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The ongoing development of the digital media has brought a new set of challenges with
it. As images containing more than three wavelength bands, often called spectral images,
are becoming a more integral part of everyday life, problems in the quality of the RGB
reproduction from the spectral images have turned into an important area of research.
The notion of image quality is often thought to comprise two distinctive areas - image
quality itself and image �delity, both dealing with similar questions, image quality being
the degree of excellence of the image, and image �delity the measure of the match of the
image under study to the original.

In this thesis, both image �delity and image quality are considered, with an emphasis
on the in�uence of color and spectral image features on both. There are very few works
dedicated to the quality and �delity of spectral images. Several novel image �delity
measures were developed in this study, which include kernel similarity measures and
3D-SSIM (structural similarity index). The kernel measures incorporate the polynomial,
Gaussian radial basis function (RBF) and sigmoid kernels. The 3D-SSIM is an extension
of a traditional gray-scale SSIM measure developed to incorporate spectral data. The
novel image quality model presented in this study is based on the assumption that the
statistical parameters of the spectra of an image in�uence the overall appearance. The
spectral image quality model comprises three parameters of quality: colorfulness, vivid-
ness and naturalness. The quality prediction is done by modeling the preference function
expressed in JNDs (just noticeable di�erence). Both image �delity measures and the
image quality model have proven to be e�ective in the respective experiments.
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Chapter I
Introduction

The nature and the scope of imaging have been undergoing dramatic changes in the
recent years. The latest trend is the appearance of multiprimary displays and printers
that reproduce images with a closer spectral match to the original scene captured [46, 86].
The appearance of such devices gives rise to a problem already existing for conventional
tools - the assessment of perceptual image quality given only the physical parameters
of the image. The demand for a quantitative analysis of image quality has dramatically
increased.

1.1 Background

The invention of the �rst optical instruments, the optical telescope and microscope (1600-
1620), created the notion of "the quality of the image" in science. This concept reoc-
cured with an application to photography in 1860-1930, was further developed with the
appearance of cinematography and television in 1935-1955, and keeps developing today
[32]. Image quality research has traditionally been associated with the detection of vis-
ible distortions in an image, such as blockiness, noise or any other artefacts introduced
by imaging or transmitting systems [25]. This approach led to a common misconception
of the term "image quality" and that, in turn, brought about the problem of the de�ni-
tion of this notion [94]. Another source of ambiguities is the fact that the term image
quality is an intuitive concept that has vague boundaries closely connected with human
perception [55]. In order to be able to give a de�nition for this notion, it is necessary to
look into its constituents. First of all, it is necessary to de�ne what is meant by quality,
what images are, what the end users are, and hence what the requirements imposed upon
image displays are.
The main areas of application of image quality research lie in the design of imaging
chains and their components, those that can further be used in medical, forensic and
many other scienti�c and industrial applications [17]. At the end of every imaging chain,
there usually is a human observer who makes a judgment of whether the image received
is of quality good enough for the intended application [31]. Having human observers as
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12 1. Introduction

end-users of image quality assessment sets signi�cant restrictions. A number of visual
e�ects imposed by the human visual system should be taken into account.

One more constraint on the term image quality is connected with the part of the imaging
chain to which the quality of the images is connected, i.e. image acquisition, record-
ing, transmission and reproduction systems. Each of these parts puts forward speci�c
demands, requirements and tasks associated with them [76].

Considering all of the above, we can move on to the de�nition of the term image quality
itself. According to Merriam-Webster's dictionary, the notion of quality can be de�ned
as [11]:

• a peculiar and essential character;

• an inherent feature;

• the degree of excellence;

• a distinguishing attribute;

• the attribute of an elementary sensation that makes it fundamentally unlike any
other sensation.

Thus, the degree of excellence of the image can be put as the basis of the working de�-
nition of image quality. To limit the scope of this work, the assumption has to be made
that by an image in this work we assume the digital form of images. A gray-level image
in general, as de�ned by Gonzalez and Woods [45], is a two-dimensional function f(x, y),
where the values of the function are gray-level intensities of the image. Color images,
e.g. RGB, CIELAB or CIELUV color images consist of three planes representing red,
green and blue color intensity values, respectively, for RGB images or luminance and
two chrominance color components [47, 95]. Thus, the color image is a three-dimensional
matrix, with the third being the color or so called spectral dimension. Spectral images,
being a particular class of images, are also presented as three dimensional matrices. The
only di�erence is that the third dimension can contain more than three components [21].
At the same time, a digital image, be it gray-level or spectral, can be considered from
several points of view. On the one hand, they are two or three-dimensional, in the case
of spectral images, signals or functions; on the other hand, images are carriers of visual
information. These two viewpoints produce two di�erent de�nitions and consequently
two approaches to image quality: image �delity and image quality itself. Furthermore,
visuo-cognitive processing is an essential stage of human interaction with the environ-
ment. Thus, image quality should be described in terms of adequacy of the image for
the given task rather than of the visibility of distortions [56]. Given all of the above, a
de�nition given by Brian Keelan [64] presents the most adequate interpretation of the
term "image quality" for our research:

Image quality - "an impression of [image] merit or excellence, as perceived by an ob-
server neither associated with the act of ... [acquisition], nor closely involved with
the subject matter depicted" [64].
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A few words should be said about the choice of the observer. As stated in the de�nition
of image quality, the observer should be neither the one taking the image nor the one
being the subject of the image. Both of the parties are closely connected with the image
content and have requirements that are not readily quanti�able and hard to model. For
photographers, such attributes would include lighting quality or composition, and for the
subject of the image that would be e.g. "preserving a cherished memory or conveying a
subject's essence" [64]. Thus, research concentrating on the �eld of image quality should
limit the observers participating in the experiments [26, 64].
Image �delity is a complementary notion to image quality. It is important not to confuse
these terms [12, 41, 89] since these notions are related, but are often negatively corre-
lated. The two are sometimes used interchangeably. Image �delity can be de�ned as
the visibility of a distortion or information loss, while image quality refers primarily to a
degree of preference of the image [89]. The term image quality is harder to quantify and
predict since the perception of the quality of the image is a multidimensional sensation,
meaning that the judgment depends on a number of factors in complex combinations
[38]. Images with signi�cant distortions can often be perceived as having higher qual-
ity. Engeldrum [32] distinguishes image quality and image impairment approaches to
image appearance evaluation. The quality approach, according to Engeldrum, models
the judgment of image quality directly, independent of the reference, while the impair-
ment approach quanti�es the degradation of the quality from a certain ideal or point
of reference. According to Farell [38], image �delity can be expressed in terms of the
probability of detection of a distortion, often called threshold judgments. Image quality,
in turn, is quanti�ed by suprathreshold judgments - preference or rank ordering. These
two dissimilar approaches originate from di�erent areas of application of the resulting
images. On the one hand, television, image compression, and optics have as the origin
an "original" or "ideal" image, which is impossible to capture or transmit due to some
system limitations. An alternative viewpoint comes from photography and digital imag-
ing systems, where the original image does not exist, and only a mental image can serve
as such [32]. The most general de�nition of the term is given by Yendrikhovskij [97]:

Image �delity - "the degree of apparent match of the reproduced image with the ex-
ternal reference, i.e. original" [97].

The term "original" here comprises a number of media: a natural scene, an image from
another device (display, printer, projector, etc.) or any other unprocessed image [97].
From the historical point of view, the concept of a reference or original image, widely
used in image �delity research, �rst appeared in the work of George B. Airy in 1834,
when he formulated a di�raction pattern of a clear circular aperture - the "Airy disk".
This physical limit became the measure of ultimate image quality [32]. Optical Image
Quality deviations appeared in 1902 in the famous work by K. Stehl - the Stehl intensity
ratio [68], �rst de�ned as an "image quality measure" [32, 68]. These measures continued
with "image �delity" de�ned as the mean-squared-error di�erence, "relative structural
content" and "correlation quality" [68] that lay the groundwork for future research e�orts
[32].
A natural classi�cation of both image quality and image �delity research originates from
the degree of involvement of the observer in the assessment process. Based upon this
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attribute, image quality research can be divided into subjective and objective methods
[53].
Objective [94] image assessment methods concentrate on �nding quantitative measures
that can automatically predict perceived image quality and image �delity. Techniques
that belong to this area of research are based upon some physical measures or some image
characteristics that somehow describe the appearance of the image [32].
Subjective methods of image quality and �delity [87] evaluation require performing hu-
man visual test assessments that would yield the evaluation of the image. One of the
most common examples of such tests is the mean opinion score (MOS). A human observer
is used in such kind of research as the measurement instrument [32].
The two approaches form di�erent kinds of tasks as the origin: subjective assessment
methods attempt to measure the quality or �delity, while objective methods seek to
predict these, i.e. to estimate the overall impression of a given image based upon its
inherent features [55].

1.2 Research Problem

In this work, the problem of the quality and �delity of color and spectral images is con-
sidered. There are very few works dedicated to spectral image assessment [15, 62, 61].
This thesis deals primarily with issues of image quality and image �delity in the spectral
domain, ignoring speci�c spatial distortions. Combining both spatial and spectral ap-
proaches is the topic of future investigation. It has been touched upon in Publication VII
and thus will not be considered in detail in this thesis.
Image quality research began in an attempt to �nd a relationship between spectral im-
age appearance and the statistical characteristics of the image under study. The main
question that was asked at the time was whether it is possible to predict and a�ect im-
age appearance and consequently image quality using statistical image attributes, and
what the preference function is in this case. This idea later evolved into the Spectral
Appearance Model that would allow the assessment and prediction of spectral image
quality.
Image �delity research originated in a study of the possibility of applying conventional
color image �delity measures to spectral images, and led to the development of the
novel kernel similarity measures. The main research question was to �nd image �delity
measures that would allow the quanti�cation of speci�c spectral distortions introduced
into the image, and at the same time would model human perception of the �delity of
spectral images.

1.3 Overview and Aims of the Thesis

This study is dedicated to color and spectral image quality and �delity, and the structure
of the thesis re�ects the main research problem of this work. This thesis is divided into
six chapters. Chapter 1 introduces the research �eld, research problem and objectives of
the thesis.
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Following the introduction, Chapter 2 presents the notion of image �delity; the most
prominent measures developed in the �eld are given here. Novel objective image �delity
metrics developed in this thesis are also described. The measures include kernel similarity
measures and 3D-SSIM.
Chapter 3 presents the second part of the research - image quality. The most signi�cant
objective image quality models existing in this area of research are described, and the
novel model developed for spectral images is given on top of that.
Chapter 4 completes the theoretical basis of image quality and image �delity description
by presenting some of the works in the �eld of subjective image quality and image �delity.
Chapter 5 presents the practical results of both parts of the thesis, i.e. image �delity and
image quality. Preliminary conclusions are given in this chapter. Image datasets used in
the thesis are described.
Chapter 6 contains discussion, conclusions and possible future research directions. The
thesis is concluded with an appendix containing the publications. An overview of the
publications is given in Section 1.4.

1.4 Summary of Publications

This thesis contains seven publications: one journal article, which has been published in
an international journal and six conference papers. The publications can be divided into
two broad topic areas. Publication I, Publication VI, and Publication V are dedicated
to the topic of image quality, while Publication II, Publication III, Publication IV, and
Publication VII deal with image �delity.
Publication I introduces a Spectral Color Appearance model based on the statistical
image model that sets a relationship between the parameters of the spectral and color
images, and the overall appearance of the image. A set of tests on the capability of
the model to evaluate image quality and predict observer judgments is included. The
author of this thesis developed the model based on Vladimir Botchko's idea, performed
the experiments, and wrote the article.
Publication II introduces a set of color similarity metrics in a spectral space. These
are based on a popular pattern recognition technique - kernels. Three measures are
proposed: the polynomial, Gaussian radial basis function (RBF) and sigmoid kernels.
These are tested against a Munsell Matte spectral dataset [3], and compared with twelve
conventional measures from [49]. Publication II is based on ideas of the author and
Pekka Toivanen, the implementation and experiments were performed by the author.
The author of the thesis was also the principal author of the publication.
The measures proposed in Publication II are used in Publication III to create a Spectral
Image Distortion Map - a technique of spectral image �delity evaluation. As a result, a
gray-scale spectral distortion image is obtained, where the intensity of each of the pixels
is a di�erence between the original image and the distorted one. The author proposed the
idea, developed the algorithm, performed the experiments and was the principal author
of the publication.
Publication IV is an extended journal version of Publication II, and most of the previously
presented material is repeated. The color similarity measures and the experiments are
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described in more detail. In addition, results of the tests on the performance of the
measures against a database of metameric colors are included. The author developed
and implemented the metrics, and wrote the article.
Publication V is an extension of Publication I, where the Spectral Color Appearance
Model is further tested in a set of paired comparison experiments. The experiments are
performed in a manner yielding assessments calibrated in JNDs of overall quality. A
mean quality loss function is presented over all of the scenes and observers. The author
of the thesis performed the experiments, gathered and analyzed the results, and wrote
the article.
Publication VI is an extension of the previously published Publication I, where the Spec-
tral Color Appearance Model is improved by adding the parameter Naturalness. A set of
subjective tests on the performance of the model as a whole is also included. The author
produced the idea, created the tests and gathered expert data, generalized the results
obtained, and wrote the article.
Publication VII introduces an extension of the conventional gray-scale image based tech-
nique SSIM (structural similarity index) [94]. The novel 3D-SSIM is used as a spectral
image �delity measure. The performance of the 3D-SSIM is compared with the measures
proposed in Publication II and a subjective quality measure - the Perceptual Image Dis-
tortion Map [101]. The author performed the tests, generalized the ideas and wrote the
article.



Chapter II
Image Fidelity

Image �delity according to Yendrikhovskij [97] can be de�ned as the degree of an apparent
match of the image under study with an external reference also called the original. Thus
image �delity measures can be considered as perceptual error measures. The original can
be a natural scene, an image from another device (display, printer, projector, etc.) or
any other unprocessed image [97]. By image in this chapter we assume three-dimensional
signals or functions [45]. The purpose of the �delity assessment, in turn, is improvement
of the images to be used by human observers.
Several assumptions, which rule out signi�cant ambiguities, have to be made before
engaging in image �delity research. According to de Ridder [25] one of the most important
implicit considerations is that the original image is always the one with the higher degree
of quality and consequently preference. Another restriction is that image �delity can
not be determined without a direct comparison between the original and the processed
images [25]. By image �delity in this case we assume objective image �delity methods,
i.e. qualitative measures that can automatically predict perceived image �delity [32].
The main task of any objective image �delity research is to �nd a measure that would
allow modeling of the human visual system (HVS) response in the task of image �delity
evaluation, based on some physical or statistical characteristics of the images under study
[54]. The wide range of existing measures vary in the number and type of physical image
parameters and statistical image characteristics that constitute them.
Many of the physical attributes used in image �delity research originated from analogue
systems. Some of the most popular physical parameters are given in Table 2.1 [54]. The
�rst column lists some of the main attributes assessed, and the second column presents
consequent physical measures that give the estimate of image attributes.
Here PSF stands for the Point Spread Function, OTF for the Optical Transfer Function,
LSF for the Line Spectral Frequencies, MTF for the Modulation Transfer Function, and
DQE for the Detective Quantum E�ciency [54].
Although the list is far from being complete, measures based upon these are widely used
in research and industrial applications.

17



18 2. Image Fidelity

Table 2.1: Physical parameters of image quality [54]
Attribute Physical measure

Color Spectral data, chromaticity diagrams, color spaces

Tone (contrast) Density, pixel value, characteristic curve, tone repro-
duction curve, gamma, histogram

Resolution (detail) Resolving power, l/mm, dpi, ppi

Sharpness (edges) Acutance, PSF, OTF, LSF, MTF

Noise Granularity, noise power (Wiener) spectra, autocor-
relation function

Information Entropy, information capacity, DQE

In this thesis, we deal primarily with color and spectral image �delity measures, and
measures that can be applied to both gray-scale and color images. According to Hild
[48], the criteria for a successful color �delity measure are as follows:

• the similarity measure should account for the perceptual di�erences in the color
attributes in a balanced way;

• the functional relation between a single color attribute and a similarity measure
should be one-to-one;

• the functional relation between the values of the �delity measure and the color
features of the image should be monotonous;

• the whole range of color characteristics of the image should map into the full range
of the similarity measure;

• there should be a possibility of adjusting the sensitivity of the measures.

The measures considered in this thesis comply with the principles mentioned above, and
moreover, these were put in the basis of the development process of the image �delity
research performed.
At the moment, there are various classi�cation methods for image �delity measures. One
of the most comprehensive overviews of these metrics is presented by Avcibas [16]. The
categories proposed are [16]:

• pixel di�erence-based measures (such as the mean squared error and the formulae
derived from it);

• correlation-based measures, i.e. correlation between pixels and vector angular di-
rections (e.g. mean angle similarity, normalized cross-correlation [14]);
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• edge-based measures, edge displacements and precision (e.g. the Pratt edge mea-
sure [84], edge stability [22]);

• spectral distance-based measures, i.e. Fourier magnitude or phase spectral discrep-
ancy (e.g. the spectral phase error, the block spectral magnitude error [69, 77]);

• context-based measures, i.e. distortion measures based on multidimensional context
probability (e.g. the Hellinger distance, the rate distortion measure [83]);

• HVS-based measures, i.e. HVS-weighed spectral distortion measures or browsing
similarity (e.g. the HVS absolute norm, DCTune [42]).

This categorization was chosen as the basis of the classi�cation of the measures given in
this thesis.

2.1 Pixel Di�erence Based Measures

According to Avcibas [16], these measures calculate the distortions between the images
on the basis of the pixelwise di�erences or the moments of the error images.
One of the most widely used image �delity measures that falls into this category is the
mean squared error (MSE), computed as a mean of the squared di�erence between the
original and modi�ed images [55].

