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Abstract:  Contrast evaluation can be used as a criterion to evaluate performance of contrast enhancement algorithms and to
compare contrast capability of display systems. This paper deals with contrast evaluation models for natural color images. Two
separate models are defined for within- and cross-content evaluations. The former is to differentiate the perceived contrast of the
images with the same content. The latter is to discriminate the differences in contrast among the images with different contents.
Perception mechanisms are quite different for within- and cross-content evaluations. Local contrast plays an important role in
within-content evaluation. In contrast, global contrast dominates the contrast perception for cross-content evaluation. Results of
human visual experiments show that the proposed evaluation models outperform previous methods for both within- and

cross-content evaluations.
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1 Introduction

As various display systems such as liquid crys-
tal display (LCD), plasma display panel (PDP), and
organic light-emitting diode (OLED) are introduced
into markets, image quality becomes one of the most
important performance indicators. There are many
factors affecting the quality of a displayed image,
including contrast, sharpness, colorfulness, and
naturalness. This paper is focused on the quantitative
evaluation of contrast on natural color images. The
proposed measure of contrast can be used as a crite-
rion to evaluate performance of contrast enhance-
ment algorithms and to compare the contrast capa-
bility of various display systems.

Contrast has been referred to as a quality factor
that discriminates the content or objects of the image.
Generally speaking, image contrast can be divided
into two categories: global and local contrasts.
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Global contrast indicates a perceived difference in
luminance and chroma. Local contrast describes the
distinguishable degree of image details. Even though
contrast is an important factor in describing image
quality, there is no universally accepted definition.
Michelson (1927) and Weber (1846) proposed
measures of contrast for simple patterns. However,
these measures are not suitable for describing the
contrast of natural images because they depend only
on the maximal and minimal luminance values. In
Agaian et al. (2007) and Panetta et al. (2008),
Michelson’s or Weber’s contrast was calculated for
non-overlapping sub-images and averaged. However,
utilization of the non-overlapping sub-images cannot
completely describe the level of local contrast on
natural color images.

Unlike Michelson’s or Weber’s contrast focus-
ing on simple patterns such as sinusoidal grating, Peli
(1990) proposed a local contrast measure for natural
images. The ratio of energy in the band-passed image
to that in the low-passed image was defined as a local
contrast measure to account for human contrast
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sensitivity. Chen et al. (2006) used Tenengrad’s
criterion (Krotkov, 1989), which is a local contrast
measure based on the gradient information, to
measure performance of contrast enhancement tech-
niques. Matkovic et al. (2005) calculated averages of
luminance differences between neighboring pixels at
various spatial resolutions. The contrast measure was
described as a weighted sum of the averaged differ-
ences. However, the measures in Krotkov (1989),
Peli (1990), and Matkovic et al. (2005) are insuffi-
cient because a complete description of contrast
should include global contrast as well.

Contrast measures that use color information as
well as luminance can be found in Calabria and
Fairchild (2003b) and Pedersen et al. (2008). Peder-
sen et al. (2008) calculated the variances of L', a,
and b in the CIE La'b" color space. Geometric
mean of the calculated variances was proposed as a
measure of contrast. Variances of L*, a*, and b can
be regarded as measures of global contrast. Calabria
and Fairchild (2003b) seclected three attributes to
describe both the global and local contrasts. Standard
deviations of lightness and chroma were calculated
from the original image to describe global contrast.
Standard deviation of lightness was obtained from
the high-passed image to account for local contrast.
The contrast measure was defined as a linear com-
bination of three attributes.

The performance of the contrast measure can be
examined by comparing the calculated measure with
the results from human visual experiments. Calabria
and Fairchild (2003b) and Pedersen et al. (2008)
used Pearson’s correlation, Spearman rank correla-
tion, and the root mean square error (RMSE) to
evaluate the performance of contrast measure. A high
value of correlation or a low value of RMSE implies
that the contrast measure faithfully matches the vis-
ual perception. There are two types of evaluation
methods: within-content and cross-content evalua-
tions. The former is to differentiate the images with
the same content exhibiting different levels of con-
trasts. The latter is to discriminate the differences in
contrast among the images with different contents. In
most previous works, within-content evaluation was
employed for performance evaluation. Works on
cross-content evaluation are scarce. Pedersen et al.
(2008) used 15 images having different contents in
human visual experiments. For each image, observ-

ers were asked to give a score representing the per-
ceived degree of contrast without a reference image.
Cross-content evaluation plays an important role in
many applications. For example, content-dependent
contrast enhancement algorithms have been pro-
posed to improve the image quality of digital TVs
(Kim et al., 1999). In this application, it is desirable
to maintain the same level of the enhanced contrast
for consecutive frames having different contents.

