comparison.

1) Comparison for Distortion Toleration Capability: From
Tables IV and V, it can be observed that the proposed JND
profile can tolerate much more distortion than other profiles. In
these two tables, the following phenomena could also be found.

* In the proposed JND profile, the PSNRs of the HD se-
quences are lower than those of the SD sequences. One
reason is that the picture size of HD is larger which de-
creases the visual angle. Therefore, the spatial frequency
of each DCT component increases, resulting in larger IND
value. Another reason is that the frame rate of HD se-
quences is higher, resulting in higher temporal frequency.
According to the proposed temporal JND model, JND
value will be larger. So, the HD sequences will tolerate
more distortion than the SD sequences.

* In the proposed JND profile, the average PSNR of whole
sequences is lower than that of the first frame. This is be-
cause there is no motion in the first frame and only the
spatial JIND profile works. According to the proposed JIND
model, the temporal modulation factor will only be intro-
duced in the subsequent frames. Since the human eyes are
usually not sensitive to the distortion in the large motion
frames [22], [24], [36], this result is consistent with the
human visual system.

* In Yang’s model, the PSNR of the subsequent frames is
higher than that of the first frame. This is because the
temporal masking factor used in this model is based on
the inter-frame difference. The empirical curve is shown
in Fig. 8. The minimum scaling factor is 0.8. Since the
inter-frame difference is not high in most cases, thus the
scaling factors are usually less than 1. Therefore, the tem-
poral JIND model in [18] will reduce the JND value and
results in higher PSNRs for the subsequent frames.
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Fig. 7. Noise-contaminated Barbara images: (a) Yang’s model; (b) DCTune; (c) Zhang’s model; (d) proposed model.

TABLE |1
COMPARISON SCALE FOR SUBJECTIVE QUALITY EVALUATION

Subjective score Description

-3 The right one is much worse than the left one

-2 The right one is worse than the left one

-1 The right one is slightly worse than the left one
0 The right one has same quality as the left one

1 The right one is slightly better than the left one
2 The right one is better than the left one

3 The right one is much better than the left one

* In DCTune and Zhang’s model, the PSNRs have not much
difference between the first frame and the subsequent
frames. The reason is that no temporal effects are intro-
duced in these models.

2) Perceptual Quality Comparison: In order to test the per-
ceptual quality of the proposed JND profiles, Double Stimulus
Continuous Quality Scale (DSCQS) method, as specified in
ITU-R BT.500 [32], was used to evaluate the video quality.
Fig. 9 shows the test scheme. The DSCQS method presents

TABLE 11l
SUBJECTIVE QUALITY EVALUATION RESULTS
Image Yang’s | DCTune | Zhang’s | Proposed
Baboon 0.40 0.55 0.20 0.30
512 Barbara 1.55 1.80 0.40 -0.05
X Lena 1.40 1.85 0.30 0.30
512 Man 0.80 1.10 0.10 0
Peppers 0.95 1.10 0.20 0.20
Night 1.40 1.30 0.90 0.05
1280 Optics 0.70 1.10 0.70 0.20
X Sailorman 0.85 1.65 0.75 0.55
720 Sheriff 1.40 1.50 0.60 0.35
Spincalendar 0.96 2.10 1.0 0.70
average 1.04 1.41 0.52 0.26

two videos A and B (twice each) to the viewers, where one
is a source sequence and the other is a processed sequence.
Twenty viewers (ten are experts in image processing field and
ten are naive) were involved in experiments. The Mean Opinion
Score (MOS) scales for the viewers to vote for the quality are:
Excellent (100-80), Good (80-60), Fair (60-40), Poor (40-20),
and Bad (20-0). In this experiment, the test equipment is still

Authorized licensed use limited to: Chinese University of Hong Kong. Downloaded on April 14, 2009 at 12:24 from |IEEE Xplore. Restrictions apply.