MSE(I, I ′) =
1

NM

N∑

i=1

M∑

j=1

|I ′(i, j)− I(i, j)|2, (2.1)

where I(i, j) and I ′(i, j) are luminances of the original and distorted images I and I ′ of
the pixels with coordinates i and j, respectively, and the image size is M ×N . The MSE
is abbreviated as MSE(I, I ′) for simplicity, with i and j omitted.
An extension of the MSE often used in literature is the Peak Signal-to-Noise Ratio
(PSNR). The PSNR is, in fact, a normalized version of the MSE [55].

PSNR = 10 log10

R2

MSE
, (2.2)

where R is the luminance range of the display media. These measures and the formu-
lae derived from them have the bene�t of simplicity in understanding and realization.
However, these have a weak correlation with the perceived visual quality [44].

2.1.1 CIELAB Based Measures

CIE ∆E L*a*b* [4] was recommended by the Commission International d'Eclairage
(CIE) in 1976. L*a*b* is a perceptually uniform color space, where L* is the lightness
scale, a* is the red-green scale, and b* is yellow-blue. CIE ∆E L*a*b* computes a
Euclidean distance between corresponding pixels in the original and modi�ed images in
the L*a*b* color space [4]:
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∆E =
√

(∆L∗)2 + (∆a∗)2 + (∆b∗)2. (2.3)

One ∆E unit is equivalent to a threshold detection perceptual color di�erence. Calculat-
ing the dissimilarity in the L*a*b* color space ensures that equal ∆E values correspond
to equal perceptual distances. However, this measure su�ers the drawback of being
perceptually non-uniform [9].

In an attempt to improve CIE ∆E L*a*b*, a number of measures have been introduced:
CIE94 (CIE ∆E94 L*a*b* ), the Bradford University color di�erence equation (BFD(` :
c)) [71, 72], the Colour Measurement Committee (CMC(` : c)) [23] equation and the
Leeds Colour Di�erence (LCD) [66, 78] equation [70]. The measures have proven to
perform better than the conventional CIE ∆E L*a*b*. However, these are still not the
perfect color di�erencing solution at the same time. All four can be reduced to a generic
equation representing the following formulae [70]:

∆E =

√(
∆L∗
kLSL

)2

+
(

∆C∗
kCSC

)2

+
(

∆H∗
kHSH

)2

+ ∆R, (2.4)

where SL, SC and SH are weighting functions for lightness, chroma and hue components.
∆L∗, ∆C∗, ∆H∗ are CIE L*a*b* lightness, chroma and hue di�erences, and SL is equal
to one in CIE94. kL, kC and kH are parametric factors adjusted in accordance with the
viewing conditions (texture, background, separation). ∆R is an interactive term between
the chroma and hue di�erence expressed as [70]:

∆R = RT f(∆C ∗∆H∗). (2.5)

For CMC(` : c) [23] and CIE94 ∆R is equal to zero, and RT is slightly di�erent for LCD
formula [66, 78]. The chroma is calculated, in turn, as [70]

C∗ab =
√

a ∗2 +b∗2. (2.6)

Hue is de�ned as [70]

H∗
ab = tan−1(b∗/a∗). (2.7)

Despite the seeming similarity, the equations have signi�cant discrepancies in lightness
and hue estimation [70].

Further development of the famous ∆E equation led to the emergence of the CIEDE2000
[9] equation, which would be able to account for the characteristics of the HVS in the task
of image �delity evaluation. There have been several attempts to perfect the conventional
measure to be able to achieve perceptual uniformity. The �nal equation is formed in the
following way: �rst L*, a*, b* and C* are computed as [70]
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L∗ = 116f(Y/Yn)− 16
a∗ = 500[f(X/Xn)− f(Y/Yn)]
b∗ = 200[f(Y/Yn)− f(Z/Zn)]
C∗ab =

√
a ∗2 +b∗2,

(2.8)

where X, Y and Z are CIE 1931 XYZ tristimulus values [2] of a given color, Xn, Yn and
Zn are the tristimulus values of the reference white point, and conversion function f(I)
is de�ned as [70]

f(I) =
{

I1/3 for I > 0.008856
f(I) = 7.7871 + 16/116 otherwise.

(2.9)

Then all of thus received L*, a*, b* and C* are rescaled to account for the human
perception features as [70]

L′ = L∗

a′ = (1 + G)a∗

b′ = b∗

C ′ =
√

a′2 + b′2

h′ = tan−1(b′/a′),

(2.10)

where rescaling function G is de�ned as [70]

G = 0.5

(
1−

√√√√ C∗7ab

C∗7ab + 257

)
, (2.11)

where C∗ab is the arithmetic mean of C∗ab for a pair of samples.
∆L′, ∆C ′ and ∆H ′ are calculated then, where the �rst two are just di�erences between
the values in the original and modi�ed images, and ∆H ′ has a slightly di�erent form
[70]:

∆H ′ = 2
√

C ′bC ′s sin
(

∆h′

2

)
, (2.12)

where ∆h′ is computed similarly to ∆L′, ∆C ′. The hue di�erence thus takes into account
the angle between the chroma vectors in original C ′b and modi�ed C ′s images. The overall
CIEDE2000 has the following form [9, 70]:

∆E =

√(
∆L′

kLSL

)2

+
(

∆C ′

kCSC

)2

+
(

∆H ′

kHSH

)2

+ RT

(
∆C ′

kCSC

)(
∆H ′

kHSH

)
, (2.13)

where the constituents of the equation have similar interpretations as those in Eq. (2.4).
The weighting function for the lightness is expressed as [70]
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SL = 1 +
0.015(L′ − 50)2√
20 + (L′ − 50)2

, (2.14)

where L′ is the mean of the lightness for a pair of samples. The weighting function for
chroma is de�ned as [70]

SC = 1 + 0.045C ′, (2.15)

where C ′ is the mean of the chroma for a pair of samples. The weighting function for
the hue proposed in [19] in turn is de�ned as

SH = 1 + 0.015C ′T, (2.16)

where T is meant to account for the angle between hue vectors [70]:

T = 1−0.17 cos(h′−30◦)+0.24 cos(2h′)+0.32 cos(3h′+6◦)−0.2 cos(4h′−63◦). (2.17)

Function RT , which was created to be able to account for the purpose of improving the
performance of the color di�erence equations in the blue region, is expressed as [70]

RT = − sin(2∆θ)RC , (2.18)

where ∆θ is given as [70]

∆θ = 30 exp{−[(h′ − 275◦)/25]2}. (2.19)

The RT function given in such a way is similar to that in LCD [66, 78] and BFD(` : c)
[71, 72] equations, with RC being slightly modi�ed to improve the performance of the
equation on neutral colors and high chroma colors [70]:

RC = 2

√√√√ C ′
7

C ′
7

+ 257
. (2.20)

These measures were designed for calculating di�erences on large uniform color patches.
However, the sensitivity of the human eye to color variations depends on spatial patterns
in the image [18, 82], ignored in CIE ∆E L*a*b* based measures.
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2.2 Measures Accounting for Image Structure

As Fairchild points out [36], signi�cant research e�orts concentrate on the issues of color
di�erences and color appearance ignoring the spatial properties of the human vision.
Moreover, works concentrating on spatial distortions, in turn, neglect the in�uence of
these artefacts on the color appearance with a few exceptions to this rule [60, 80, 94, 102].

In an attempt to create a measure that would be able to account for spatial patterns
in the task of color image �delity evaluation, a spatial extension of the conventional
measure S-CIELAB was introduced [102]. The idea behind S-CIELAB is that prior to
the calculation of CIE ∆E L*a*b*, spatial preprocessing is realized. The purpose of this
stage is to imitate spatial blurring occurring in the human eye [102].

Given all of the above, S-CIELAB is computed as follows [102]:

1. Convert the images given into an opponent color space. Bäuml, Poirson and Wan-
dell [18, 82] in a series of psychophysical experiments have determined the optimal
transformation from the CIE 1931 XYZ [2] into three opponent color planes, con-
sequently representing luminance, red-green and blue-yellow channels [102]:

O1 = 0.279X + 0.72Y − 0.107Z
O2 = −0.449X + 0.29Y − 0.077Z
O3 = 0.086X − 0.59Y + 0.501Z.

(2.21)

The CIE 1931 XYZ color space [2] is one of the �rst mathematically de�ned color
spaces, X, Y and Z in this case are the tristimulus values of red, green and blue.
This color space was built on direct measurements of the human eye and serves
nowadays as the basis for many color spaces (e.g. RGB, CIE L*a*b*) [74].

2. Each of the received images is �ltered with a two-dimensional spatial kernel of the
following form [102]:

f = kΣiwiEi, (2.22)

where k is a scale factor, and wi are weights varying for each plane separately. Ei

is calculated as follows [102]:

Ei = ki exp[−(x2 + y2)/σ2
i ], (2.23)

where ki scale factors are chosen in such a way that Ei sums to 1. σi is the spread
expressed in degrees of the visual angle. Parameters wi and σi vary for each of the
opponent color planes separately. The values of these are presented in Table 2.2.

3. The �nal stage is to perform the inverse transformation of the image after �ltering
it into CIE XYZ color coordinates, and then into the CIE L*a*b* color space. Thus
received images are subject to the CIE ∆E L*a*b* calculation.
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Table 2.2: Filter parameters for S-CIELAB [102]
Plane Weights wi Spreads σi

Luminance 0.921 0.0283
0.105 0.133
-0.108 4.336

Red-green 0.531 0.0392
0.330 0.494

Blue-yellow 0.488 0.0536
0.371 0.386

The S-CIELAB model proposed by Wandell [102] is based on the assumption that the
spatial characteristics of the HVS are isotropic. As it was shown in [52], the MTF of
the human eye depends on the directivity of the spatial frequency response, i.e. the
sensitivity of the human eye in the vertical and horizontal directions is greater than in
the diagonal direction. A two-dimensional MTF was proposed by Miyake et al. in [75].
The MTF of the human eye can be presented as [75]:

M(u, v) = M0(ω)[1− {1− γ(ω)}| sinb 2φ|], (2.24)

where u and v are spatial frequencies, b is a coe�cient, M0(ω) is the MTF of the horizontal
direction, and ω and φ are de�ned by the following equation

{
ω =

√
u2 + v2

φ = arctan u/v.
(2.25)

The modi�ed S-CIELAB is then calculated as follows: the �rst step is similar to the
conventional S-CIELAB; each of the images under consideration is transformed into the
opponent color space. After that, the MTF of the human eye is calculated with Eq.
(2.24), and thus received spectra are convolved. Then, the spatial frequency �ltering
of the original S-CIELAB is applied. The resulting di�erence is calculated using the
Euclidean distance [75].
Since the ∆E calculation is the step not connected directly to the overall S-CIELAB
calculation, some other image �delity measure can also be used as the last step of the
whole calculation.

2.2.1 Structural Similarity Index

In an attempt to create a measure that would allow us to quantify image �delity both in
the spectral and spatial domains, a 3D-SSIM measure was proposed in Publication VII.
The measure is an extension of the previously published structural similarity index
(SSIM) [94] that was created for gray-scale images. The SSIM generalizes the universal
quality index (UQI) proposed by Wang [92, 93]. The idea behind the measure according
to Wang [94] is that the human visual system (HVS) is highly adapted to extracting
structural information from the image. Wang [94] de�nes the structural information as
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inherent attributes of the image that characterize the structure of the objects in the
scene, independent of the local luminance and contrast. Thus each of the three, i.e.
luminance, contrast and structure, should be considered separately [94].
The SSIM assesses image �delity using three previously described criteria: luminance,
contrast and structure, all being relatively independent, meaning that a change in any
of them does not a�ect the rest. The overall similarity measure should comply with the
following conditions [94]:

1. Symmetry: f(x, y) = f(y, x);

2. Boundedness: f(x, y) ≤ 1;

3. Unique maximum: f(x, y) = 1 if and only if x=y,

where f(x, y) is a general form of the separate components of the SSIM.
Given all of the above, luminance l(xi, xj) can be de�ned based on the mean intensities
of the signals xi and xj [94] as

l(xi, xj) =
2µxiµxj + C1

µ2
xi

+ µ2
xj

+ C1
, (2.26)

where µxi and µxj are means of the input vectors xi and xj , respectively.
To estimate the contrast component c(xi, xj), the mean intensity is subtracted from
the signal. The contrast is then computed as the standard deviation of the resulting
zero-mean signal [94]

c(xi, xj) =
2σxiσxj + C2

σ2
xi

+ σ2
xj

+ C2
, (2.27)

where σxi and σxj are consequent standard deviations.
To be able to compute the structural component s(xi, xj), the signal should be zero-
mean and have unit standard deviation. The correlation between thus normalized vectors
de�nes the structure comparison [94]:

s(xi, xj) =
2σxixj + C3

σxiσxj + C3
, (2.28)

where σxixj is the correlation coe�cient of xi and xj , and σxi , σxj are taken from the
contrast calculation.
Terms C1, C2, and C3 introduced in Eqs. (2.26 - 2.28) are small constants, included to
avoid instability when the denominators are close to zero, and de�ned as [94]

C1 = (K1L)2, C2 = (K2L)2 and C3 = C2/2, (2.29)
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where L is the dynamic range of the pixel values (L = 255 for 8 bits/pixel gray-scale
images), and K1 À 1 and K2 À 1 are two scalar constants.
The SSIM is thus formed in the following way [94]:

SSIM(xi, xj) = [l(xi, xj)]α[c(xi, xj)]β [s(xi, xj)]γ , (2.30)

where α, β and γ are variable positive sensitivity parameters that de�ne the relative
importance of the three components. If all of the components of the SSIM are equally
important, as in this work, each of the sensitivity parameters is set to 1.
Any image �delity measure can be computed either locally or globally relative to the
image [94]. The term globally means that the measures are computed on a pixelwise
basis, while locally implies that a windowing approach is used. The use of either depends
on the metric used [94]. In the case of the SSIM it was proven in [93] that the index
should be applied locally due to a number of reasons according to [94]:

• image statistics are spatially non-stationary;

• image distortions are often space-variant;

• at a typical viewing distance only local areas of the image can be perceived with
high resolution by a standard human observer;

• localized measures result in a spatially varying �delity map, providing more infor-
mation on image impairments.

In the case of the SSIM, an 11 × 11 circular-symmetric Gaussian weighting function
normalized to the unit sum is used, with a standard deviation of 1.5 samples. Local
statistics µx, σx and σxixj are computed using this windowing approach. The overall
SSIM is computed via averaging over the entire image [94].
The technique presented in Publication VII is an extension of the SSIM. Conventional
SSIM is applied to gray-scale images, while 3D-SSIM primarily to spectral images. How-
ever, we can assume that the strong correlation between the spectra and the color repro-
duced from that spectrum would allow the assessment of color images computed from
the spectral images. The idea was to create a measure that would allow assessment of
both spatial and spectral distortions.
A similar idea was proposed for color images in [20]. To be able to adapt the SSIM
to color image assessment, the SSIM was applied to the images converted into the IPT
color space [37] to each of the channels separately, and the results were combined using
a geometrical mean [20]. IPT is a novel uniform color space. I in this color space is
lightness, the red-green dimension is denoted as P, and yellow-blue as T. The IPT color
space is designed in such a way that it accurately models the constant perceived hue [37].
In the framework of this research, two possible solutions were proposed in [28]:

1. apply the conventional two-dimensional SSIM to every band and average the result
over the whole image;
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2. extend SSIM to three dimensions (3D-SSIM).

The �rst approach is a straightforward solution, while the second requires explanation.
The idea behind the 3D-SSIM calculation is to apply a three-dimensional window instead
of a previously mentioned two-dimensional Gaussian weighting function for the calcula-
tion of the local statistics µx, σx and σxixj

, used in Eqs. (2.26 - 2.28). The weighting
function proposed in Publication VII is an 11× 11× 11 sliding window expressed as [45]

h(x, y, z) =
√

2πσA exp(−2π2σ2(x2 + y2 + z2)), (2.31)

where A and σ are constants adjusting the windowing function, σ is usually chosen to
be close to the standard deviation of the image, and x, y and z are the coordinates of
the appropriate weight, which vary from 1 to the maximal size of the window in the
appropriate direction.
Thus the algorithm of the 3D-SSIM calculation is realized as in the conventional SSIM,
except for the use of the windowing function. The reason for using a three-dimensional
window is the fact that adjacent spectral bands in an image are highly correlated, and
localized statistics contain more information about the image structure [28].
Both of the approaches of spectral image evaluation have been tested in [28]. It was shown
that the novel 3D-SSIM presented in Publication VII outperforms the conventional SSIM
applied band by band.

2.2.2 Blockwise Distortion Measure for Multispectral Images

A spectral image �delity measure proposed by Kaarna et al. [62, 61], a blockwise distor-
tion measure for lossy compression of multispectral images (BDMM), is given here as one
of the few works existing in the �eld of image �delity of spectral images. The measure is
based on a popular technique, two-dimensional blockwise distortion, modi�ed to calcu-
late the di�erence between the original spectral image and the compressed/reconstructed
spectral image. The proposed measure exhibits the following properties [61]:

• BDMM takes into account both relative and absolute errors;

• comparisons between di�erent sets of images are possible;

• independency of the coding methods;

• BDMM is based on essential characteristics of the image;

• according to [61] visual inspection of the images agrees with the results obtained
by BDMM.