The objective of this paper is to propose effi-
cient contrast evaluation models that faithfully match
the visual perception. Attributes describing global
and local contrasts are selected based on contrast
perception. Since the brightest and darkest areas on
the image are often regions of interest in contrast
perception, a dynamic range of luminance is chosen
to describe global contrast. Also, the standard devia-
tion of luminance is chosen as a complementary
attribute to overcome the limitation of the dynamic
range. These two attributes are combined to represent
the global contrast in luminance. It is known that the
level of perceived contrast is enhanced as the average
chroma value of image increases (Calabria and Fair-
child, 2003a). Thus, the average dynamic range of
chroma is selected as the attribute to describe global
contrast in chroma. Finally, gradient information is
used to measure the level of local contrast because it
describes the change of luminance and chroma in
image details.

Visual perception mechanisms for within- and
cross-content evaluations are quite different. Gener-
ally speaking, within-content evaluation can be de-
scribed as a ‘full-reference comparison’. In other
words, contrast perception is achieved by comparing
the same content or objects. Cross-content evaluation
is more complicated. It can be regarded as a
‘no-reference comparison’. Observers have no ref-
erence to compare when evaluating the contrast of
the images with different contents. In this case, the
brightest and darkest areas on the image are the most
likely regions of interest.

In this paper we propose two separate contrast
evaluation models. Both of them are defined as a
linear combination of the aforementioned attributes.
Coefficients of the linear combination are deter-
mined by applying the linear regression to the sub-
jective scores of human visual experiments and ob-
jective values of the attributes. Training images for



Chen et al. / J Zhejiang Univ-Sci C (Comput & Electron) 2011 12(11):897-909 899

model generation are selected such that the minimal
difference in perceived contrast between images
should be around 1.5 JND (just noticeable difference)
scales (Keelan, 2002; ISO 20462-1:2005). Paired
comparison is used for human visual experiments for
model generation because one-to-one comparison
makes it easier for observers to determine their pref-
erence (Gescheider, 1984; Engeldrum, 2000).

To verify the performance of the proposed
evaluation models, separate human visual experi-
ments are performed using test images. In the visual
experiments for model evaluation, both paired com-
parison and category judgment (Bartleson, 1984;
Engeldrum, 2000) are employed.

2 Attributes for contrast evaluation

In this paper, attributes describing global and
local contrasts are selected based on contrast per-
ception. Their linear combinations serve as the pro-
posed contrast evaluation models. Each of the se-
lected attributes is formulated in the CIE L a’b" color
space because it is a perceptually uniform system
(Fairchild, 2005). ‘Perceptually uniform’ means that
changes of the same scale in visual perception would
yield the same changes in the color space. To make
the selected attributes reflect human visual percep-
tion, the CIE L'a’b” color space is used.

2.1 Attributes for global contrast in luminance

In this subsection, attributes specifying the
perceived difference in luminance are described. The
brightest and darkest areas on the image play an
important role in the perception of global contrast in
luminance. Thus, the dynamic range of L* (referred
to as DRL) is chosen as an attribute.

DRL should be calculated carefully to match
visual perception. First, details of the image should
be excluded because the global contrast depends on
the overall impression of the image. In this study, a
simple average filter of size 2x2 is applied to remove
the high frequency contents. Second, having very
few pixels with extreme gray levels would not affect
the perceived global contrast in luminance. Existence
of these pixels will make a low contrast image have a
large value of DRL. They should be excluded in the
calculation of DRL. Fig. 1a illustrates a night sky

image with shining stars and lamplights. Fig. lc
shows the histogram of L* of the image in Fig. la.
Due to the existence of bright pixels of the stars and
lamplights, DRL would have a large value even
though the image in Fig. 1a is perceived as an image
of low contrast. In this study, pixels with the low
probability of occurrences in the histogram of L are
excluded in the calculation of DRL. The number of
pixels to be removed is set to 0.2% of the total pixels.
Fig. 1b illustrates the image after removing pixels
with the low probabilities. In Fig. 1b, it can be ob-
served that the pixels of shining stars and lamplights
disappear. Also, a considerable reduction in the value
of DRL can be observed in Fig. 1d. In summary, the
average filter is applied to the original image and
then the pixels with the low probability of occur-
rences are removed. DRL is then determined as the
difference between the maximum and minimum
values of L.
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Fig. 1 Influence of pixels with extreme gray levels
(a) Original image; (b) Image after removing pixels with the
low probabilities; (¢) Histogram of (a); (d) Histogram of (b).
DRL: dynamic range of L"

However, DRL alone is insufficient for fully
specifying the global contrast in luminance. For
example, even though the images in Figs. 2a and 2b
have the same value of DRL, the image in Fig. 2b is
perceived as a higher contrast image due to its
heavier accumulations in black and white areas. In
this study, the standard deviation of L (referred to as
SDL) is selected as the complement to DRL. For two
images with the same value of DRL, the image with
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heavier accumulations in black and white areas will
have the larger value of SDL. In the example given
by Fig. 2, the value of SDL for the image in Fig. 2a is
27.0, and the SDL of the image in Fig. 2b is 31.6.