The modi�ed blockwise distortion measure is computed as follows: a sliding cube of size
3×3×3 is used for computation of the characteristics of the image. The contrast, spatial
and spectral structure, and number of di�erent gray-levels are computed for each pixel
[61].
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Contrast ec characterizes the way each pixel di�ers from the background. It can be
de�ned as a local brightness change, and can be computed using standard deviation as
[90]

ec =
(σo − σcr)2

max(1, σo)
, (2.32)

where σo is the standard deviation of the original image and σcr is the standard deviation
of the compressed/reconstructed image. Normalization by σo is done in order to account
for the e�ect of the human eye being more sensitive to changes in low contrast regions
than in high contrast regions.
The spatial structure es accounts for blurring and jaggedness artefacts in an image, and
it is the response to edge detection operation in a block. The spatial structure error is
computed as a sum of all edge-detection operations normalized by the contrast value of
the block [90].

es =
(|Go

x −Gcr
x |+ |Go

y −Gcr
y |+ |Go

z −Gcr
z |)

3max(1, σo)
, (2.33)

where Gx, Gy, Gz are Laplacian edge-detection �lters extended to a three-dimensional
case for the original and the compressed/reconstructed images.
Quantization error eq gives an estimate of the blockiness in the image. It is de�ned as
the number of di�erent gray-levels Q in the block in an image [90]

eq = (Qo −Qcr)2, (2.34)

where Qo is the number of di�erent gray-levels in a block in the original image, and Qcr

in the reconstructed/compressed image.
The overall BDMM is obtained by averaging each of the error components over the whole
image [61]:

Ec =
1
s

S∑

i=1

eci, Es =
1
s

S∑

i=1

esi, Eq =
1
s

S∑

i=1

eqi, (2.35)

where S = N2M , with N2 being the number of pixels in the image and M the number
of bands in the image.
The overall BDMM is computed as follows [61]:

Elin = wcf(Ec) + wsf(Es) + wqf(Eq), (2.36)

where wc, ws and wq are consequent importance weights, and f is a scaling function
de�ned as
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f(Ei) = 1−min(1,
Ei

ki
), i = c, s, g, (2.37)

where ki is a scaling coe�cient that scales BDMM to the range [0, 1], and at the same
time serves as a threshold for Ei > ki, f(Ei) = 0 [61].

2.3 Correlation Based Measures

An alternative approach is presented by correlation based measures. It was shown in [35]
that image �delity can be quanti�ed in terms of the correlation function. These measures
incorporate correlation between pixels and vector angular directions [16]. These measures
estimate the similarity between two images under study, and therefore in this sense they
are complementary to the di�erence-based measures [15].

2.3.1 Conventional Color Similarity Measures

Twelve conventional color similarity measures were proposed in color-di�erence literature
[67, 81] and tested in [48, 49]. These measures can be attributed to the category of the
correlation based measures. All of the measures take two p-dimensional input color
vectors xi and xj varying in the value range [0, 1], and compute a real number in the
range [0, 1] as an output. The measures seek to account for the angle between the color
vectors, which in itself bears important information [48, 49]. The measures presented in
[67, 81] are as follows:

Metric 1
S1 =

xix
t
j

|xi||xj | = cos θ, (2.38)

where θ is the angle between vectors xi and xj .

Metric 2
S2 =

(
xix

t
j

|xi||xj |
)(

1−
∣∣|xi| − |xj |

∣∣
max

(|xi|, |xj |
)
)

. (2.39)

Metric 3
S3 =

|xi| cos θ + |xj | cos θ
(|xi|2 + |xj |2 + 2|xi||xj | cos θ

)1/2
. (2.40)

Metric 4

S4 =

(|xi|2 + |xj |2 + 2|xi||xj | cos θ
)1/2

|xi|+ |xj | . (2.41)

Metric 5

S5 =

(|xi|2 + |xj |2 − 2|xi||xj | cos θ
)1/2

(|xi|2 + |xj |2 + 2|xi||xj | cos θ
)1/2

. (2.42)
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Metric 6. Correlation coe�cient method

S6 =
∑p

k=1 |xik − x̄i||xjk − x̄j |(∑p
k=1(xik − x̄i)2

)1/2(∑p
k=1(xjk − x̄j)2

)1/2
, (2.43)

where x̄i = 1
p

∑p
k=1 xik

Metric 7. Exponential similarity method

S7 =
1
p

p∑

k=1

exp
(
− 3

4
(xik − xjk)2

β2
k

)
, (2.44)

where β2
k > 0 is determined experimentally.

Metric 8. Absolute-value exponent method

S8 = exp
(
− β

p∑

k=1

|xik − xjk|
)

, (2.45)

where β > 0

Metric 9. Absolute-value reciprocal method

S9 = 1− β

p∑

k=1

|xik − xjk|, (2.46)

where β is determined empirically.
Metric 10. Maximum-minimum method

S10 =
∑p

k=1 min(xik, xjk)∑p
k=1 max(xik, xjk)

. (2.47)

Metric 11. Arithmetic-mean minimum method

S11 =
∑p

k=1 min(xik, xjk)
1
2

∑p
k=1(xik + xjk)

. (2.48)

Metric 12. Geometric-mean minimum method

S12 =
∑p

k=1 min(xik, xjk)∑p
k=1(xikxjk)1/2

. (2.49)

These measures were designed for the purpose of estimating the image �delity of RGB
and L*a*b* images, but they can also be applied to spectral images. It was shown in [48]
that the Exponential similarity method and the Absolute-value exponent method have
shown the most promising results for color images.
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2.3.2 Kernel Similarity Measures

A novel image �delity approach was proposed in Publication II and Publication IV. The
measures presented are based upon a well-known pattern recognition technique - kernel
support vector machines (SVM) [88]. The ideas lying in the basis of kernel machines
were proposed by Vapnik in [91] and later evolved into a broad �eld. SVMs incorporate
supervised learning methods for classi�cation and regression of data [88]. A kernel in
this case can be considered an extension of a conventional dot product computed in a
certain feature space. Thus SVMs map the input data into a higher dimensional space,
where the data can be separated more easily [88].
The measures proposed in Publication II and Publication IV include the Gaussian radial
basis function, polynomial and sigmoid kernels.
The polynomial kernel color similarity measure, modi�ed to account for the nature of
human perception, can be presented as follows [88]:

Spolynomial = (yi, yj)d, (2.50)

where henceforth yi,j = RV xi,j , d is a variable sensitivity parameter, xi and xj are
input p-dimensional spectral vectors, V is a spectral luminous e�ciency function for
photopic vision [6], and R is the spectral radiance function of a certain light source [5].
The similarity functions have a general form of S(xi, xj), the arguments are omitted
for simplicity in the formulae shown in this work; ( , ) in the formulae given here is a
notation for a dot product between vectors [88].
The sigmoid kernel based similarity metric can be presented as follows [88]:

Ssigmoid = tanh(〈yi, yj〉k + ϑ), (2.51)

where k and ϑ are variable parameters, and the dot product is denoted as 〈 , 〉 for
simplicity of notation.
The Gaussian radial basis function kernel then has the following form [88]:

SGaussian = exp
(
− ‖yi − yj‖2

2σ2

)
, (2.52)

where σ > 0, σ is a parameter of the sensitivity of the function.
This approach was further developed in Publication III. A Spectral Image Distortion Map
(SIDM) was proposed. What is calculated in the SIDM, in fact, is a pixelwise spectral
distortion. Kernel similarity measures Eqs. (2.50 - 2.52) are applied to calculate a global
image �delity measure. As a result a grayscale spectral distortion image is obtained,
where the intensity of each of the pixels is a di�erence between the original image and
the distorted one obtained via kernel similarity measures on a [0, 1] scale, from "not
similar at all" to "identical". From the point of view of probability theory, the SIDM
represents a map of probabilities of the subjects identifying a certain pixel as similar.
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2.4 Summary and Discussion

In this chapter, we considered image �delity, which can be de�ned as the degree of
an apparent match of the image under study with an external reference also called the
original [97]. The most prominent measures developed in the �eld and the novel objective
image �delity metrics developed in this thesis were presented. These primarily include
color and spectral image �delity measures, and measures that can be applied to both gray-
scale and color images. All of the metrics have been divided into three broad categories
based on the classi�cation proposed by Avcibas [16]: pixel di�erence based measures,
measures accounting for image structure and correlation based measures.
Pixel based measures included some of the most popular ones existing in the �eld: the
MSE, PSNR, CIE ∆E L*a*b*, and extensions of these measures BFD(` : c) [71, 72],
CMC(` : c) [23], LCD [66, 78], CIE94 ∆E and the most recent CIEDE2000 [70].
Measures accounting for image structure included an extension of the conventional CIE
∆E L*a*b* - S-CIELAB [102], a measure created for the assessment of spectral images
- BDMM [61], the SSIM, and an extension proposed in this thesis for the 3D-SSIM
proposed in Publication VII.
Correlation based measures included novel kernel similarity measures proposed in Pub-
lication II, Publication IV and further developed into a Spectral Image Distortion Map
(SIDM) in Publication III. In addition to these, twelve conventional image �delity mea-
sures proposed in [67, 81] were presented.



Chapter III
Image Quality

Image quality is de�ned in this thesis as "an impression of [image] merit or excellence, as
perceived by an observer neither associated with the act of ... [acquisition], nor closely
involved with the subject matter depicted" [64]. Note that by image quality here we
assume objective image quality. An objective measure can be de�ned as a quantitative
measure correlated with the perceived attributes of image appearance, and accounting
for the viewing conditions and the properties of the HVS [64]. By an image in image
quality assessment we assume a carrier of the visual information, and the end user, thus
a human observer. Moreover, it should be emphasized that in this and the following
chapter we are dealing with color images reproduced from spectral images, and the e�ect
of the spectral image statistics on the color image appearance.
The Image Quality Circle (IQC) [30] proposed by Engeldrum and presented in Figure 3.1
suggests a framework for image quality research in general. The main problem consid-
ered in this area of studies is how to relate the technology variables and customer quality
preference. Technology variables according to Engeldrum [32] are the inherent elements
or qualitative parameters of the imaging system (whatever the display media be), which
are manipulated in order to change image quality, e.g. the toner size, resolution or paper
parameters. Customer quality preference in this case is the overall image quality impres-
sion that can be quanti�ed in a number of ways (from 0 to 1, or "bad" to "excellent",
etc.) [32].
These two parts of IQC (technology variables and customer quality preference) can be
directly connected with subjective image quality methods. However, such methods are
time and human resource consuming [32] (these methods are the subject of Chapter 4
of this thesis). On the other hand, not su�ering from this drawback, objective image
quality given as the second half of the circle can be divided into two main constituents:
physical image parameters and customer perceptions. Physical image parameters are
quantitative functions or parameters used in image quality description, such as Wiener
spectra, MTF or saturation. They are connected to technology variables via system
models that comprise analytical models predicting the relationship between the two. At
the same time, customer perceptions, or as Engeldrum [32] de�nes them, the "nesses",
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Figure 3.1: Image Quality Circle [32]

emphasizing the perceptual character of these as opposed to the physical, are percep-
tual attributes of image quality, such as sharpness, graininess or colorfulness. Customer
perceptions are connected to customer quality preference via mathematical functions de-
scribing the tradeo� that the observer makes when judging the image. The "nesses"
are varied through visual algorithms relating the physical image parameters to customer
perceptions [32]. One of the main questions facing image quality research is the choice
of customer perception attributes - the "nesses" - and image quality models.
This part of the thesis concentrates on the observer perception attributes or "nesses"
and image quality models connecting these to customer quality preference.

3.1 Observer Perception Attributes

There is a limited number of observer perception attributes or "nesses" appearing in
literature, most of which are bound to the ones originating from applications, e.g. pho-
tography, image compression, image coding, etc. [32].
Observer perception attributes, or as they are often called in literature, image quality
attributes, can be categorized in a number of ways. One of the possible classi�cations
was proposed by Keelan [64]:

Artefactual image quality attributes deal with artefacts introduced by various parts of
the imaging chain. The appearance of such artefacts always leads to the degradation
of image quality. Such attributes include blockiness, graininess, redeye, and various
other digital artefacts. Such attributes have a certain detection threshold beyond
which the quality of the reproduction decreases.
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Preferential image attributes are nearly always visible in the image. With the increase
of the value of the attributes, quality also increases up to a certain optimum point,
and further change of the attributes leads to the loss of quality. The optimum is
observer dependent. Such attributes include, among others, color balance, contrast,
colorfulness (saturation), memory color reproduction, etc.

Aesthetic attributes are more subjective in nature and thus more di�cult to quantify.
Examples of such attributes include the lighting quality or composition. These
attributes depend on the observer. A photographer and the subject of the image
can have di�ering views of the aesthetic nature of the image, as does an independent
observer.

Personal attributes are also subjective and highly observer dependent. To clarify the
contents of such attributes, the following examples can be mentioned: preserving
a cherished memory, conveying a subject's essence. The di�erence between these
and the previous category is that such attributes involve only the parties involved
in the act of photography.

A signi�cant problem connected with the choice of the "nesses" is the interdependence
between the customer perception attributes, meaning that the change of one of the
perceptual attributes of the image a�ects the others. Thus the "nesses" should be chosen
in such a way that such dependencies are taken into account or are relatively independent
[64].

3.2 Image Quality Models

Image quality models are designed in such a way that they would connect customer
quality preference to customer perceptions [30]. Image quality models can take various
forms, however. The most common one appearing in literature can be summarized as
follows [33]:

IQ = (a1nessp
1 + a2nessp

2)
1/p, (3.1)

where IQ is the image quality judgment value, p is the exponent or the power of the
model, a1 and a2 are prede�ned coe�cients or weights, and ness1 and ness2 are the
values of the customer perception attributes or "nesses" [33].
This model, basically, describes the process of the formation of the observer image quality
judgment. Thus, this equation can be thought of as a combination rule of the perception
attributes forming a resulting quality estimate. The p power of the model de�nes the
amount of perceptual quality parameters used. If a user is asked to assess a set of images
with only one "ness" varied within the set, according to Eq. (3.1) the relationship
between a separate "ness" and image quality judgment is linear or monotonous [33]. It
is often true for some image parameters mostly belonging to the category of artefactual
observer perception attributes. However, there are various "nesses" that do not follow
this pattern [39, 40], e.g. colorfulness or contrast.
The number and the variety of image quality models appearing in literature is signi�cant.
We will consider several solutions that in�uenced the model proposed in this thesis.
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3.2.1 FUN Model

FUN stands for �delity, usefulness and naturalness. The model was proposed by Yen-
drikhovkij in [100]. The overall image quality assessment here can be given as a weighted
sum of these three attributes, with each of the weights being in the range from 0 to 1, in
such a way that their sum is equal to 1. Such a tradeo� allows the modeling of the relative
importance of each. The weights depend primarily on the area of application of certain
images and their contents [97]. Thus, the model complies with Eq. (3.1) describing a
typical quality model.

Fidelity
Fidelity according to Yendrikhovskij [97] is "the degree of apparent match of the repro-
duced image with the external reference, i.e. original". The degree of �delity represents
how close the image under study is to the original. The higher the �delity is, the closer
is the match. Such an attribute is especially important for �ne art or various catalogue
reproductions [97].

Usefulness
Usefulness is, in turn, "the degree of apparent suitability of the reproduced image to
satisfy the corresponding task" [97]. The degree of usefulness depends on the application
of the image, or as it can also be described, the needs of the viewer, i.e. what is expected
of the image in order for it to be useful. An image with the highest degree of useful-
ness ideally presents the maximum number of distinguishable features. A mathematical
de�nition of usefulness as a term of the number of discriminable items in an image was
proposed by Janssen and Blomaert in [58, 59]. The usefulness term is a�ected by contrast
and color saturation. This index is often negatively correlated with �delity due to the
fact that original images might not be of high enough discriminability. An example of
typical usefulness sensitive applications would be medical images, military night-vision
images, remote sensing images, etc.

Naturalness
Naturalness is de�ned by Yendrikhovskij [97] as "the degree of apparent match between
the reproduced image and internal references, e.g. memory prototypes". A number of
studies exploring the connection between color variations and naturalness exist [98, 99,
96, 57, 58, 40, 24]. These attempt to develop a color naturalness index (CNI) that would
allow predicting the observer evaluation of the degree of naturalness of colors reproduced.
CNI is basically a distance measure between the colors of the objects present in the
image and the prototypical colors of the objects. Simply put, it describes the degree of
the similarity of the color of an object in the scene with the prototypical color for that
category [97].

3.2.2 Computational Image Quality Model

An approach closely connected with the FUN model [97] is presented by Janssen in [55].
Quality is regarded here as the degree of the ability of the visual and cognitive systems
to use the information presented within the image [55].
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Janssen [55] de�nes image quality in his work as the adequacy of a given image as an
input to visual perception, whereas the adequacy term is described by discriminability
and identi�ability of the items given in the image.
According to Janssen, the process of the human perception of an image consists of three
main stages [55]:

1. construction of the internal representation of the image;

2. matching the thus obtained representation with the memorized reality;

3. semantic processing of the information.

All of the steps of the perception of an image have to be successful in order for the image
to be perceived of good enough quality for any given task. To be able to achieve that
several conditions have to be met. For one, the internal representation has to be precise
enough, and the degree of similarity between this representation and the memorized
reality has to be close enough. This means that for a successful interpretation of the
image, which is assumed to be the quality perception of the image, it should create the
best match between the internal representation and knowledge of reality [55].
Given the conditions stated, discriminability and identi�ability are regarded as the per-
ceptual image attributes that can e�ectively describe image quality. Discriminability is
described as the average di�erence between the colors presented in the image, and thus
is closely related to colorfulness. Identi�ability, in turn, is the di�erence between the im-
age and the memory object colors, making identi�ability closely related to naturalness.
The main focus of the model lies in describing the process of image quality judgment
formation rather than modeling or predicting the outcome of the quality perception [57].
This model describes the quality of the image in terms of usefulness and naturalness,
where usefulness can be de�ned as "precision of the internal representation of the image",
and naturalness as "the degree of correspondence between the internal representation of
the image and knowledge of the reality as stored in memory". Thus quality is described
as the tradeo� of the degree of naturalness and usefulness. The two terms can often be
negatively related, meaning that some distortions might be introduced into the image in
order for it to be more useful, which would a�ect the degree of naturalness, e.g. increasing
the contrast or saturation of the image [55].
The relationship between naturalness and usefulness is de�ned as [57]:

IQ = λD + (1− λ)m, (3.2)

where IQ is the image quality value, λ is a naturalness vs. usefulness coe�cient varying
in the range 0 to 1, D is the strength of the discriminability, and m is the naturalness.

3.2.3 Kayargadde Image Quality Theory

The Kayargadde theory of image quality [63] uses two perceptual attributes: blur (un-
sharpness) and noisiness (speckle). According to Kayargadde, blur and noise are inherent
to the process of acquisition.
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Blur estimation consists of two steps: �rst, the regions of the local one-dimensional edges
are determined by �nding the local maxima in the gradients, and two-dimensional struc-
tures are removed by excluding points with high energy. The second step includes the
edge parameters amplitude, sigma, o�set, displacement, and angle of the edge, which are
determined using polynomial transforms. Thus, Kayargadde gives the following mathe-
matical de�nition of blur [63]:

Sb = 1− 1
[1 + (σbi/σb0)2]1/4

, (3.3)

where σbi is the average spread of image blurring, and σb0 is the intrinsic blur of the
human early visual pathway. The value used in the experiments by Kayargadde is 0.65
arc min. [27] and is determined as [63]

σb0 =
√

σ2
0 + (Cabd)2, (3.4)

where σ0 is a blur constant equal to 0.5 arc min., Cab is a constant equal to 0.08 arc
min./mm, and d is the pupil size in mm [63].
The objective estimation of noise is based upon the assumption that images have areas
where the luminance distribution is locally zero-dimensional, i.e. homogeneous areas
found by selecting the regions with a small gradient energy. Noise is determined according
to Kayargadde in a similar manner as blur [63]:

Sn = 1− 1
[1 + (σni/σn0)2]1/4

, (3.5)

where σni is the standard deviation of the noise in the image, and σn0 is the standard
deviation of the noise in the early visual pathway. The value of σn0 is determined
empirically [63].
Kayargadde [63] determined that Sn and Sb noisiness and blur are not totally indepen-
dent, and that the combination of these objective image quality measures presents a good
measure of the perceived image quality. However, the method su�ers from the signi�cant
drawback that images with a speckled texture would have low quality according to this
technique, despite being perceived as being of a high quality [27].

3.2.4 Spectral Color Appearance Model

The spectral color appearance model proposed in Publication I, Publication V and Pub-
lication VI describes quality in terms of preferential image attributes. The model is
intended to create a paradigm that would allow the description of the quality of spectral
images using objectively measurable parameters of spectral images in connection with
the subjective quality metrics. The model per se assesses the quality of color images
reproduced through the spectral images. Quality here is said to depend upon three pa-
rameters: colorfulness, vividness and naturalness. We assume here is that quality means
preferential spectral quality attribute based evaluations.
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An underlying hypothesis of the spectral color appearance model is that variations of
the statistical characteristics of spectral images a�ect the overall appearance. Kurtosis
impacts image highlight reproduction, and standard deviation, in turn, a�ects image
contrast and color saturation.

To be able to a�ect image appearance through the use of the parameters of spectral
images, a generalized statistical image model which describes the behavior of the statis-
tical characteristics of natural images is used. The statistical model represents any given
spectral image as

f(x) = µ +Dg(x), (3.6)

where f(x) is a natural spectral image presented as an n-dimensional vector random
�eld, x is a vector with each element being a spatial dimension, µ is a vector of means
of each of the spectral bands, g(x) is a normalized vector image with a zero mean and
unit standard deviation for each component, D = diag(σ1, σ2, . . . , σn), where σi is the
standard deviation of the i-th component.

Based on this model, colorfulness and vividness can be varied using the three parameters
α, β and kmax. One of the assumptions set as the basis of the statistical image model
is that standard deviation variations a�ect the overall image colorfulness appearance.
Vector σ can be presented as follows:

σ = αβσv + (1− α)σc, (3.7)

where α = (σmax − σmin)/σmax is a constant characterizing the relationship between
constant σc and variable σv parts of the standard deviation σ, and β is a contrast
variation coe�cient. Thus by varying α and β, colorfulness can be a�ected. Values of
α < 1 with β = 1 signi�cantly reduce colorfulness, while β > 1 with α = 1 increase the
colorfulness appearance.

Another quality attribute, vividness, according to the statistical image model, is in�u-
enced by kurtosis variations. A gamma-Charlier histogram transform function of the
normalized vector image with a zero mean and unit standard deviation fs(x) and a
kurtosis vector k allows us to a�ect the vividness of the image as follows:

g(x) = H(fs(x),k). (3.8)

To a�ect image appearance through histogram transform, all kurtosis elements are pro-
portionally modi�ed according to the given maximum of the kurtosis value kmax.

Quality manipulation is a complicated task that requires signi�cant computational re-
sources. Spectral images contain large amounts of information which have to be manip-
ulated in order to in�uence the overall impression of the display. Usually, some implicit
assumptions are made in order to limit the amount of computations. The assumption
underlying this study is that only global variations are taken into account, which, in
turn, originates from the fact that all parts of the image have been captured under the
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same illuminant or belong to the same object. Thus, the same modi�cations are applied
to all pixels of the image irrespective of the content [40].
So far, we have discussed the terms colorfulness and vividness without giving a proper
de�nition for the image attributes serving as the base of the model.
Colorfulness
Fedorovskaya et al. [40] de�ne colorfulness as the presence and vividness of colors in
an image. The de�nition adapted in this work states that colorfulness can be described
as the contrast and saturation of the colors in the image under study. An assumption
made in this work is that colorfulness belongs to a class of preferential image quality
attributes. This means that with the increase of this parameter, the quality of the image
also increases up to a certain point, after which it starts to decrease. Moreover, the
location of the optimum point is heavily viewer dependent.
An example of the change in the colorfulness parameter in a spectral image is shown in
Figure 3.2.

Figure 3.2: Color reproduction of image inlab2 [79]; original (α = 1, β = 1)
(left), and processed (α = 1, β = 1.6) (right)

Here, the image on the left is the color reproduction of the original spectral image, and
the image on the right is the modi�ed image with an increased colorfulness value (α = 1,
β = 1.6). Looking at Figure 3.2, we can state that with the increase of the colorfulness
parameter, the overall contrast and saturation of the colors in the image increase.
Fedorovskaya and de Ridder have previously invested signi�cant e�orts in colorfulness
assessment. A number of experimental works in this area [39, 40, 24] have shown that
saturation, chroma and colorfulness do not have a monotonous functional connection
with image quality. The three terms used in these papers constitute three aspects of
colorfulness, as we see in our research.
Vividness
Vividness can be de�ned as highlight and shadow intensity. The actual term was derived
in the course of the experiments, during which the subjects, when asked to describe the
impression of the images with low values of this attribute, described them as "lacking
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life" and "not vivid enough". From these descriptions, we can draw the preliminary
conclusion that vividness has a positive correlation with naturalness.
The e�ect of applying the vividness parameter change to a spectral image is presented
in Figure 3.3.

Figure 3.3: Color reproduction of image inlab5 [79]; original (kmax = 45) (left),
and processed (kmax = 80) (right)

Here, the image on the left is the color reproduction of the original, and the image
on right hand-side is the color reproduction of the spectral image with the increased
vividness (kmax = 80). The areas of the highlight and shadow have stronger intensities,
while the rest of the image remains relatively similar.
Another aspect of the vividness parameter is its connection with colorfulness. Some of
the observers at the experimental stage perceived the vividness change to be similar to
the colorfulness change. To illustrate the di�erence, let us look at a sample of a quality
ruler for both of the image attributes presented in Figure 3.4.
Here the top row represents the change of the vividness attribute and the bottom that
of colorfulness. The cut-out parts of the �ower show the di�erence in the change of
colors when applying either of the attributes. Looking at Figure 3.4, we can state that
although the e�ect of vividness and colorfulness on image appearance is visually similar,
the di�erence between the two speci�cally in the highlight and shadow regions is clear.
An assumption made in this work is that both vividness and colorfulness belong to a class
of preferential image quality attributes, meaning that with the increase of this parameter
the quality of the image also increases up to a certain point, after which it starts to
decrease.
Naturalness
Image quality perception depends on both internal and external factors. Viewing con-
ditions, physical properties and characteristics of the stimuli, and the context in which
the image is to be used are among the most important external factors, while internal
ones include prior experience and conditioning, the memory of scenes and similar images,
points of interest in the images, emotions etc. [38].
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Figure 3.4: Quality ruler example inlab1 of vividness (top row) and colorfulness
(bottom row)

Naturalness, according to Yendrikhovskij [96], is the degree of correspondence of the
image in question and an internal representation or the memorized image of it [96, 40].
The connection between image quality and image naturalness can be expressed in the
intuitive assumption that in order for the image to be of high quality it should at least be
perceived as natural [40]. Moreover, in this work we have also adapted the assumption
that the visuo-cognitive process should be regarded from the information processing point
of view rather than from the signal processing one. Janssen and Blommaert [57] describe
the process of image perception as processing of the visual information received, which
has to be reconstructed into a visual form and is further perceived with regard to the
memory representation.

One of the goals of this work was to �nd a relationship between the naturalness parameter
and the two parameters proposed in this study, i.e. colorfulness and vividness, and, in
turn, to establish the in�uence of naturalness on the overall appearance of the image
under study. An initial hypothesis is based upon the assumption adapted from works of
Janssen and Blommaert [57], stating that naturalness is a necessary, but not a su�cient
parameter to de�ne the quality of an image. Some images may appear unnatural, but
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still be perceived to be of hight quality. Thus, the principle of discriminability should
also be considered, represented in this work by colorfulness and vividness. However, as
we have previously said both of the parameters have a certain threshold of increase of
quality, after which the image still remains discriminable. However, the image becomes
so unnatural that the quality perception drops. Thus, quality can be considered to be
a trade-o� between colorfulness and vividness on the one hand, and naturalness on the
other.

3.3 Summary and Discussion

In this chapter, we considered objective image quality, which is de�ned here as "an
impression of [image] merit or excellence, as perceived by an observer neither associated
with the act of ... [acquisition], nor closely involved with the subject matter depicted"
[64]. Quality is considered here from the point of view of observer perception attributes
and image quality models connecting them to customer quality preference.
Preferential and artefactual attributes are the main focus of this part of the work. They
include blur, noisiness, �delity, naturalness, colorfulness, detectability and vividness.
The models described in this part include the ones that have signi�cantly in�uenced the
spectral color appearance model presented in the framework of this research and could
be included in further developments. The computational image model [55], the FUN
model [97], and the Kayargadde image quality theory [63] were presented.
The spectral color appearance model that sets a relationship between objectively mea-
sured parameters of spectral images and subjective quality metrics was proposed in this
thesis. The model assumes that image appearance can be a�ected using the statistical
characteristics of the image. Three perceptual parameters are used to describe quality:
colorfulness, vividness and naturalness. Colorfulness is the contrast and saturation of
colors in the image. Vividness is de�ned as the highlight and shadow intensity, and nat-
uralness is the degree of correspondence of the image to the internal representation of
it. An assumption was made in this chapter that naturalness is a necessary, but not a
su�cient condition for the quality of an image.
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Chapter IV
Subjective Image Quality and Fidelity Evaluation

Up to this point, we have been dealing with objective image assessment techniques,
i.e. the measures and methods seeking to automatically predict the perceived image
appearance [32]. This chapter is dedicated, in turn, to subjective methods of image
assessment. They require human visual test assessments [87]. Human observers act as
the measurement instruments in the subjective experiments [32]. The goal of this chapter
is to describe subjective methods and techniques used in the experimental part of this
thesis and in Publications I-VII both for image quality and image �delity.

The �rst standard of subjective image quality evaluation was published in 1974, i.e.
ITU-R BT.500-7 "Methodology for the subjective assessment of the quality of television
pictures" [7]. This standard establishes a certain reference image against which the
impairment factors that a�ect the overall appearance are measured, as well as some of
the earlier approaches to subjective television picture assessment [13].

Observer evaluations in subjective experiments in general can be performed in two di�er-
ent ways: absolute and comparative [34]. Absolute subjective image quality evaluation
is performed on each image under study separately; the image is assigned some rating on
a given category scale. Comparative image assessment, on the other hand, as the name
suggests, presents the observers a number of images to compare and rate either from
best to worse or by assigning some rating based upon image comparison [34]. Compara-
tive image assessment falls into both the �delity and quality evaluation categories, while
absolute assessment is primarily a subjective image quality technique.

There are various subjective image assessment methods, such as direct scaling [85], the
rank order method [64], the threshold method [43, 89, 65], pairwise comparison [38, 64],
categorical sort [64], the perceptual image distortion map (PIDM) [101], etc. The number
of subjective techniques and their methodologies vary greatly, and the list given above
is far from complete. The methods used in this work and the methods closely related to
them are described in more detail.

45
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4.1 Direct Scaling

The most commonly applied method in subjective image quality and �delity evaluation
is the mean opinion score (MOS), which is often called direct scaling [85]. The method
involves quantifying the quality of the image under study on a certain scale, which
can be expressed as either an integer (from 1 to 5, or 1 to 10) or a term describing
the quality of the reproduction (not acceptable to excellent, etc.). To obtain the overall
quality judgment, individual responses over all of the subjects are averaged, which reduces
variability in the data.
Here, as in most of subjective assessment techniques, both expert and non-expert ob-
servers can be used, depending on the goal of the experiment. In this case, by experts
we mean subjects educated in the area of the experiments, be it compression, halftoning
or some other image modi�cation concerned in the experiments [38].
One of the most signi�cant drawbacks of this method is the subjectiveness of the assign-
ment of the scale to a certain image ordering. Another issue is that the results of the tests
are unitless, which complicates further analysis and comparisons with other experiments
[38].

4.2 Threshold Method

A method lacking the drawbacks of the direct scaling technique is the threshold method
[43, 89, 65]. The idea behind it is that the user should make a certain judgment, i.e. place
a threshold of the visibility of a certain artefact, di�erence between the visual stimulus,
or preference of a certain stimuli over the others. The main advantage of such a method
is that the results obtained using this method are more reliable compared to the above-
mentioned technique, the task is less vague, and when the observer is provided with
feedback the variance of the results obtained using the threshold method is minimized.
On the other hand, such a method does not allow the investigation of a connection
between a single factor in�uencing the image appearance and the overall impression,
given that image attributes often have a strong correlation. It is hard to single out a
separate image characteristic contributing to the judgment. Moreover, this method does
not allow predicting image �delity judgments [38].

4.3 Pairwise Comparison

The pairwise comparison method, or as it is often called paired, the comparison technique
[38, 64] unlike the previous two methods produces reliable and informative data on the
subjective image quality above the threshold of visibility or preference. The idea behind
the method is that the subjects are presented with pairs of images with a single attribute
or a series of varying attributes, and the subjects are to identify the image with the highest
quality. This method allows us to estimate the factors that in�uence the suprathreshold
judgments. Moreover, this method allows us to predict the perceived image quality
judgments. This technique is designed for measuring small quality preferences. However,
larger sample di�erences are signi�cantly more di�cult to quantify using this method
[64].
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The selection of either of the above-mentioned psychometric methods is often a di�cult
task. Moreover, none of the methods produce the results calibrated against an existing
numerical scale, making the comparison of the results practically impossible [64].

4.4 Psychophysical Image Quality Measurement Standard

A recently proposed standard in the area of subjective image quality assessment is ISO
20462-1:2005 "A psychophysical image quality measurement standard" [65] that sets
a number of rules for measuring image quality, the interpretation of the results and
comparison between the experiments.
The standard introduces the notions of a triplet comparison technique and that of the
quality ruler, both of which yield assessments calibrated in just noticeable di�erence
(JND) units [64].
Most quality research is based upon the assumption that the human perception of image
quality and �delity is probabilistic in its nature, i.e. the scale of the distortions introduced
into the image has a certain probability of detection [64]. This, in turn, means that the
distortions can be related to a certain function or interval scale.
According to Keelan [64], a particular instance of the judgment is drawn from a proba-
bility distribution of possible perceptions. One JND can be regarded as representing a
just signi�cant di�erence of quality. In other words, the JND is a stimulus di�erence that
yields a 75%:25% proportion in a forced-choiced paired comparison, i.e. falling half way
between a random guess (50%:50%) and a certainty (100%:0%) [64]. Therefore, JND is
the smallest possible di�erence between two stimuli, noticeable by observers [10]. To be
able to estimate the JND interval scale, the probability observed in a paired comparison
experiment is used in an approximation function. Usually a normal perceptual response
distribution is assumed, and the standard introduces the angular function [64]

JNDs =
12
π

sin−1(
√

p)− 3, (4.1)

where p is a forced-choice paired comparison probability. The possible values of JND
computed using Eq. (4.1) lie within the interval [−3, 3]. This function lacks the most
signi�cant drawback of the Gaussian function, i.e. the extended tails of the latter do not
always match the real perceptual responses [64].
The standard [10] distinguishes two types of JND units. An attribute and quality JNDs.
Attribute JND is a measure of the detectabilty of the appearance of di�erences. In our
study, we have used the quality JND, which is a measure of the signi�cance of perceived
di�erences on overall image quality [64].
The choice of the JND as the measure of image quality in this research is not incidental.
As Keelan points out, JNDs could serve as an excellent basis for the construction and
calibration of numerical scales of preference. Having the judgments expressed in JNDs
gives an opportunity for comparing the results obtained with some reference system.
Moreover, the results could also be generalized over a number of attributes to produce
the overall judgment function [64].
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The standard also de�nes the conditions for the experiments. To be able to produce
relative JND values, at least ten observers and three scenes have to be involved in the
experiments. The observers have to be tested for normal color vision and visual acuity.
A number of rules of the physical experimental setup that have to be taken into account,
i.e. the general lighting, duration of the experiments, background color etc., are also
de�ned [65].

4.4.1 Quality Ruler Method

The quality ruler technique, as the name suggests, presents the user with a number of
images of the same scene with variations in a separate attribute, with a previously set in
JND units quality or �delity di�erence between the samples [65].
The ruler is constructed according to two main requirements: it should be easy to identify
the samples closest in quality to the one under study, second requirement is that the
stimulus under test and the closest in appearance image should be inspected under similar
conditions. The quality ruler can be both hardcopy and softcopy [65]. Hardcopy here
means that the images are presented in a printed format, while softcopy assumes a digital
form of the images under study.
Various attributes can be used in this method, but it is generally not recommended to
use the preference image attributes, such as color and tone characteristics, which are
individual and depend on personal likes and dislikes, because of the instability of the
�nal ranking [65]. This method is not currently applied in our work, but will be used in
future �delity research involving SSIM and other measures involving the assessment of
spatial image distortions.