Frequency

(c) L

Frequency

(d) L

Fig. 2 Example of two images with the same value of
dynamic range of L* (DRL)

(a) Low contrast image; (b) High contrast image; (c) Histo-
gram of (a); (d) Histogram of (b). The values of the standard
deviation of L” (SDL) are 27.0 and 31.6 for the images in (a)
and (b), respectively

Global contrast in luminance is modeled by both
DRL and SDL as in Eq. (1):

VGCL = Oprp 'VDRL + Oy, 'VSDL > (1)

where Vgcp represents the value of the proposed
measure of global contrast in luminance, and wprp
and wgpy represent the coefficients for values of DRL
and SDL (VprL and Vspr), respectively.

2.2 Attributes for global contrast in chroma

Experiments performed in Calabria and Fair-
child (2003a) indicate that the perceived contrast is
enhanced as the average chroma value of the image
increases. Thus, the averaged dynamic range of

chroma is selected as an attribute to describe global
contrast in chroma. Value of chroma is calculated as
the square root of the sum of @ > and ™ in the CIE
L'a’b" color space. Unlike the calculation of DRL in
the 1D space, calculation of the dynamic range of the
chroma should be performed in the 2D space, namely,
thea -b" plane. The maximum value of chroma for a
given hue can be regarded as the dynamic range of
chroma, as illustrated in Fig. 3. The averaged dy-
namic range of chroma is specified by Eq. (2):

1
Vice=—> C___ ., 2
GCC NS ‘ZZI: max_ i ( )

where Vgcc represents the value of the proposed
measure of global contrast in chroma, N the number
of hue subsections, and Cpnay ; the maximum value of
chroma for the ith subsection. The effect of various
values of N; will be explained in Section 4.3.

Fig. 3 Calculation of global contrast in chroma

2.3 Attributes for local contrast

Local contrast describes the distinguishable
degree of image details. The sum of averaged gra-
dients is selected to describe the local contrast. First,
the input image is divided into 3%3 non-overlapping
sub-images. Four Sobel masks are applied to each
sub-image to calculate the gradients in four direc-
tions: vertical, horizontal, 45°, and 135° directions.
Fig. 4 shows one of the four Sobel masks to measure
the gradients in the vertical direction. For example,
the gradient along the left column in Fig. 4 is calcu-
lated using Eq. (3):

gi-D)={[L'(-1Lj+D)-L-1j-DI

+la’ (-1, j+)-d(-1L,j-D (3)
+[b (-1, j+1)=b"(G -1, -]},
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where L'(i, j), a'(i, j), and b'(i, j) represent CIE
L'a’b" values of the pixel at location (i, j). Similarly,
the gradients along the middle and right columns are
calculated. These calculations are repeated for every
sub-image and then averaged. The same procedure is
applied to the remaining three directions. In this
paper, Vic represents the value of the proposed
measure of local contrast, and is equal to the sum of
averaged gradients in the four directions.

Fig. 4 One of the four Sobel masks used in the calcula-
tion of gradients in the vertical direction

3 Proposed contrast evaluation model

Fig. 5 illustrates the flowchart to determine the
proposed contrast evaluation models. To design
contrast evaluation models that faithfully match the
human visual results, attributes are selected based on
characteristics of contrast perception. Values of the
selected attributes are calculated from each of the
training images. Human visual experiments are per-
formed to obtain subjective scores. The proposed
contrast evaluation models are generated by applying
the linear regression technique to the subjective
scores of human visual experiments and objective
values of the attributes. The proposed contrast
evaluation models are designed as linear combina-
tions of four attributes and a constant as in Eq. (4):

PC= (a)DRL : VDRL + &g - VSDL) &)

+ Ogec Voee + O Vie +C,

where PC represents the perceived measure of con-
trast. The weighted sum of Vprp and Vspp in the
parentheses specifies the value of global contrast in
luminance. Vgee and V¢ describe the global contrast
in chroma and local contrast, respectively. wpgy,
wspL, Wgce, and wy ¢ are the coefficients. C is a con-
stant to ensure that the range of PC is the same as that
of the subjective scores.

Training natural images

A 4 A 4

Objective values of
four attributes

| Human visual experiments |

A

| Subjective scores |

P Linear regression 4—,

Proposed model

Fig. 5 Flowchart to determine the proposed contrast
evaluation models

Two separate contrast evaluation models are
constructed: within- and cross-content evaluations of
contrast. Thus, two different human visual experi-
ments are performed. Within-content evaluation is
used to differentiate the degrees of contrast of the
images with the same content (Fig. 6a). Cross-
content evaluation is used to discriminate the dif-
ferences in contrast among the images with different
contents (Fig. 6b).

Fig. 6 Within-content (a) and cross-content (b) evalua-
tions

Conditions common to both the within- and
cross-content evaluations are described next. In a
dark room, human visual experiments are carried out
on a standard sSRGB LCD monitor with LED back-
light. Paired comparison is employed because
one-to-one comparison makes it easier to determine
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the preference (Gescheider, 1984; Engeldrum, 2000).
When the number of training images is n, each ob-

server will make C. visual comparisons. Twelve

observers participated and were asked to choose the
image giving the impression of higher contrast. If
unable to distinguish the difference, they were al-
lowed to say that two images had the same perceived
contrast. The preferred image receives a score of 1
and the other receives a score of 0. When judged as
the same level of contrast, both images receive a
score of 0.5. Subjective scores of human visual ex-
periments are calculated by the Case V of Thurstone’s
law of comparative judgments (Thurstone, 1927).
Eq. (5) is used for conversion from the outcomes of
the paired comparisons to JND values (Keelan,
2002):

JND:Earcsin\/;—E», %)
T

where p is the probability of preference in the paired
comparisons. Suppose that image A is compared with
image B by 10 observers. When seven observers give
a score of 1 to image A, one observer gives 0.5, and
two observers give 0, p for image A becomes
7.5/10=0.75.

3.1 Proposed model for within-content evaluation

Fig. 7 illustrates the training images selected for
within-content evaluation. To perform human visual
experiments for within-content contrast, a set of
images representing different levels of contrast needs
to be generated for each of the training images. It was
reported in Calabria and Fairchild (2003a) that image
lightness, chroma, and sharpness affect the perceived
contrast. In this study, histogram stretch and com-
pression are applied to generate images with different
levels of lightness. Variations in chroma are achieved
by multiplying a constant with the chroma of the
original image. Unsharp masking is used to generate
images with different levels of sharpness.

The selection of training images for within-
content evaluation is explained by the example in
Fig. 8. Suppose that C(1) to C(8) in Fig. 8a represent
variations of the ‘Blue’ image, arranged in ascending
order of the perceived contrast. Fig. 8b lists the JND
matrix obtained from paired comparison. When JND
between C(i) and C(i+1) is too small, observers
would not be able to discriminate the perceived dif-

ference. It was reported in ISO 20462-1:2005 that the
difference in JND between C(i) and C(i+1) should be
around 1.5 JND scales. In Fig. 8b, the number in the

Blue Garden Girl

Sunset

Parrot Sky

Fig. 7 Six training images for within-content evaluation
‘Blue’ contains both low and high frequency content and
represents an image of high colorfulness. ‘Garden’ repre-
sents high spatial details with high colorfulness. ‘Girl’ is a
portrait image that contains both dark and bright content
against bright background. ‘Parrot’ and ‘Sky’ consist of
relatively few details with a medium level of colorfulness.
‘Sunset’ represents both low and high spatial frequency
content in a dark scene

Perceived contrast >

c()  c2) CE) C(4) C(5) ce) c@)  C@E)

C(1) 0 1.23 | 2.32 3 3 3 3
c@) [-123] o |o042|139]| 3 3 3
C(3) |-2.32|-0.42 0 1.39 | 2.32 3 3
C(4) -3 |-1.39(-1.39 0 1.87 | 1.56 | 2.32
C(5) -3 -3 [-2.32|-1.87 0 1.39 | 2.32 3
C(6) -3 -3 -3 |-1.56]-1.39 0 0.68 | 1.56
C(7) -3 -3 -3 |-232|-232|-068| O 1.39
C(8) -3 -3 -3 -3 -3 [-1.56(-1.39] O
(b)
Fig. 8 Example for the selection of training images in
within-content evaluation
(a) Eight generated images of ‘Blue’; (b) Example of human
visual experiment results. The selected images are shaded in

the Ist row in (b). Also, the JND values examined for
training image selection are shaded

wW|lw|w]|w
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(i+1)th row and (i+2)th column of the matrix repre-
sents the JND difference between C(i) and C(i+1).
For example, 1.23 in the 2nd row and 3rd column

represents the IND difference between C(1) and C(2).

C(1) is selected because it is the first image. C(2) is
also selected because the JND difference between
C(1) and C(2) is 1.23. However, C(3) is not chosen
because the IND difference between C(2) and C(3) is
0.42. Because C(3) is not chosen, the JND difference
between C(2) and C(4) is examined next to decide
whether to select C(4). In this example, C(4) is se-
lected because the JND difference between C(2) and
C(4) is 1.39. This procedure is repeated to select
appropriate training images for visual experiments.