4.5 Perceptual Image Distortion Map

One of the subjective techniques of image �delity assessment used in this thesis is Per-
ceptual Image Distortion Map (PIDM) proposed by Zhang et al. [101]. The idea is to
be able to predict the �delity of the reproduction at di�erent locations within the image,
i.e. establish the locations of the errors perceived by subjects in the reproduced image,
and the severity of the distortions [101].
This is a full-reference, comparative method, i.e. to be able to produce a PIDM, both
the original and modi�ed images are used. To obtain a distortion map, subjects are
presented as two images - the original and an image with the distortions introduced.
Test subjects are asked to identify the regions within the image where the two appear to
be di�erent by using a digital marker. Any shape and size of the marker can be used for
this purpose, taking into account that the chosen option limits the spatial resolution of
the measured image distortion map, and the marker should also be taken into account
when generalizing the results. The actual image distortion map can be considered as a
map of the probabilities of a certain region in the modi�ed image to be marked as varying
from the original. Thus, having a number of subjective empirical maps, an overall PIDM
is constructed by constructing the overall probability. To illustrate the areas of di�erence
within the image, the PIDM is normally presented as a gray-scale image with gray level
intensity at each pixel corresponding to the probability of a mark covering the pixel at
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the same location in the modi�ed image, from white - regions marked most often, to black
- not marked at all. The PIDM can be used separately as an image �delity measure or
as a reference point for the assessment of the performance of objective measures [101].

4.6 Summary and Discussion

In this chapter, we brie�y considered a number of methods of subjective image quality
and �delity assessment. Subjective techniques require performing human visual test
assessments to be able to make an evaluation, where observers act as the measurement
instruments [87]. This chapter was dedicated to methods used in the experimental part
of this work and some of the techniques closely related to them.
All of the methods given can be divided into two broad categories: absolute and compar-
ative [34]. Subjective methods considered here include direct scaling [85], the rank order
method [64], the threshold method [43, 89, 65], pairwise comparison [38, 64], categorical
sort [64], and the perceptual image distortion map (PIDM) [101].
Two standards of subjective image quality have also been considered, i.e. ISO20462-
1:2005 "A psychophysical image quality measurement standard" [65], and ITU-R BT.500-
7 "Methodology for the subjective assessment of the quality of television pictures" [7].
The standards set the rules for measuring subjective image quality, de�ne the conditions
necessary for the experiments, and provide a basis for further analysis of the results.
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Chapter V
Experiments

In this chapter we will consider experiments performed in the framework of this thesis,
intended to evaluate the theoretical assumptions presented in previous chapters.

Experiments are divided into two broad parts: objective image quality and objective
image �delity. Image quality experiments are based on the research presented in Pub-
lication I, Publication V, and Publication VI, while image �delity tests use material
published in Publication II, Publication III, Publication IV, and Publication VII. All of
the experiments include methods and models of subjective image quality and �delity
assessment.

MacAdam [73] describes the process of experimental image quality research as an ap-
proach consisting of �ve basic stages:

1. vary images in a systematic manner using certain image attributes;

2. perform visual judgments;

3. analyze the results and �nd correlation with the varied physical parameters;

4. �nd optima;

5. improve the underlying model.

Such a procedure is true both for image quality and �delity research and is applied with
variations in this work.

5.1 Spectral Databases Used in This Thesis

In this work, the following publicly available databases were used:

51
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1. Both image �delity and image quality parts use a spectral database of natural scenes
from [79], the whole database consists of 29 images. Five images - inlab1, inlab2,
inlab5, jan13am and rleaves were selected for the purpose of the experiments.
Each image has the following dimensions: 256x256 in the spatial dimension and
31 components in the spectral dimension as 8 bits/pixel format. The images were
captured by a CCD (charge coupled device) camera with narrow band interference
�lters in a 400-700 nm wavelength range at 10 nm intervals. The images selected
were taken indoors (in a controlled environment, i.e. dark-lab or glass-house), in
order to avoid unnecessary wind e�ects. The quality of the images is described in
the database as: "Best" and "Medium: slight corrections" [79].

(a) (b) (c)

(d) (e)

Figure 5.1: Color reproduction of spectral images from [79] used in this thesis.
a)inlab1 ; b) inlab2 ; c) inlab5 ; d) jan13am; e) rleaves

2. Another set of spectral data measured in the University of Joensuu [1] is a set
of spectra of 1269 Munsell Colors Matte color chips [3]. This dataset is used in
image �delity experiments. The Munsell color system is one of the most widely
used and is one of the most appropriate data sets for the purpose of the perceptual
scaling experiments. The re�ectance spectrum was taken with a Perkin-Elmer
Lambda 9 UV/VIS/NIR spectrophotometer in the 380 - 800 nm interval with a 1
nm wavelength resolution producing a total of 421 spectral components [1]. The
dataset is used in this thesis in image �delity experiments.
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3. A set of tests concerning the possibility of discrimination of metameric colors was
performed on a dataset of metamers, containing a total of three assortments of
di�erent colors. The re�ectance spectrum of these was measured at a 380 - 780 nm
interval with a 2 nm wavelength resolution under illuminants D65 and A, result-
ing in 201 spectral components. The data set consists of a red metameric sheet,
Macbeth metameric sheet and re�ectance spectrum of a part of a passport. The
dataset was obtained from Joensuu University, the Department of Computer Sci-
ence, Finland. The metameric color discrimination experiments were performed in
the framework of image �delity experiments.

(a) (b)

(c) (d)

Figure 5.2: Re�ectance spectra of metameric samples. a) passport upper and
left corners under D65 illuminant; b) passport upper and left corners under A
illuminant; c) Macbeth metameric sheet under D65; d) red metameric sheet under
D65

5.2 Image Quality Experiments

Image quality experiments concentrate on applying the Statistical Image Model described
in Chapter 3 to images of natural scenes. The tests performed consist of three parts cor-
responding to the three image attributes described in the model: colorfulness, vividness
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and naturalness. The main idea behind the experiments is to ascertain the existence of
the functional relation between these image attributes and perceptual image assessments,
and estimate the form of the relation.

Experimental settings, which include the number and the criteria for the selection of
observers, test stimuli and observer instructions were chosen to comply with the ISO
"Psychophysical image quality measurement standard" [65]. According to this standard,
relative quality judgments should be obtained from at least ten observers and three scenes,
and all of the observers have to be tested for normal vision and visual acuity. Given that,
the experimental settings included twenty observers with normal or corrected-to-normal
vision without color de�ciencies (tested using the Ishihara Color Tests [51]). Among the
observers ten were so-called expert observers, meaning that they were aware of the area
of the research, and the other ten were non-expert observers. The observers included sta�
and students of the Department of Information Technology of Lappeenranta University of
Technology. To prevent the loss of the quality of judgments due to fatigue, the duration
of the experimental sessions was limited to one hour. If more time was needed, the
experiments continued after a break. Viewing conditions followed the requirements given
in [8], i.e. general room lighting was shaded and set so that it neither directly nor
indirectly in�uenced the viewing surface. The color temperature of the room lighting
was 5600K, which is close to daylight lighting. This was taken into account when RGB
representation of the images under study were produced from the spectral data, by setting
the appropriate value of the reference white. When viewing the images, the frames were
darkened to a 10% brightness level for a width of 75 mm. The images were presented on a
CRT display. However, the limitations of the color gamut on the CRT displays were not
taken into account in the experiments. Neither were the viewing angles integrated into
the experimental setup assumptions. Although original images were presented, it should
be emphasized that they were not explicitly identi�ed to observers as such. A signi�cant
part of the setup are instructions given to test subjects. An important issue here is the
de�nition of the artefact or attribute being assessed in the series of tests. According
to Keelan [64] instructions should explicitly describe the origin and the appearance of
the e�ect under study. Consequently, the instructions explained each of the three image
quality attributes as follows:

Colorfulness: "You will be presented a series of images. Your task is to assess the
colorfulness of the images using an integer from one to ten, with one corresponding
to the lowest degree of colorfulness and ten to the highest. Colorfulness consists
of contrast and color saturation. Therefore, pay special attention to the edge
contours, reproduction of the details, saturation of colors, sharpness, contrast, and
brightness."

Vividness: "You will be presented a series of images. Your task is to assess the vividness
of the images using an integer from one to ten, with one corresponding to the lowest
degree of vividness and ten to the highest. Vividness can be de�ned as the highlight
reproduction in an image. Thus, pay special attention to the reproduction of the
lightest and darkest areas."

Naturalness: "You will be presented a series of images. Your task is to assess the
naturalness of the images using an integer from one to ten, with one corresponding
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to the lowest degree of naturalness and ten to the highest. Naturalness is de�ned
in this case as the degree of correspondence between the image reproduced on the
screen and reality, i.e. the original scene as you picture it."

Experiments were performed on spectral images in the �rst dataset described in Section
5.1. First, a set of test data was produced using the colorfulness parameter, varied
through standard deviation, using Eq. (3.7). By changing the α and β coe�cients,
it was possible to receive new values for constant and variable parts of the standard
deviation. This procedure was applied to images with values of (α,β) equal to (0.55,1),
(0.75,1), (1,1.3), (1,1.6). The intervals were chosen to be uneven for the purpose of further
analysis, and also to exclude the possibility of observers seeing a certain trend in image
appearance and adjusting the quality judgments accordingly. Observers were presented
RGB reproductions of the original and modi�ed spectral images. To produce these color
reproductions spectrum for each of the points in the images was converted into CIE 1931
XYZ color space [2] using the color-matching functions. Thus received XYZ values were
then converted into RGB representation. The results of the assessments are summarized
in Table 5.1. It should be emphasized that the general room lighting conditions were
taken into account by selecting the appropriate value of the reference white.

Table 5.1: Mean values of colorfulness evaluation scores
Quality Image 1 Image 2 Image 3 Image 4 Image 5
inlab1 2.67 4.50 6.00 6.00 7.17
inlab2 2.67 4.83 7.00 7.83 8.67
inlab5 3.00 4.50 5.67 6.83 7.67
jan13am 3.33 4.83 7.00 7.67 8.17
rleaves 2.50 3.50 4.83 4.83 5.83

Each cell in Table 5.1 corresponds to an averaged colorfulness evaluation score, with
the highest and lowest scores excluded from calculations. Every number represents the
value pairs of α and β described above, applied to each of the images given in the �rst
column. Image 3 here is the original image. Average variance within the judgments of the
observers is equal to 1.2, which shows that the spread of opinions within the observers was
not vast. Looking at Table 5.1, it can be stated that with the increase in the colorfulness,
the quality of the image under study increases.

The second set of test data was produced through variation of the vividness parameter.
Test images were produced with the help of Eq. (3.8) (with kmax equal to 5, 10, 30, 60).
Table 5.2 presents the results of the assessments. Again, the intervals between the values
of the parameter were chosen to be uneven for the same reason as in the colorfulness
case.

Each cell in Table 5.2 corresponds to an average over all of the observers' vividness
evaluation scores, with the highest and lowest scores excluded from calculations. Here
again, Image 3 is the original image. Average variance within the judgments of the
observers is equal to 1.58, which shows that the spread of opinions within the observers
was higher than in colorfulness evaluation, but still not high. Looking at Table 5.2, it
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Table 5.2: Mean values of vividness evaluation scores
Quality Image 1 Image 2 Image 3 Image 4 Image 5
inlab1 2.56 4.00 6.44 7.19 8.19
inlab2 5.88 6.12 7.94 4.29 3.76
inlab5 3.18 4.71 5.76 7.29 8.12
jan13am 4.29 5.88 6.71 7.41 5.59
rleaves 4.65 5.82 5.94 4.76 5.00

can be stated that with the increase in the value of vividness, quality also increases up
to a certain point - the optimum - and further changes lead to a loss of quality.

To present and analyze the results, the notion of the just noticeable di�erence (JND) is
used. To construct the quality preference function, the value of each of the attributes
of the highest rated image was identi�ed for each scene and observer, and the fraction
of times each one of the images was chosen was computed. To convert each fraction to
a probability density, it was divided by the width of an attribute interval including the
sample position. The resulting preference distribution function is presented in Figure
5.3. The circles represent the calculated JND values and the line a spline �t estimate of
the function computed using Matlab.

(a) (b)

Figure 5.3: Measured quality loss functions of (a) colorfulness and (b) vividness
averaged over the collection of scenes and observers

Although it has been found that both colorfulness and vividness are observer and scene
susceptible, the quality loss function for each observer and scene can be regarded as a
member of a family, and could thus be averaged to produce a mean quality loss function
for the collection of observers and scenes tested [64].

Figure 5.3 (a) presents the quality loss function of the colorfulness and (b) vividness
image attributes. Here, the x-axis represents the di�erence from the optimal position of
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each of the attributes and the y-axis is the JND variation. The series of experiments
both in vividness and colorfulness yielded an image that was preferred by most of the
observers. The statistical characteristics of that image gave us the point of the optimum.
Any changes in the values of vividness and colorfulness lead to the drop in the preference
of the images. As the attributes deviate the quality drops o�. The value of the drop o�
in JNDs is given on the y-axis. And the optimum lies at the point (0,0).

Looking at both plots, it can be stated that quality has an optimum, so that with the
increase of either of the image attributes quality increases to a certain point, after which
it starts to decrease. Moreover, the peak of preference lies almost within the original,
with both vividness and colorfulness being slightly higher. A preliminary conclusion that
can be drawn is that observers prefer slightly more saturated images with deeper shadows
and higher contrast.

Both colorfulness and vividness image sets were further used in naturalness assessment
experiments. The goal of this part of the experiments was to �nd out the in�uence of
colorfulness and vividness on the appearance of image naturalness and the in�uence of
image naturalness on the impression of image quality. The results of the experiment are
summarized in Table 5.3.

Table 5.3: Mean values of naturalness evaluation scores
Quality Image 1 Image 2 Image 3 Image 4 Image 5

1 2 1 2 1 2 1 2 1 2
inlab1 2.37 5.41 5.83 6.34 8.12 8.34 9.67 9.83 8.15 9.12
inlab2 2.25 6.03 6.93 7.98 8.93 9.67 9.87 5.56 8.41 3.98
inlab5 3.84 7.34 6.55 7.53 8.34 9.12 9.85 9.53 8.56 9.34
jan13am 3.10 6.56 7.12 8.96 8.67 9.87 9.73 6.76 8.17 4.87
rleaves 3.32 6.17 6.86 9.10 8.16 8.17 9.54 7.65 9.50 5.35

Each cell in Table 5.3 corresponds to an averaged naturalness evaluation score, with
maximum and minimum values excluded from consideration. Columns denoted with 1
present results of the tests produced through the colorfulness change, and these with 2
through the vividness change. Image 1 and Image 2 have the parameters (α, β, kmax):
(0.55,1,5), (0.75,1,10), Image 3 is the original with parameters equal to (1,1,korig), where
korig is the maximal value of kurtosis in the original image, Image 4 and Image 5 have
parameters (α, β, kmax) equal to (1,1.3,30), (1,1.6,60), respectively. Note that either (α,
β) (for colorfulness change) or (kmax) (for vividness change) were varied, while the rest
of the parameters were kept constant.

Looking at Table 5.3, we can state that the peaks of the naturalness judgments do not
lie within the original image area, which, in turn, brings us to the conclusion that users
generally prefer slightly modi�ed images.

To further analyze the results, let us look at the dependency between the naturalness
observer perception attribute and the statistical parameters of the spectral images var-
ied in the experiments (colorfulness and vividness). Figure 5.4 presents a plot of the
relationship between naturalness, vividness and colorfulness.
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(a) (b)

(c)

Figure 5.4: Averaged naturalness estimations vs. statistical parameters of spec-
tral images. Vividness (a) of inlab2, jan13am, rleaves; vividness (b) of inlab1 and
inlab5; colorfulness (c) of all of the images
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Looking at Figure 5.4, we can state that a positive correlation exists between the vivid-
ness, the colorfulness of spectral images and the naturalness perceptual image attributes.
Figure 5.4(a) and (b) present the relation between the vividness spectral image attribute
and naturalness judgments. It is clearly visible that the naturalness maximum lies at
points close to the original image. Figure 5.4(a) contains a plot of the inlab2, jan13am,
rleaves image judgments, and Figure 5.4(b) - inlab1 and inlab5. We have separated the
plots into two parts due to a di�erent form of dependency between the attributes. In
the �rst case images exhibit a sharper drop in the naturalness judgments than in the
second one. In fact, in the second case the decrease in naturalness is such that the nat-
uralness remains approximately close to the maximal value. Such a phenomenon can
be attributed to the fact that images inlab1 and inlab5 contain objects that attract the
most of the observers' attention compared to the objects situated in the background.
Moreover, these objects lie in the red area of the spectrum, which means that observers
are not susceptible to minor variations in these areas due to the properties of the human
visual system. Thus, the drop in quality and in naturalness is less distinct.
Figure 5.4(c) demonstrates a connection between the colorfulness parameter and the
naturalness constraint. It can be stated that observers perceive images slightly more
colorful than the original ones as being the most natural. Moreover, considering the
fact that observers have previously rated images with higher colorfulness values as being
of higher quality, we can state that memory color reproduction in�uences the preferred
color reproduction of the objects.
A plot of the quality judgments versus naturalness values for both vividness (red circles)
and colorfulness (blue asterisk) test sets (Figure 5.5) was constructed to be able to analyze
the correlation of naturalness and quality perception. The data was taken from Tables
5.1- 5.3. Such a comparison is possible due to the fact that experimental settings (number
of observers, number and contents of scenes, viewing conditions, etc.) are similar in both
of the experiments. Moreover, the algorithm of modi�cation and values of the statistical
parameters of spectral images are the same.

Figure 5.5: Averaged naturalness estimations vs. perceptual quality estimations
of images with the vividness (circles) and colorfulness (asterisk) change
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Looking at Figure 5.5, we can state that there is a positive dependency between the
quality judgments and the naturalness constraint. This means that with the increase of
naturalness the quality also increases, which proves the preliminary assumption that in
order for the image to be of good quality it should at least be perceived natural. To further
illustrate the dependency, a correlation coe�cient between the quality judgments and
naturalness estimations computed over all of the scenes equals to 0.8196 for colorfulness,
0.7018 in the case of vividness test sets, and the overall correlation is equal to 0.7752.
The spread in the plot can be attributed to a lack of test images and a rough scale of
spectral image attributes adopted in this study.

Even though we can see from the plot in Figure 5.5 that there is a connection between
the naturalness constraint and the quality judgments of the users, it is relatively di�cult
to predict what would be the e�ect of the naturalness change on image quality, and how
fast the quality decreases with the decrease in naturalness, which in turn can be varied
through variation of any of the attributes of spectral images. Accordingly, naturalness
could serve as a universal image attribute that would allow modeling both image quality
and the joint e�ect of attributes of spectral images on the overall perception of the
image reproduction. In order to model the e�ect of naturalness on quality, a preference
distribution function of naturalness expressed in terms of JNDs (Figure 5.6) has been
constructed in a similar manner as with colorfulness and vividness.

Figure 5.6: Averaged preference distribution function of naturalness

Looking at Figure 5.6 and the results of the previous experiments, the conclusion can
be drawn that with the increase of naturalness, the quality of the images increases.
However, at a certain point, naturalness starts to decrease. Thus, a high degree of
naturalness is a necessary, but not a su�cient condition for the quality perception. A
usefulness condition has to be satis�ed as well, which in turn leads to a discriminability
principle. In other words, even if the image gives an impression of being unnatural, it
might be perceived as being of high quality, due to the fact that the information in the
image is easily discriminable. Therefore, naturalness has a strong connection with the
statistical characteristics of spectral images and image quality perception on the whole,
being a necessary, but not a determinative factor.
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5.3 Image Fidelity Experiments

The main purpose of image �delity experiments in this study was to choose the metric
that would be able to model human observer perception in the task of color discrimina-
tion, given that the measure should work both on color and spectral images.

5.3.1 Image Fidelity Experiments Using Kernel Similarity Measures

Experiments conducted in the framework of image �delity research using kernel similarity
measures consist of three consequent phases, evolving from color di�erencing to actual
image �delity:

• experiments performed on the Munsell Colors Matte Dataset; [3]

• experiments performed on a set of metameric color samples;

• experiments performed on natural images.

The choice of the dataset of Munsell Colors is not incidental. The Munsell color sys-
tem is known to be perceptually uniform, meaning that each color is separated from its
closest neighbors by an equal perceptual distance [74]. Given the purpose of the exper-
iments, measurements produced against this dataset should produce as even a response
as possible. To this end, a series of spectra of Munsell colors with constant values of Hue
and Chroma and adjacent values of Value were input into the measures given in Eqs.
(2.38-2.52). The primary goal of this part of experiments is to �nd a metric that would
give comparable values of di�erences for perceptually equally disparate colors, but would
also account for the full spectrum of changes in each of the three color dimensions (Hue,
Chroma, Value) with a full range of values.
The �rst set of color samples out of the dataset of Munsell Colors for the experiments
was chosen to cover the full range of the Value dimension. The Hue was selected to be
5R, 5B and 5G, the Chroma equal to 1, and the Value in the range of 2.5 to 9. The
second set was similar to the previous one, except that the Value and Hue were kept
constant while the Chroma was varied. Thus, the Hue was set to 5R, 5B and 5G, the
Value to 6, and Chroma in the range of 1 to 14.
Values of the sensitivity parameters of the image �delity measures in the experiments
were set as follows: in Eq. (2.45) and (2.46) β = 0.00012; in Eq. (2.50) d = 7; in Eq.
(2.51) σ = 0.6; and in Eq. (2.52) k = 1, ϑ = −0.1. These values are set empirically and
will be subject of further experiments.
Based upon the experimental settings described above, diagrams of the functional rela-
tions between similarity measures, the Value and Chroma have been obtained (see Figure
5.7). The diagrams show the three best metrics from the point of view of the linearity
of the response given to the inputs, meaning that the measures gave close to linear (to
a certain extent) responses to the changes in Value and Chroma. The metrics that gen-
erated the smoothest responses are Metric 1 (Eq. (2.38)), Metric 8 (Eq. (2.45)) and the
Gaussian radial basis function (Eq. (2.52)), presented in Figure 5.7.
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(a) (b)

Figure 5.7: Functional relations between similarity measures(a) Similarity versus
Value, (b) Similarity versus Chroma (Metric 1 - asterisk (second scale); Metric
8 - Absolute Value Reciprocal Method - circles; Gaussian RBF metric - squares)
for 5R Hue (sensitivity parameters set to β = 0.00012; d = 7; σ = 0.6, k = 1 and
ϑ=-0.1)

In Figure 5.7, the asterisks represent Metric 1, circles Metric 8, and squares the Gaussian
RBF measure. A surge in the value of the similarity measures observed both with the
changes in Value and Chroma at the point of the Chroma di�erence 10 and 12, and Value
di�erence 7 and 8, can be explained by the e�ect of metamerism. The spectra of the
colors di�er by a greater value compared to the visual perception of the di�erence.
An important aspect of color di�erencing considered here is the ability to model the
human perception of metameric colors. Metamerism is a phenomenon describing a state
where two colors with di�ering spectral power distributions appear to be identical - in
other words, di�erent spectra producing equivalent receptor responses [50, 95]. The
sources of the metamerism can be di�erent, i.e. illuminant, geometric, observer, and
�eld size [36]. In this work, we consider only the illuminant induced metameric e�ect
since it is easier to model and closer to the ongoing experiments. The assumption in this
study is that a successful metric should be able to show the existence of dissimilarities
between colors under certain illuminants, at the same time exhibiting similarities under
other illuminants. That way the closer the result obtained using the similarity measures
is to 1 the better the given measures model metameric color perception. For this purpose,
a test was run in Publication IV using measures presented in Eqs. (2.38-2.52) against a
dataset of metameric colors presented is Section 5.1. The results of the tests are given
in Table 5.4.
Each cell in Table 5.4 presents the results of the comparison of the metameric colors in
each of the four sets (upper row), measured using the metrics in Eqs. (2.38-2.52) (left side
column). Here, the term Set means a sample of metameric colors. Set 1 is the re�ectance
spectrum of the red metameric sheet, Set 2 of Macbeth metameric sheet, and Sets 3 and
3(A) are re�ectance spectra of a part of a passport. Sets 1-3 are taken under illuminant
D65, under which the di�erences between the color patches are not visible, and Set 3(A)
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Table 5.4: Values of similarities in paired comparison experiments on metameric
colors (sensitivity parameters set to β = 0.00012; d = 7; σ = 0.6; k = 1 and
ϑ = −0.1)

Set 1 Set 2 Set 3 Set 3(A)
Metric 1 1.0000 1.0000 1.0000 1.0000
Metric 2 0.8108 0.8853 0.8160 0.8153
Metric 3 1.0000 1.0000 1.0000 1.0000
Metric 4 1.0000 1.0000 1.0000 1.0000
Metric 5 0.8882 0.9365 0.8870 0.8860
Metric 6 0.8670 0.8930 0.8635 0.8621
Metric 7 0.6076 0.7680 0.7039 0.7017
Metric 8 1.0000 1.0000 1.0000 1.0000
Metric 9 1.0000 1.0000 1.0000 1.0000
Metric 10 0.8108 0.8853 0.8160 0.8132
Metric 11 0.8882 0.9365 0.8870 0.8854
Metric 12 0.8967 0.9396 0.8973 0.8970
Polynomial 1.0000 1.0000 1.0000 0.9532
Gaussian RBF 1.0000 1.0000 1.0000 0.9643
Sigmoid 0.9989 0.9990 0.9988 0.9843

under illuminant A, under which the di�erence between color patches becomes visible.
Looking at Table 5.4 and considering the purpose of the experiments, several metrics can
be singled out as conforming with the requirement of modeling human observer behavior
in image �delity assessment tasks, meaning the possibility of discrimination of metameric
colors under certain illuminants (Set 3(A)) and similarity of colors under other illumi-
nants (Sets 1-3). The most promising results were produced using the Polynomial and
Gaussian RBF kernel similarity measures, with the Sigmoid kernel measure performing
slightly worse.
Another important requirement imposed on image �delity measures is the possibility of
adjustment of the sensitivity of measurements. Looking at Eqs. (2.38-2.52), it can be
stated that the kernel methods (Eqs. (2.50-2.52)), the exponential similarity measure
(Eq. (2.44)), the absolute value exponential measure (Eq. (2.45)), and the absolute
value reciprocal measure (Eq. (2.46)), possess similarity terms in them. However, the
kernel methods provide signi�cantly better control over the whole equation. The results
of testing of the sensitivity parameters in the measures for the Gaussian RBF and Metric
8 (absolute value exponent) are presented in Figure 5.8. The choice of the Gaussian
RBF and Metric 8 functions for testing is not incidental. Both of these metrics have
shown the best results for the smoothness of the response of the sensitivity function
requirement, and were among the best in the metamerism experiments compared to
the rest of the measure exhibiting sensitivity terms. Thus, it would seem reasonable to
continue comparing them.
Functional relations between the similarity values of Gaussian RBF and Metric 8 for
di�erent sensitivity values are shown in Figure 5.8, where both β and σ have been varied
in the range of [0.005, 0.03] with evenly spaced intervals. Looking at the resulting plots,
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(a) (b)

Figure 5.8: Sensitivity of (a) Gaussian RBF (b) Metric 8 (absolute-value expo-
nent) for 5R Hue, Value 6 (β and σ varying in the range 0.005 - 0.03)

it is clear that the sensitivity of the measures can be varied through the use of the
special terms in a certain range. However, the absolute value exponential method tends
to produce nonlinearities with the growth of the sensitivity value at higher values of the
Chroma and Value, which is an undesirable e�ect in this case.

The parameters of kernel similarity measures were set manually, but they are far from
optimal. The goal of the following experiment was to �nd the coe�cients in kernel
similarity measures formulae that would give equal proportions between a set of di�er-
ences, independent of the color space the colors are given in [29]. For that purpose, Eqs.
(2.50-2.52) were refactored into the following form [29]:

Spolynomial = (ayi, byj)d, (5.1)

where a, b and d are parameters of the equation to be optimized. The resulting values
after optimization using the Matlab optimization toolbox are a = b = 1; d = 7.

The sigmoid kernel similarity measure was transformed into

Ssigmoid = tanh(〈yi, yj〉k + ϑ), (5.2)

where k and ϑ are parameters for optimization. Their values are k = 1 and ϑ = 0.7 after
optimization.

The Gaussian RBF kernel measure was modi�ed into the following form:

SGaussian = exp
(
− a

‖yi − yj‖b

2σ2

)
, (5.3)
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where a, b and σ are optimization parameters, equal to a = 1, b = 2, and σ = 0.707 as a
result.
The optimization has been performed on a Munsell dataset [3] against CIE L*a*b*, CIE
L*u*v* and RGB color spaces.
The next part of the image �delity experiments consisted of applying kernel similar-
ity measures and twelve conventional measures to images of natural scenes described in
Section 5.1. Kernel similarity measures were used here to produce a Spectral Image Dis-
tortion Map (SIDM). What is calculated here, in fact, is a pixelwise spectral distortion.
As a result, a gray-scale spectral distortion image is obtained, where the intensity of each
of the pixels is a di�erence between the original image and the distorted one.
To imitate color distortions all of the images were compressed using the principal compo-
nent analysis (PCA) algorithm down to two principal components. PCA is a technique
that allows extracting smaller sets of variables with less redundancy from a higher dimen-
sional data. Color reproductions of original images and reconstructions after compression
are given in Figure 5.9.
The areas of color di�erence are clearly visible in the images, and concentrate primarily
in red and brown regions. Given that the overall coloring of the image is green the �rst
two eigenvectors contain the spectral information of the main colors. By adding the third
the image would have retained a color scheme very close to the original.
The images thus obtained were used to produce SIDM using each of the three kernel
similarity measures. Figure 5.10 (a, d) present the result of the application of the poly-
nomial kernel, (b,e) the Gaussian radial basis function, and (c,f) the sigmoidal kernel.
The level of intensity in the maps corresponds to the similarity scale: from black "not
similar at all" to white "identical".
Comparing the maps obtained, it can be stated that they present a similar result to a
certain extent. Moreover, comparing the original and the compressed image it is possible
to select the areas that are di�erent in the images, and these are similar to the results
obtained with the use of the image distortion maps.
To assess the accuracy of the SIDM, the subjective image quality technique the PIDM
described in Chapter 4 is used. Five subjects were presented two sets of images, consisting
of an original and a compressed image. The users were asked to mark the regions that
appeared di�erent with a rectangular digital marker of the size 4 by 4 pixels with di�erent
levels of gray-level intensity. Black means "not similar at all" and white "identical". The
subjects were instructed to mark the whole image area. Figure 5.11 presents the mean
of all subject maps.
Figure 5.11 clearly indicates that the PIDM presents a practically excellent �t to the
SIDM calculated through the use of the Gaussian RBF. Nevertheless, certain errors
exist, which can be attributed to the fact that the marker size and shape caused several
inaccuracies in stamping identical regions several times. To further illustrate the accuracy
of the SIDM, the di�erences between the mean value of the PIDM and each of the three
SIDM maps have been computed (see Table 5.5). The last column presents the value of
the deviation of the normalized SCIELAB error image from the PIDM.
The PIDM presents a full map of empirical distortion data, which can be used in the
task of evaluation of the accuracy of the metrics presented. Thus, looking at Table 5.5 it



66 5. Experiments

Table 5.5: Comparison of SIDM, SCIELAB and PIDM
Polynomial Gaussian RBF Sigmoidal SCIELAB

inlab 2 0.0499 0.0395 0.0551 0.0606
inlab 5 0.0395 0.0291 0.0581 0.0609

can be concluded that the most accurate evaluation of the human response in the quality
estimation task is obtained through the use of the Gaussian RBF kernel and the least
accurate with SCIELAB, although the deviation between the two is not large.
From the point of view of the probability theory it can be stated that the SIDM presents
the probability of the subject identifying a certain pixel as similar, which allows avoiding
time and money consuming expert surveys, and gives the possibility of computing the
distortion values dynamically as the information is discarded from the image, as for
example in a lossy compression task.

5.3.2 Image Fidelity Evaluation Using 3D-SSIM

The second part of the image �delity experiments is dedicated to applying the SSIM (see
Section 2.2) to spectral image assessment.
The goal of the experiments was to �nd the best way of extending the conventional
SSIM (Eq. (2.30)). The �rst approach assumes that conventional SSIM is applied band
by band and the result is averaged over the whole image. The second option is to apply
the three-dimensional window given in Eq. (2.31).
For the purpose of this experiment, original and modi�ed images from the previous
experiment were used (see Figure 5.9). The result of applying conventional and 3D-
SSIM is shown in Figure 5.12.
Looking at Figure 5.12, it is clear that 3D-SSIM presents a clearer picture of the distor-
tions introduced into the image. However, the visual inspection of the results of the tests
is not enough to establish a clear picture of the e�ciency of either of the modi�cations
of SSIM. For that reason, the PIDM out of the previous experiments was applied. Again
an average over the whole PIDM was computed and subtracted from the average over
the 3D-SSIM and SSIM maps. The results of the previous experiment and the SSIM
experiment are given in Table 5.6.

Table 5.6: Comparison of SIDM, SSIM, 3D-SSIM and PIDM
Polynomial Gaussian RBF Sigmoidal 3D-SSIM SSIM

inlab 2 0.0499 0.0395 0.0551 0.1636 0.2374
inlab 5 0.0395 0.0291 0.0581 0.0986 0.1745

Each cell in Table 5.6 represents the di�erences of the averages of kernel measures and
both SSIM based measures from the average computed over PIDMs of the appropriate
images. Thus, the closer the value in each of the cells to 0 the closer the measure is
to PIDM. The range of possible values in this table is from 0 to 1. Looking at Table
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5.6, it can be stated that the 3D-SSIM performs signi�cantly better compared with the
conventional SSIM applied band by band. However, it is still worse than kernel similarity
measures, and speci�cally the Gaussian RBF metric.