In this study, 16 images are generated to repre-
sent different levels of contrast for each of the six
training images in Fig. 7. Paired comparison is per-
formed using 16 images, among which 12 images
satisfying the aforementioned condition for the JND
value are selected. Results from paired comparison
using 12 within-content images are employed for
model generation.

The proposed contrast evaluation model for
within-content is generated by applying the linear
regression technique to the subjective scores of hu-
man visual experiments and objective values of four
attributes. Contrast evaluation models specified in
Eq. (4) are generated for each of the six images in
Fig. 7. Coefficients of the six generated models are
averaged to yield Eq. (6):

PC,.,.. =(0.0330¥,,, +0.14907,, ) +0.1563V,

+0.6426V, . —13.218]1, 6)

within

where PCyinin represents the proposed model for
within-content evaluation. In Eq. (6), the attribute
representing the local contrast V¢ has the largest
weight. This may be due to the fact that image details
are the most likely regions of interest for within-
content evaluation. The value of constant in Eq. (6) is
selected to maintain the ranges of PCy;umin and JND
would be the same.

Probability of statistical significance (Fisher,
1925), the P-value, is calculated to examine the level
of significance for the attributes used in the linear
regression. Desirable attributes should have a P-value
less than 0.05 (Fisher, 1925). In addition to the pro-
posed model, single image perceived contrast (SIP)

(Calabria and Fairchild, 2003b) defined as a linear
combination of three attributes is considered in the
calculation of P-value. Note that the SIP model is
generated using the same training images selected in
this study for fair comparison. Table 1 lists the cal-
culated P-values. For the proposed model, all of
P-values are less than 0.05 except for the ‘Sunset’
image, where P-values for Vgcc and V¢ are greater
than 0.05. This may be due to the fact that this image
is darker than other training images. However,
P-values for three attributes used for SIP, standard
deviations of lightness, chroma, and high-passed
lightness, o1, oc, and orp, are greater than 0.05 in
many cases.

Table 1 P-values for the six training images of within-
content evaluation

Proposed measure SIP

Image
VoeL  Voce  Vic oL oc OLh

Blue 0.0009 0.0071 0.0002 0.0047 0.5736 0.0381
Garden 0.0079 0.0003 0.0213 0.0077 0.0109 0.2553
Girl 0.0001 0.0270 0.0001 0.0001 0.1079 0.0017
Parrot ~ 0.0001 0.0153 0.0067 0.0001 0.4870 0.1800
Sky 0.0001 0.0058 0.0052 0.0010 0.2680 0.0405
0.0001 0.1154 0.3313 0.0001 0.1763 0.2785

Viser represents the value of global contrast in luminance in Eq. (1);
Vsee and Vi describe the global contrast in chroma and local con-
trast, respectively. o1, ac, and o1, represent the standard deviations of
lightness, chroma, and high-passed lightness, respectively. Bold fonts
indicate the P-values that are smaller than 0.05

Sunset

3.2 Proposed model for cross-content evaluation

Fig. 9 illustrates 16 training images selected for
cross-content evaluation. For each of the 16 images
in Fig. 9, 16 images representing different levels of
contrast are generated by varying the lightness,
chroma, and sharpness. Thus, 256 images are avail-
able for human visual experiments. To impose the
same condition for the JND as in the within-content
evaluation, the number of paired comparisons be-

comes C3,,=32640. An alternative procedure is

adopted in this study to indirectly satisfy the condi-
tion for the JND to extract reliable results from hu-
man visual experiments. Suppose that C(i, j) (i=1,
2,...,16;j=1,2, ..., 16) denote 256 generated images.
Index i represents 16 images in Fig. 9 and index j
represents 16 variations of the ith image in Fig. 9.
The value of PCy;umin defined in Eq. (6) is calculated
for all 256 images. C(i, j) are arranged such that the
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values of PCyimin for C(, 1) (=1, 2, ..., 16) are in
ascending order. Also, for a given index i, C(7, ) (=1,
2, ..., 16) are arranged such that the values of PCmiy
are in ascending order.

Seacoast

Test Flowers Street

Fig. 9 Sixteen training images for cross-content evaluation

The procedure to select 16 images from C(Z, j)
(=12, ..., 16; =1, 2, ..., 16) is explained using an
example given in Fig. 10. For simplicity, the ranges
of'i and j are assumed to be 1 to 8. Fig. 10a illustrates
the values of PCy;imin for C(1, ) and C(2,)) (=1, 2, ...,
8). C(1, 1) represents the image with the smallest
value of PCy;min. It is selected as the first image to be
used for human visual experiments. Differences
between C(1, 1) and C(2, j) (=1, 2, ..., 8) are cal-
culated. When the JND difference is greater than 1
and smaller than 3, the corresponding C(2, j) is se-
lected as the next training image for human visual
experiments. When none of C(2, j) (=1, 2, ..., 8)
satisfy this condition, image generation by varying
the lightness, chroma, and sharpness is repeated.
Similarly, the remaining sample images are selected
for human visual experiments.

In this study, 16 images are generated to repre-
sent different levels of contrast for each of the images
in Fig. 9. Among the 256 images of C(i, j) (i=1, 2, ...,
16; j=1, 2, ..., 16), 16 images are selected based on
the values of PCy;min using the aforementioned pro-
cedure. They serve as training images for model
generation.

1.0
@ 5.
2.0
250
3.0

-35}-
4.0
4.5}
5.0}
_55 ....................... —— C(1,j’) —_ c(2,j) .
_60 1 1 1 1 1 1

PCuithin

(b) —e— C(1,)) —8— O(2,j) —— C(3.)) C(4,))
10f++ —%— C(5,)) —e— C6.)) C(7,j) —+— C@.))

PCuithin

6 I 1 1 1 1 1 1 1
C(i1) C(i,2) C(i,3) C(i4) C(i,5) C(i,6) C(i,7) C(i,8)
Image index

Fig. 10 Example for the selection of training images in
cross-content evaluation

(a) Selection of training images for C(1, j) and C(2, j); (b)
Selection of eight training images. Solid squares represent
the selected images satisfying the JND condition in this
example; dashed squares represent the candidates in C(2, ;)
before image selection

The following model for cross-content evalua-
tion is generated by applying the linear regression
technique to the subjective scores of human visual
experiments and objective values of four attributes:

PC,.. =(0.0523V,,, +0.0284¥,; )+0.0292V.
+0.0430¥, . —7.1876, 7)

where PC,ss represents the proposed measure for
cross-content evaluation. The weight of V1 ¢ in Eq. (7)
is much smaller than that in Eq. (6). This may be due
to the fact that image details are not the major regions
of interest for cross-content evaluation because there
is no reference. However, the brightest and darkest
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areas on images are the most likely regions of interest
for cross-content evaluation. This may be the reason
why the weight of Vprp in Eq. (7) is much greater
than that in Eq. (6).

Table 2 lists the calculated P-values for the at-
tributes of the proposed evaluation model and SIP.
Again, note that the SIP model is generated using the
same training images selected in this study for fair
comparison. For the proposed model, the P-values
for Vger and Viec are less than 0.05, but the P-value
for Vic is greater than 0.05. However, all P-values
for three attributes in SIP are greater than 0.05.

Table 2 P-values for 16 training images of cross-

content evaluation

Proposed measure P SIP P
Vaer 0.0013 oL 0.0736
Vaee 0.0349 oc 0.0915
Vic 0.0912 Oin 0.1859

Vsew represents the value of global contrast in luminance in Eq. (1);
Vsee and Vic describe the global contrast in chroma and local con-
trast, respectively. o1, oc, and oy represent the standard deviations
of lightness, chroma, and high-passed lightness, respectively. Bold
fonts indicate the P-values that are smaller than 0.05

4 Performance evaluation

Separate visual experiments were performed
independently using test images. In addition to paired
comparison, the category judgment method (Bartle-
son, 1984; Engeldrum, 2000) was employed for the
visual experiments. For the category judgment
method, observers were asked to classify the image
into one of the seven ordered categories based on
their impression of contrast. The seven categories
were labeled as highest, very high, high, moderate,
mild, very little, and least, representing different
levels of contrast perception, and assigned scores of
7 to 1, from highest to least. The averaged score
serves as the result of category judgment for the test
image.

To compare the performance of the proposed
models, five different contrast assessment models
were used, including the Tenengrad criterion (TEN)
(Krotkov, 1989), measure of enhancement (EME)
(Agaian et al., 2007), the global contrast factor (GCF)
(Matkovic et al., 2005), SIP (Calabria and Fairchild,
2003b), and L"a'b"-variance (Pedersen et al., 2008).
TEN is a local contrast measure based on gradient

information (Krotkov, 1989). EME is defined as the
average of Weber’s contrast calculated for non-over-
lapping sub-images (Agaian et al., 2007). GCF is
defined as the weighted sum of averages of lumi-
nance differences between neighboring pixels cal-
culated at various image resolutions (Matkovic et al.,
2005). SIP is defined as a linear combination of
standard deviations of lightness, chroma, and
high-passed lightness (Calabria and Fairchild,
2003b). L a b -variation is specified by the geomet-
ric mean of three variances of L*, a*, and b" in the
CIE L'a’b" color space (Pedersen et al., 2008).

The performance of contrast assessment models
was evaluated according to the correlation coefficient
between the subjective scores from the human visual
experiments using test images and the calculated
values of the models.

4.1 Performance of within-content evaluation

The 16 test images illustrated in Fig. 11 were
used in visual experiments for model evaluation.