5.4 Summary and Discussion

In this chapter, we described the experiments performed in the framework of this thesis,
intended to evaluate the theoretical assumptions presented in previous chapters. The
experiments performed can be divided into two broad parts: objective image quality and
image �delity.
Image quality experiments concentrate on applying the Statistical Image Model to images
of natural scenes. The tests performed correspond to the three image attributes described
in the model: colorfulness, vividness, and naturalness. Several conclusions can be drawn
based on the results of the experiments. Primarily, the results of the tests indicate
that vividness, colorfulness and naturalness are positively correlated. Furthermore, the
peaks of naturalness in vividness experiments lie close to the original images, while
with colorfulness slightly modi�ed images are perceived as more natural. Moreover, the
experiments show that observers generally prefer slightly more saturated images with
deeper shadows, meaning that higher values of colorfulness and vividness result in higher
quality judgments. Furthermore, with the increase of naturalness the perceived quality
increases. However, at a certain point naturalness starts to decrease. Thus, a high degree
of naturalness is a necessary, but not a su�cient condition for a high quality perception. A
usefulness condition has to be satis�ed, as well, which in turn leads to a discriminability
principle. Meaning that, even if the image gives an impression of being unnatural, it
might be perceived as being of high quality due to the fact that the information in the
image is easily discriminable. Therefore, naturalness has a strong connection with the
statistical characteristics of spectral images and image quality perception on the whole,
being a necessary, but not a determinative factor.
The goal of image �delity experiments is to �nd a measure that would model the human
observer behavior in the task of color discrimination and would also apply to both color
and spectral images. The criteria for the choice of the measure was that the measure
should give comparable values of di�erence for perceptually equally disparate colors, and
would also account for the full spectrum of change in the color. The optimal measure
should also have the possibility of adjusting the sensitivity of the assessment. Another
important aspect taken into account was to model the human observer in the task of
discrimination of metameric colors. The measures used are twelve conventional color
similarity measures (Eqs. (2.38-2.49)), SCIELAB (2.23), kernel similarity measures (Eqs.
(2.50-2.52)) and the novel measure 3D-SSIM the latter two proposed in this thesis. Based
on the results obtained, it can be concluded that the most accurate evaluation of the
human response in the quality estimation task is obtained through the use of the Gaussian
RBF kernel and the least accurate with SCIELAB, although the deviation between them
is not large.
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(a) (b)

(c) (d)

Figure 5.9: Color reproduction of spectral images inlab2 (a) original, (b) recon-
struction after compression (PCA 2); inlab5 (c) original, (d) reconstruction after
compression (PCA 2)
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(a) (b)

(c) (d)

(e) (f)

Figure 5.10: Spectral image distortion maps. inlab2 (a,b,c); inlab5 (d,e,f). (a,d)
polynomial kernel; (b,e) Gaussian radial basis function and (c,f) sigmoidal kernel
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(a) (b)

Figure 5.11: Perceptual image distortion maps. Inlab2 (a); inlab5 (b)
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(a) (b)

(c) (d)

Figure 5.12: SSIM di�erence maps. inlab2 (a,c) and inlab5 (b,d). 3D-SSIM
(a,b) and averaged SSIM (c,d)
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Chapter VI
Discussion

The main objective of this research was to try to �nd a solution to the problem of quan-
tifying quality and �delity of color and spectral images. The primary focus of this thesis
lies in spectral domain distortions, not taking into consideration spatial artefacts. Evolv-
ing from a study of a relationship between spectral image appearance and the statistical
characteristics of images under study, a Spectral Appearance Model that allows the as-
sessment and prediction of spectral image quality, has been developed. This direction
of research was later on supplemented with a study of the possibility of applying con-
ventional color image �delity measures to spectral images, which, in turn, eventually led
to the development of novel kernel based similarity measures. This work can be divided
into two broad parts, stemming from the above-mentioned directions of the research.

The �rst part of this thesis is dedicated to image �delity. Fidelity is de�ned in this
work as the degree of an apparent match of the image under study with an external
reference, also called the original [97]. A number of conventional image �delity measures
served as the basis for this research, forming the theoretical basis for the novel measures
proposed in this work. Conventional measures primarily include color and spectral image
�delity measures, and metrics that can be applied to both gray-scale and color images.
In the framework of this thesis, all of these were divided into three broad categories,
taking classi�cation proposed by Avcibas [16] as an underlying principle. The resulting
categories are: pixel di�erence based measures, measures accounting for image structure,
and correlation based measures.

Pixel based measures, as the name implies, comprise the measures calculated based on
the pixelwise di�erences between the images [16]. These include almost all of the most
popular �delity metrics existing in literature: the MSE, PSNR [55], CIE ∆E L*a*b* [4],
and extensions of these measures - BFD(` : c) [71, 72], CMC(` : c) [23], LCD [66, 78],
CIE94 ∆E [70], and the recently proposed CIEDE2000 [70].

Another category of image �delity measures considered in this thesis are correlation based
measures, which include twelve conventional image �delity metrics proposed in [81, 67].
These are based on the assumption that correlation between images is related to overall
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image �delity. The measures, including among others the Exponential similarity method,
the Correlation Coe�cient method and the Absolute-value reciprocal method, were de-
signed and applied primarily to color images. The possibility of applying these metrics to
the task of spectral image assessment has been tested in Publication II and Publication IV.
Furthermore, a set of novel kernel similarity measures has been proposed in these publi-
cations and further developed into a Spectral Image Distortion Map in Publication III.
The novel metrics include the Gaussian RBF, polynomial and sigmoid kernels. These
measures are based upon a well-known pattern recognition technique - kernel support
vector machines [88]. A preliminary result was obtained in Publication II and Publica-
tion IV stating that novel kernel similarity measures outperform conventional correlation
based measures in the task of spectral image �delity assessment. Furthermore, the Gaus-
sian RBF produced the most accurate assessments considering traditional color similarity
methods.

Most of the methods of image �delity evaluation given above and described in literature
concentrate on color artefacts. A signi�cant number of measures exist in the �eld of
spatial distortions. However, the in�uence of spatial properties of images on color re-
production is largely ignored [36], with a few exceptions to this rule [60, 80, 94, 102].
Measures accounting for image structure include an extension of the conventional CIE
∆E L*a*b* - S-CIELAB [102], a measure created for the assessment of spectral images
- the BDMM [61], SSIM [94], and 3D-SSIM, an extension of the measures described in
this thesis, initially proposed in Publication VII. For further development of the �delity
research, we have proposed to either combine the existing measures proposed in Publica-
tion IVwith a spatial assessment method or extend the latter to a three-dimensional case
to be able to incorporate spectral data. A 3D-SSIM method that calculates conventional
SSIM [94] using a three-dimensional window was obtained as a result.

A number of experiments performed on the �delity measures have proven that kernel
similarity measures proposed in this thesis, and designed to quantify speci�c spectral
distortions, provide a closer match to the human observer behavior in the task of color
discrimination and �delity assessment compared to the rest of the tested measures. How-
ever, the results also indicate that further improvement of the measures is possible.

The second part of the research is dedicated to image quality. This notion can be ap-
proached from various angles which results in a number of various de�nitions [64, 89].
The source of the ambiguity of the term stems from the fact that quality is an intuitive
concept, closely connected with human perception [94]. The de�nition chosen for this
thesis was given in [64] and states that quality is "an impression of [image] merit or excel-
lence, as perceived by an observer neither associated with the act of ... [acquisition], nor
closely involved with the subject matter depicted" [64], with several restrictions imposed,
i.e. by images in this case we assume their digital form, and the end users are considered
to be human observers.

The main question facing any image quality research is whether the quality could be
readily quanti�ed, and if so, what the attributes are that characterize it [30]. Both of the
issues are addressed in this work. This study began by addressing the question of whether
spectral image appearance can be a�ected by statistical image attribute variation. This
research was further developed into the study of the assessment and prediction of spectral
image quality.
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An excellent framework for any image quality research was proposed by Engeldrum [30],
i.e. the image quality circle. This concept connects technology variables with customer
quality preference via customer perception attributes and image quality models [30]. This
thesis concentrates on �nding these two parts and the connection to customer quality
preference.
One of the most signi�cant problems of image quality research is the choice of the at-
tributes of observer perception, or so called "nesses" [32]. Preferential and artefactual
image attributes are the main focus of this thesis. These include blur, noisiness, �delity,
detectability, naturalness, colorfulness and vividness.
The second part of the circle - the models considered in this work are the FUN model [97],
computational image model [55], Kayargadde model [63], and spectral color appearance
model proposed in this thesis.
The spectral color appearance model proposed in this work describes quality in terms
of preferential image attributes, i.e. colorfulness, vividness, and naturalness. The model
is based upon the assumption that statistical characteristics of spectral images a�ect
the overall appearance. Kurtosis variation a�ects image highlight and shadow intensity,
called vividness in this work. And standard deviation impacts image contrast and sat-
uration, i.e. colorfulness. The third parameter of the spectral color appearance model
stems from the intuitive assumption that in order for the image to be of high quality it
should at least be perceived as natural [57].
The results of the experiments performed in the framework of this work indicate that
the three parameters of the spectral color appearance model, i.e. colorfulness, vividness
and naturalness, are positively correlated. Moreover, with the increase of naturalness
the quality of the images increases. However, at a certain point, naturalness starts
to decrease. Thus, a high degree of naturalness is a necessary, but not a su�cient
condition for quality perception. A usefulness condition has to be satis�ed as well, which
in turn leads to the discriminability principle. In other words, even if the image gives
the impression of being unnatural, it might be perceived as being of high quality due to
the fact that the information in the image is easily discriminable. Therefore, naturalness
has a strong connection with the statistical characteristics of spectral images and image
quality perception on the whole, being a necessary, but not a determinative factor. This
means that although an image might be unnatural, as long as it is discriminable it might
be considered of high quality. The trade-o� of these two conditions produces the most
optimal result. Overall, the Spectral Appearance Model proposed in this thesis has
proven to be capable of predicting and a�ecting image appearance and image quality,
with the help of the statistical image attributes.
The future research direction in the case of both image �delity and image quality is
connected to the problem of incorporating spatial data into the assessments. Preliminary
results obtained in this area show promising results. Four centuries of the history of
image quality and image �delity research could have brought a solution to the problem
of e�ective image assessment. However, we are as far from a complete solution as we
were back then [32].
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Abstract 

In this paper, a spectral color appearance model is 
considered. This model is used for color image quality 
estimation when a color image is reproduced through a 
spectral image. The model is based on the statistical image 
model that sets a relationship between the parameters of the 
spectral images and color images, and the overall 
appearance of the image. This was used to create a set of 
test color images that were evaluated by twenty color-
normal test persons. The results of their evaluation were 
used for synthesis of a Fuzzy Logic System. Based on the 
test persons estimation two-dimensional colorfulness-
vividness quality evaluation surfaces were built for each 
image and for image groups. The study shows that a 
spectral-color relationship and Fuzzy Logic Inference are 
efficient in color image quality evaluation. 

Introduction 

In this paper, the spectral color appearance model for 
quality of color and spectral image estimation is considered. 
The model can be used in a number of different 
applications, from digital archiving to communications and 
industrial applications. 

Most of the works on color appearance models are 
dedicated to the problem of reproduction of colors under 
different illuminants so that the overall appearance remains 
unchanged and independent of the viewing conditions, and 
the device used to represent the image [2]. The model, 
described in this paper, is used for color image quality 
estimation when a color image is reproduced through a 
spectral image. Two criteria are devised for this purpose: 
colorfulness and vividness. These, in turn, are based on a 
statistical spectral image model [1], developed on the basis 
of the statistical characteristics study of natural images. 
According to the model, statistical characteristics of the 
image, like kurtosis and standard deviation, affect the 
appearance of the image. Kurtosis impacts image highlight 
reproduction, and standard deviation affects image contrast 

and color saturation. A set of test images was produced 
using the statistical model. 

In order to prove the feasibility of the given spectral 
appearance model twenty color-normal persons graded the 
images and the results were input into a Mamdani Fuzzy 
Inference System, that models the behavior of the human 
expert and predicts the quality estimate depending on the 
level of colorfulness and vividness. For the latter, a set of 
tests was performed on the Fuzzy Logic System, where all 
images except one were used as a training data set and the 
image left was used as a testing image. The tests have 
proven that the prediction error is low in an average case 
and the Fuzzy Expert System is an efficient tool in 
predicting the human observer behavior in a quality 
estimation task. Similar work, dealing with discrimination 
of the performance of the human observer in a visual 
detection task in gray level images, is presented in [6]. 

For spectral images, a visual quality estimation method 
using a component gray level image for quality evaluation is 
proposed in [5]. 

Statistical Model 

A generalized statistical spectral model, which copies the 
behavior of the statistical characteristics of natural images, 
is used in this work, as follows [1]: 

f(x)=µ+Dg(x)     (1) 

where f(x) is a n-dimensional vector random field, and x is a 
vector with each element being a spatial dimension; µ is a 
mean vector, g(x) is a normalized vector image with zero 
mean and unit standard deviation for each component, 
D=diag(σ1, σ2, …, σn), where σi is a standard deviation in 
the component. 

Eq.1 is usually used for the texture images. However, 
in this study, this model is used in images that are 
homogeneous or consist of several homogeneous regions. In 
the last case, the model is used for each region segmented 
before the modeling.  



 

 

To provide the spectral and color parameter change that 
affect the image appearance, the following relationships are 
used. The vector σ is presented as follows: 

σ=αβσv+(1-α)σc      (2) 

where α=(σ max-σ min)/σmax is the relationship between 
constant and variable parts of standard deviation and β is a 
contrast variation coefficient, σv is a variable component 
vector of σ, σc is a constant component vector of σ. 

Finally, g(x) is centered by substracting its mean as 
follows: 

g(x)=g(x)-E(g(x))       (3) 

value of the right-hand side is computed and substituted in 
g(x), E(g(x)) is the expectation value of g(x). g(x) is defined 
through gamma-Charlier histogram transform of fs(x) and a 
kurtosis vector k as follows [1]: 

g(x)=H(fs(x),k)      (4) 

where fs(x) is a normalized image of f(x), with zero mean 
and unit standard deviation for each component, the 
elements of k are kurtosis, calculated in components. To 
affect the image appearance through histogram transform, 
the kurtosis change is used as follows: all kurtosis elements 
are proportionally modified according to the given 
maximum of the kurtosis value 

α, β and k are used for modifying the colorfulness and 
vividness change in the tests. 

Experiment 

Experiments were performed on spectral images from [7]. 
Five images – inlab1, inlab2, inlab5, jan13am and rleaves 
were selected. Each image has the following dimensions: 
256x256 in the spatial dimension and 31 components in the 
spectral dimension. The fragments with a size 128x128 and 
31 components of these images were used in the test. 

Colorfulness 
First, a set of test images was produced using the 
colorfulness parameter. The term includes both contrast and 
color saturation. Thus, colorfulness was varied through 
standard deviation, using Eq.2. By changing the α and β 
coefficients it was possible to receive new values for 
constant and variable parts of the standard deviation. This 
procedure was applied to the images with values of (α,β) 
equal to (0.55,1), (0.75,1), (1,1.3), (1,1.6). Fig.1 shows how 
the colorfulness change affects the color reproduction of a 
spectral image. 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
Figure 1. inlab2. A color reproduction of the original image (left) 

and processed image (α=1, β=1.6) (right) 

Vividness 
The second set of tests was produced through variation of 
the vividness parameter, closely related to highlight 
reproduction in an image. As the highlight was modified 
through kurtosis change, the test images were produced 
with the help of Eq.3 (with kmax equal to 5, 10, 30, 60). 
Fig.2 shows the effect of the vividness change in color 
reproduction of a spectral image. 
 
 
 
 
 
 
 
 
 
 
Figure 2. inlab 5. A color reproduction of the original image (left) 

and modified image (kmax=80) (right) 

Both test sets were evaluated by 20 color-normal 
persons using a 1 to 10 scale. Where 1 was assumed as the 
lowest quality and 10 the highest. The means of all of the 
scores for both colorfulness and vividness were computed. 
The results are presented in Tables 1 and 2. In Table 1 
Image 1 and Image 2 have parameters (α,β): (0.55,1), 
(0.75,1), Image 3 is the original, Image 4 and Image 5 have 
parameters (α,β): (1,1.3), (1,1.6). In Table 2 Image 1 and 
Image 2 have the following values of kmax: 5, 10, 
respectively. Image 3 is the original, Images 4 and 5 have 
respectively, kmax equal to 30, 60. 

Table 1. Mean values of quality judgments in 
colorfulness change 
Quality Image 1 Image 2 Image 3 Image 4 Image 5 
Inlab1 2.67 4.50 6.00 6.00 7.17 
Inlab2 2.67 4.83 7.00 7.83 8.67 
Inlab5 3.00 4.50 5.67 6.83 7.67 
Jan13AM 3.33 4.83 7.00 7.67 8.17 
Rleaves 2.50 3.50 4.83 4.83 5.83 



 

 

Table 2. Mean values of quality judgments in vividness 
change 
Quality Image 1 Image 2 Image 3 Image 4 Image 5 
Inlab1 2.56 4.00 6.44 7.19 8.19 
Inlab2 5.88 6.12 7.94 4.29 3.76 
Inlab5 3.18 4.71 5.76 7.29 8.12 
Jan13AM 4.29 5.88 6.71 7.41 5.59 
Rleaves 4.65 5.82 5.94 4.76 5.00 

The experiment showed that there is a close 
relationship between the quality judgment and the 
parameters of the spectral color appearance model. 

Analysis showed that the test persons prefer the 
enhanced color images to the images with less colorfulness. 
This corresponds to the results obtained by other studies [4]. 
However, a novel result was that the highlight (vividness) 
parameter has a maximum at some point. 

Fuzzy Logic System 

On the basis of the results obtained during the experiments, 
a Mamdani Fuzzy Inference System (FIS) using min and 
max for T-norm and T-conorm operators was synthesized 
[3]. It has two crisp inputs: Colorfulness and Vividness. 
These are presented by values αβ and k, respectively. 
Output is Quality on a 1 to 10 scale. Since a crisp output 
value is needed, the obtained results are deffuzified. For the 
defuzzification method the centroid of area zCOA is used as 
follows: 
 

(5) 
 
 
where µA(z) is the aggregated output membership function. 
The system is based on nine rules, which help to model the 
test persons behavior. 

For the tuning of the system several shapes of 
membership functions for both input and output variables 
were tested. The experimental results have proven that 
‘bell’ membership function yielded better results in an 
average case for the input variables and trapezoidal for the 
case of the output variable ‘Quality’. Membership function 
plots are shown in Fig.3. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Membership function plots. Input variable Colorfulness, 
Vividness and Output variable Quality (from top to bottom) 

These membership functions led to a three-dimensional 
overall input-output surface presented in Fig.4. At that point 
we have received interesting results that correspond to those 
received in section Experiment. On the one hand, 
colorfulness parameter behaved as was expected, increasing 
monotonically. On the other hand, vividness produced a 
clear maximum on the output surface in the case of the 
images with small details of different colors (inlab1, 
inlab5). 
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Figure 4. Overall input-output surfaces. inlab2,jan13am,rleaves 
(top), inalb1,inalb5 (bottom) 

An experiment similar to the one presented is given in 
[6], where a Fuzzy Expert System to facilitate the 
discrimination of the human observer qualities for the 
purpose of visual detection in gray level images was 
created. It was shown that the system behaved as expected 
for an average case. 

Next, a test for the expert evaluation model using the 
designed system is discussed. 