Scene Island

Basket

Portrait Moto Street

Fig. 11 Sixteen test images for within-content evaluation
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4.1.1 Performance evaluation based on paired com- 4.2 Performance of cross-content evaluation

parison The 16 test images illustrated in Fig. 12 were

Subjective scores from human visual experi- used in visual experiments for model evaluation.
ments based on paired comparison were calculated

. Table 4 Model evaluation for within-content based on
by the Case V of Thurstone’s law of comparative

category judgment
judgments (Thurstone, 1927). The correlation coef- b -
Juce ( 27) e Test  1pNy BME GeF o osiP L90T peun
ficients calculated for test images are listed in Table 3. image variance

The proposed measure PCy;inin achieves a higher Goalkeeper 0.89 092 091 091 073 094
value of correlation coefficient Ry;mi, compared with Scene 0.82 082 084 051 067 094

) ) ; Island 0.78 0.77 080 096 0095 0.95
previous methods employed in the experiments. Path 084 081 08 089 094 0093
Moreover, there are no significant variations in the Building 088 0.81 0.88 095 098 0.96

values of Ry;imin by the proposed measure. However, Flower 074 078 077 0.77 0.85 095

previous works do not provide consistent values of Gr.ass 074 076 077 092 083 093
R forall 16 test imaces. Wine 073 079 074 090 094 096
within g Sailboat  0.81 0.83 0.83 0.88 0.93 095
Dome 079 079 082 085 090 092
Table 3 Model evaluation for within-content based on Basket 064 074 064 0585 0.80 0.90
paired comparison Colosseo  0.80 0.83 0.84 084 084 091
Test TEN EME GCF SIP L*q*b*- Con Portrait 0.74 081 076 092 091 092
image variance Moto 081 082 081 087 095 094
Goalkeeper (086 0.88 0.88 091 082  0.98 Ski 0.75 081 077 095 085 0.95
Scene 082 081 083 093 072 097 Street 083 0.86 084 093 096 0.96
Island 086 084 087 097 095 098 Average 079 0.81 0.80 0.89 0.88 0.94
Path 0.84 081 0.84 087 0.89 092
Building 088 081 089 091 092 092
Flower 0.68 073 0.71 0.76 090 097
Grass 0.81 0.83 0.83 090 0.80 093
Wine 074 080 0.75 088 0.97 098
Sailboat 082 083 084 092 09 098
Dome 082 082 0.86 090 091 094 :
Basket 066 078 067 082 080 092 Sky Goalkeeper Parrot

Colosseo 0.80 083 0.84 088 08 094
Portrait 0.83 091 085 081 0.88 0.91

Moto 081 081 0.83 090 096 097
Ski 074 0.81 076 095 085 096
Street 084 089 085 095 096 097

Average 0.80 082 0.82 089 0.89 0.95

4.1.2 Performance evaluation based on category
judgment

In addition to paired comparison, the results
from category judgment were used to verify the
performance of the proposed model for within-
content evaluation. The correlation coefficients cal-
culated for test images are listed in Table 4. The pro-
posed measure PCy;mi, achieves a higher value of =l .
Ryithin compared with previous methods used in the ~ Path Buiding

Blue Scene

Garden

experiments. Fig. 12 Sixteen test images for cross-content evaluation
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4.2.1 Performance evaluation based on paired com-
parison

Fig. 13 illustrates the relationships between the
objective measures and subjective scores from hu-
man visual experiments using test images. Unlike
previous measures in Figs. 13a—13e, the proposed
measure in Eq. (7) provides an approximately linear
relationship with subjective scores, as illustrated in
Fig. 13f.

The performance of six different contrast as-
sessment methods can also be verified by calculating
the correlation coefficients R s between the sub-
jective scores from the human visual experiments
and the values of objective measures. Table 5 shows
the results.

Compared with the within-content evaluation in
Table 3, the values of correlation coefficients based
on the previous methods are considerably reduced for
cross-content evaluation. Drop in the values of the
correlation coefficients for previous methods may be
due to the fact that observers mostly rely on global
contrast rather than local contrast when evaluating
images with different contents. Among the five pre-
vious works employed in the experiments, SIP yields
the highest correlation coefficients of 0.74 because
three attributes of SIP can describe both the global
and local contrasts. In contrast, the proposed model

907

for cross-content evaluation yields a correlation co-
efficient of 0.90. It outperforms all previous works
employed in the experiments.

Table 5 Model evaluation for cross-content based on
paired comparison

L'a'b'-

Image JND TEN EME GCF SIP variance PCeross
Sky —2.54 747620 483 049 199 2089 -332
Goalkeeper —1.90 475382 5.69 0.65 1.82 16.65 —2.88
Parrot —-1.56 115543 353 039 198 2939 -1.94
Island —0.12 1950505 9.81 1.01 2.85 2345 -2.16
Sunset —1.05 1067899 14.21 0.58 3.24 3090 -1.23
Grass —-1.34 798451 7.82 0.71 174 2095 -141
Sailboat —0.74 1029266 6.70 0.69 237 1949 -1.22
Wall 0.28 3143653 19.10 1.54 243 21.17 -1.79
Blue 1.29 1099854 854 0.68 242 2544 -032
Scene —0.01 1367712 9.26 0.88 2.69 2995 -1.29
Flower 1.66 1449847 8.65 1.05 2.76 3433 -0.16
Girl 1.63 2123913 29.63 126 441 3733 0.20
Path 0.93 4307378 20.21 2.02 3.50 31.18 -0.12
Building 0.18 3485316 20.85 1.57 298 29.06 -133
Garden 1.50 6139658 30.54 239 3.73 3278 045
Wine 1.81 5102878 40.84 2.40 526 41.07 0.77

Reross 0.67 070 0.71 074 0.72 0.90

Smaller JND values indicate lower levels of the perceived contrast.
The third to seventh columns contain the calculated measures de-
fined in previous methods. The last column shows the values of
PC.oss defined in Eq. (7). Reross 18 the correlation coefficient for cross-
content evaluation
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S I R R LT
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aQ 5 I}
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Fig. 13 Objective measures vs. subjective scores for 16 test images of cross-content evaluation
(a) TEN; (b) EME; (c) GCF; (d) SIP; () L'a"b -variance; (f) Proposed measure
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4.2.2 Performance evaluation based on category
judgment

The results from category judgment are also
used to verify the performance of the proposed model
for cross-content evaluation. The correlation coeffi-
cients calculated for test images are listed in Table 6.
The proposed measure PC,,yss outperforms those of
previous methods used in the experiments with a
much higher value of R ;s

Table 6 Model evaluation for cross-content based on
category judgment

TEN EME GCF SIP L%P- pc. .

Image Degree .
variance

Sky 242 747620 4.83 049 199 2089 -3.32
Goalkeeper 2.83 475382 5.69 0.65 182 16.65 -2.88
Parrot 350 115543 353 039 198 2939 -194
Island 4.33 1950505 9.81 1.01 2.85 2345 -2.16
Sunset 3.75 1067899 1421 0.58 3.24 3090 -—1.23
Grass 358 798451 7.82 0.71 1.74 2095 -—1.41
Sailboat 433 1029266 6.70 0.69 237 1949 -1.22
Wall 5.00 3143653 19.10 1.54 243 21.17 -1.79
Blue 583 1099854 8.54 0.68 242 2544 —0.32
Scene 5.08 1367712 9.26 088 269 2995 -1.29
Flower 592 1449847 8.65 1.05 276 3433 —0.16
Girl 6.00 2123913 29.63 1.26 4.41 3733 0.20
Path 5.67 4307378 20.21 2.02 3.50 31.18 —0.12

Building 4.92 3485316 20.85 1.57 298 29.06 —1.33
Garden 5.83 6139658 30.54 239 3.73 3278 045
Wine 6.42 5102878 40.84 240 526 41.07 0.77

Reross 066 0.70 0.71 0.73 0.73 091

The second column represents the results of category judgment.
Smaller values indicate lower levels of the perceived contrast

To summarize the results of experiments,
Table 7 lists the correlation coefficients, Ry;min and
Rioss, for within- and cross-content evaluations.
Paired comparison and category judgment result in
similar values of correlation coefficients.

Table 7 Comparison of Ry;ui, and R

Rwithin Rcross
Paired comparison 0.95 0.90
Category judgment 0.94 0.91

4.3 Effect of hue subsections

To investigate the effect of hue subsection to
calculate Vgec in Eq. (2), the correlation coefficients
Rgcc between Vgec and the results of human visual

experiments using test images were calculated for
various numbers of hue subsections (V). Fig. 14
illustrates the results of Rgcc for five different values
of N;. There are no significant differences in the
values of Rgcc when Nj is greater than 8. N is set to
90 in this study.

0.80

1 8 30 60 9

Ns
Fig. 14 Relationship between the number of hue subsec-
tions (/Vy) and the correlation coefficient between Vgcc
and the results of human visual experiments (Rgcc)

5 Conclusions

This paper deals with new contrast evaluation
models that faithfully match visual perception. At-
tributes describing global and local contrasts are
selected based on the characteristics of contrast per-
ception. Global contrast indicates a perceived dif-
ference in luminance and chroma. Local contrast
describes the distinguishable degree of image details.
Two separate contrast evaluation models are pro-
posed: within- and cross-content evaluations. The
proposed models are defined as the linear combina-
tions of the selected attributes. Local contrast plays
an important role in within-content evaluation.
However, global contrast dominates in cross-content
evaluation where there is no reference image. Results
of the experiments show that the proposed models
outperform previous works, especially for cross-
content evaluation.
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