Experimental results 
A set of tests was performed to prove that the described 
Fuzzy Logic System is capable of modeling the behavior of 
an expert in a quality estimation task. 

The tests were done in the following manner: the FIS 
was rebuilt to incorporate the expert’s judgments for all of 
the images except one. Thus, the new system evaluated four 
images out of five. Then, the parameters of the image, 
which was not left out, were input into the new system. The 
judgment predicted was substracted from the judgment, 
received using a full set of the original five images. Then a 
similar operation was performed on the four other. The 
obtained values are given in Table 3. Thus, each image one 

by one was used as a test image in a Fuzzy Logic System 
trained with the rest of the images. The procedure was 
performed for each of the parameters separately. 

Table 3. Results of the Fuzzy Logic System testing 
Colorfulness 1 2 3 4 5 
Inlab 1 0.67 0.33 1.00 1.67 1.00 
Inlab 2 0.25 0.67 1.08 1.58 1.67 
Inlab 5 0.67 0.33 1.00 1.67 1.00 
Jan13AM 0.75 0.67 1.08 1.33 0.92 
Rleaves 0.50 1.33 2.17 2.92 2.58 
Vividness 1 2 3 4 5 
Inlab 1 0.80 0.74 0.70 0.00 0.30 
Inlab 2 1.33 0.26 1.66 1.60 1.29 
Inlab 5 0.80 0.74 0.70 0.00 0.30 
Jan13AM 0.94 0.05 0.32 2.66 1.08 
Rleaves 0.39 0.21 1.34 1.05 0.21 

Each cell of Table 3 contains the value of the difference 
between the expert judgment and the judgments modeled in 
the test. Table 3 is divided into two parts. The upper part in 
Table 3 gives the results for the case when the vividness 
parameter remained constant and the colorfulness was 
varied. The lower part of Table 3 has a constant 
colorfulness and a variable vividness. In the first column, 
the name of the test image is given, and in the first row, the 
number of the image with modified parameters (see section 
Experiment) is given. 

The results show that the proposed Fuzzy Logic System 
models the behavior of the human expert in a quality 
estimation task. The average error did not exceed ten 
percent of the judgments in an average case. To get a more 
accurate prediction of the image quality a larger training set 
is needed. 

Conclusion 

In this paper, a spectral color appearance model was 
considered. The model was used in color image quality 
estimation when a color image was reproduced from a 
spectral image. 

A statistical spectral image model was used in the 
study. According to this model the highlight appearance in 
the image was closely related to the kurtosis value, and 
contrast and saturation were connected by the standard 
deviation. Varying the statistical parameters of the image a 
set of test images was obtained. The images were evaluated 
by twenty color-normal test persons. And the evaluation 
results were input into a Fuzzy Logic System. 

To conclude, it is possible to say that test persons prefer 
more enhanced images to those with little colorfulness. 
However, in the case of highlights the behavior is not so 
straightforward. The quality values have a clear maximum 
at some point in the vividness variation. This means, that in 
human evaluation the optimal values of highlight in the 
image are neither the high nor the low. 



 

 

The study has shown that the spectral-color relationship 
and Fuzzy Logic Inference were efficient in color image 
quality evaluation. 
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Abstract 

In this study, color similarity metrics in a spectral space 
are considered. The paper gives a brief overview of 
several existing measures and presents a novel approach 
based on kernel methods. New similarity measures for 
spectral images based upon kernel methods include 
polynomial, Gaussian radial basis function and sigmoid 
kernels. The performance of the methods is tested against 
the Munsell Matte spectral dataset. Kernel methods are 
compared to twelve well-known similarity metrics, i.e. 
Correlation Coefficient, Exponential Similarity, 
Maximum-Minimum methods, etc. Spectral differences 
of constant Hue, adjacent Values and Chromas have been 
evaluated using these metrics. The tests show that the 
proposed Gaussian radial basis function kernel metric 
performs significantly better, compared to the rest of the 
measures. 

Introduction 

In this paper, a novel kernel based approach to color 
similarity estimation problem is proposed. The methods 
used can be employed in a number of different 
applications, including image compression, electronic 
commerce, archiving etc. 

One of the most popular color similarity metrics is 
Euclidean distance defined in the CIE L*a*b* color 
space [1]. It has an advantage of simplicity in 
understanding and realization, however the metric is not 
efficient. Euclidean distance calculates the difference 
between colors not taking into account the angle between 
color vectors, which produces a significant divergence 
for RGB image reproduction. 

Another set of color similarity metrics was proposed 
in [2,3]. The set contains twelve well-known color 
similarity measures, created upon the assumption that an 
optimal color similarity metric should take into account 
both the distance and the angle between color vectors. 
The measures are based upon popular distance functions, 
such as Mahalanobis or Hamming distances. All of the 
metrics have been tested in [4]. It has been shown that 
the absolute-value exponential method was the most 
effective in the task of color differencing [4]. 

All of the above-mentioned measures have been 
applied to standard RGB or CIE L*a*b* color spaces. 
They can be extended to incorporate spectral data. An 
approach to spectral color differencing has been 

proposed in [11]. The measures are, in this case: N-
dimensional Euclidean distance between two radiance 
spectra and Euclidean distance in this space. These 
measures are defined based on two spectral databases: 
Munsell Glossy [8] and NCS [11]. 

This measure has been applied to spectral 
differences of constant chroma, adjacent hues and 
adjacent values in Munsell and NCS-databases. Then a 
three-dimensional conical color-space with first three 
PCA-eigenvectors of NCS- and Munsell data as basis 
vectors has been defined and analyzed. The Euclidean 
distance has been computed in this color space. The 
metric performed significantly better than standard CIE 
L*a*b* DeltaE, CIE94 and CIEDE2000 formulae. 
However, as most of the measures built upon Euclidean 
distance, it suffers from a serious drawback of neglecting 
the angle between color vectors, which carries significant 
information in itself [11]. 

In this paper, a novel approach of color difference 
estimation, incorporating spectral data, is proposed. The 
color similarity metrics introduced are based on a well-
known pattern recognition technique – kernel methods 
[5]. A kernel can be considered an extension of a 
canonical dot product, which in turn, is one of the 
techniques described in [2,3]. Kernel methods applied in 
this study include: polynomial, Gaussian radial basis 
function (RBF) and sigmoid kernels. 

Spectral differences between colors have been 
measured using a Munsell Matte Collection spectral 
dataset [6], against constant Hues and adjacent values of 
Chromas and Values. The results of the measurements 
produced using the kernel-based methods [5] have been 
compared to twelve well-known color metrics [2,3] 
extended to incorporate spectral data. 

Color Similarity Measures 

Color similarity measures generally take two spectral 
vectors as an input and produce an output on a 0 to 1 
scale. Where 0 means that the colors are “not similar at 
all” and 1 means “identical” [7].  

In this paper, a kernel-based approach to color 
similarity is proposed. The performance of these 
measures is compared with the performance of twelve 
widely known metrics [2,3]. Kernels can be assumed to 
be dot products of vectors in a certain feature space, 
meaning that if we have two vectors xi and xj in the input 
domain X, we can produce a mapping: 



 

 

 
(1) 

 
So the dot product is computed in thus induced feature 
space [5]. The kernel similarity measures considered in 
this paper include polynomial, Gaussian radial basis 
function and sigmoid kernels. 

Polynomial kernel similarity measure can be 
presented as follows: 

(2) 
 

where d is the parameter of the sensitivity of the measure, 
xi and xj are input p-dimensional color vectors. The 
similarity functions have a general form of S(xi,xj), the 
arguments are skipped for simplicity in the formulae 
shown in this paper. 

The Gaussian radial basis function kernel has the 
following form: 

 
(3) 

 
 

where σ > 0, σ is the parameter of the sensitivity of the 
function. 

And the sigmoid kernel based similarity metric can 
be presented as follows: 

 
(4) 

where k an ϑ are variable parameters. 
The twelve other metrics are as follows [7]: 
Metric 1 
 

(5) 
 
 

where θ is the angle between vectors xi and xj 
Metric 2 
 

(6) 
 
 
Metric 3 
 

(7) 
 
 
Metric 4 
 

(8) 
 
 
Metric 5 
 
 

(9) 
 
 
Metric 6: Correlation Coefficient Method 
 
 

 
(10) 

 
 

 
where 
 

Metric 7: Exponential Similarity Method 
 

(11) 
 
 

where              is a parameter that is determined 
experimentally. 

Metric 8: Absolute-Value Exponent Method 
 

(12) 
 

where β > 0. 
Metric 9: Absolute-Value Reciprocal Method 
 

(13) 
 

β is determined empirically. 
Metric 10: Maximum-Minimum Method 
 

(14) 
 
 
Metric 11:Arithmetic-Mean Minimum Method 
 
 

(15) 
 
 
Metric 12: Geometric-Mean Minimum Method 
 

(16) 
 
 

Experiment 

The tests of the viability of color similarity metrics were 
performed on Munsell Colors Matte dataset [6] (1269 
matt Munsell color chips). The reflectance spectra had 
been measured by a Perkin-Elmer lambda 9 UV/VIS/NIR 
spectrophotometer in the 380 nm - 800 nm interval with 
1 nm wavelength resolution [8]. 

The purpose of the experiment was to choose a 
metric that would give comparable values of differences 
for perceptually equally disparate colors, and at the same 
time would account for the changes in Hue, Value and 
Chroma with the whole range of values. Another 
requirement imposed on the measures was the possibility 
of adjustment of the sensitivity of similarity 
measurements. 

The first set of experiments concerned the possibility 
of color discrimination based on spectral information of 
Munsell colors with constant values of Hue and Chroma 

)(:
:

xxx Φ=
Η→ΧΦ

d
jipolynomial xxS ),(=













 −
−= 2

2

2
exp

σ
ji

Gaussian

xx
S

)),*(tanh( ϑ+= ji xxksigmoidS

)cos(1 θ==
ji

t
ji

xx

xx
S

( )











 −
−













=

ji

ji

ji

t
ji

xx

xx

xx

xx
S

,max
12

( )2
1

)cos(2

)cos()cos(

22
3

θ

θθ

jiji

ji

xxxx

xx
S

++

+
=

( )
ji

jiji

xx

xxxx
S

+

++
=

2
1

)cos(2)cos(
22

4

θθ

( )
( )2

1

2
1

)cos(2

)cos(2
1

22

22

5

θ

θ

jiji

jiji

xxxx

xxxx
S

++

−+
−=

( )( ) ( )( ) 2
1

2
1

1

2

1

2

1
6

∑∑
∑

==

=

−−

−−
=

p

k jjk
p

k iik

p

k jjkiik

xxxx

xxxx
S

∑ =
=

p

k iki x
p

x
1

1

( )
∑

= 








 −
−=

p

k k

jkik xx

p
S

1
2

2

7 *
4
3

exp
1

β

02 >kβ









−−= ∑

=

p

k
jkik xxS

1
8 exp β

∑
=

−−=
p

k
jkik xxS

1
9 1 β

∑
∑

=

== p

k jkik

p

k jkik

xx

xx
S

1

1
10

),max(

),min(

∑
∑

=

=

+
=

p

k jkik

p

k jkik

xx

xx
S

1

1
11

)(
2
1

),min(

∑
∑

=

== p

k jkik

p

k jkik

xx

xx
S

1

1
12

2
1

)(

),min(



 

 

and adjacent values of Value. The set was chosen so that 
it covers the entire range of Values. Hue was selected to 
be 5R, 5B and 5G, Chroma equal to 1, and Values 
ranging from 2.5 to 9. 

The second set of tests was similar to the previous 
one, except that the Values and Hues remained constant, 
while Chroma was varied. Thus, Hue was set to 5R, 5B 
and 5G, Value to 6, and Chroma ranged from 1 to 14. 

In order to account for the visual uniformity of the 
Munsell color dataset, the input data was multiplied by 
Spectral Luminous Efficiency Function for photopic 
vision [9] and illumination factor [10]. 

Considering the purpose of the whole experiment, 
the results obtained can be divided into several 
categories. First, would come the metrics that gave 
comparable values of differences for perceptually equally 
disparate colors. For that purpose, based upon the 
experimental settings described above, diagrams of the 
functional relations between similarity measures, Value 
and Chroma have been obtained (see Fig. 1). The 
diagrams show the three best metrics from the point of 
view of the linearity of the response given to the inputs. 
Meaning that the measures gave close to linear (to a 
certain extent) responses to the changes in Value and 
Chroma. The metrics that gave the smoothest responses 
are Metric 1, Metric 8 and Gaussian radial basis function, 
presented in Fig.1. 

(a) 

(b) 

The second requirement set upon the metrics has 
been the possibility of adjustment of the sensitivity of 
similarity measurements. Looking back at the Eq. 2-16, it 
can be stated that the kernel methods (polynomial, 
Gaussian RBF and sigmoid), exponential similarity, 
absolute-value exponential, absolute-value reciprocal 
methods poses similarity terms, which allow adjustment 
of the measurements. However, the kernel methods 
provide a significantly better control over the whole 
equation. The results of testing of the sensitivity 
parameters in the measures for Gaussian RBF and Metric 
8 (absolute-value exponent) are presented in Fig. 2. 

(a) 

(b) 

A functional relation between the similarity values of 
Gaussian RBF and Metric 8 for different sensitivity are 
shown in Fig. 2, where both β and σ have been varied in 
the range of 0.005 and 0.03. The resulting graphs show 
that the sensitivity of the measures can be varied through 
the use of the special terms in a certain range. However, 
the absolute value exponential method tends to produce 
non-linearities with the growth of the sensitivity value. 
The choice of the Gaussian RBF and Metric 8 functions 
for testing is not accidental. Both of these metrics have 
shown the best results for the smoothness of the response 

Figure 1. (a) Similarity vs. Value, (b) Similarity vs. 
Chroma (Metric 1 – red asterisk (second scale); 

Metric 8 – Absolute-Value Reciprocal Method blue 
circles, RBF – green squares) for 5R Hue 

Figure 2. Sensitivity of (a) Gaussian RBF (b) Metric8 
(absolute-value exponent) for 5R Hue, Value 6 



 

 

of the sensitivity function requirement, thus it would 
seem reasonable to continue comparing them. 

And the final requirement upon the similarity 
measures that has been set is the possibility of accounting 
for the changes in Hue, Value and Chroma with the 
whole range of values. This requirement implies that the 
sensitivity of the metric should be such that it would 
account for the just noticeable by a human eye 
differences in the color. The best results have been 
produced by kernel metrics, Metric7 (exponential 
similarity) and Metric 8 (absolute-value exponential). 

Considering the results obtained, several metrics 
could be considered as the most promising. The best 
results have been obtained using the Gaussian RBF and 
absolute-value exponential metrics. Both of these 
measures have produced approximately linear responses 
to perceptually uniformly distributed values of Value and 
Chroma (with Gaussian RBF producing the smoothest 
response (see Fig.1)), at the same time, accounting for 
the change of color vectors with the whole range of 
values. The sensitivity of the function could be adjusted. 
However control over the sensitivity in the Gaussian RBF 
metric is significantly better due to a special term σ 
introduced into the formula. All of that brought us to a 
conclusion of the efficiency of the Gaussian RBF 
measure in the task of color discrimination. 

Another result obtained from the experiments 
performed, is that the response of the similarity functions 
became smoother with the introduction of the efficiency 
curve [9] and the illumination factor [10]. 

Conclusion 

In this paper, color similarity metrics in spectral space 
have been considered. The measures include twelve well-
known metrics created upon well-known distance 
functions, such as Mahalanobis or Hamming distances, 
and a set of novel kernel-based color similarity measures. 
The performance of all of these measures has been tested 
against Munsell Matte spectral dataset [8]. The purpose 
of the experiments has been to find a metric that gives 
comparable values of differences for equally disparate 
color, at the same time accounting for the values of 
change in Hue, Chroma and Value with the whole range 
of values. Based on the results presented above, it can be 
concluded that the kernel-based approach to color 
differencing in spectral space is efficient. The 
performance of the kernel-based metrics gave results 
comparable with the traditional color similarity measures. 
Moreover, Gaussian radial basis function kernel 
performed more effectively considering the traditional 
color similarity methods. The response of the measure 
was smoother in the case of both the Value and the 
Chroma change, and the sensitivity of the function was 
greater and could be varied in a more efficient way 
(through the use of a special sensitivity term). 
Furthermore, weighting the input data by the efficiency 
curve [9] and illumination factor [10] produced a 
smoother output of the similarity functions. 
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Abstract 
 

In this paper a novel technique of spectral image 
quality evaluation using Spectral Image Distortion Map 
(SIDM) is proposed. The method is based on a recent 
approach to evaluation of color differences in a spectral 
space. What is calculated here, in fact, is a pixelwise 
spectral distortion. As the measure of the dissimilarity a 
novel kernel based similarity measure is used. The metric 
produces comparable values of differences for 
perceptually equally disparate colors. As a result a gray-
scale spectral distortion image is obtained, where the 
intensity of each of the pixels is a difference between the 
original image and the distorted one. A Perceptual Image 
Distortion Map (PIDM) has also been constructed to 
show the accuracy of SIDM. A comparison of PIDM and 
SIDM shows that the latter provides an excellent fit to the 
response of the human visual system. 
 
1. Introduction 
 

In this paper, a novel technique of spectral image 
quality estimation is proposed. The method can be 
employed in a number of different applications, including 
image compression, Internet museums, electronic 
commerce etc. 

The main objective for a creation of such measures is 
primarily lossy compression applications. A quality 
measure should be established with a possibility of 
computing the distortion value dynamically as the 
information is discarded from the image. This kind of 
metric should also be able to account for the 
characteristics of the human visual system. 

Several approaches to spectral image distortion 
measurements exist at the moment [1,2,3]. Most of the 
quality measures have emerged from gray-scale image 
metrics: mean-squared error, signal to noise ratio, 
percentage maximum absolute distortion etc. 
Nevertheless, none of these measures accounts for the 
characteristics of the human visual system. A Blockwise 
Distortion Measure for Multispectral images (BDMM) 
has been suggested in [2]. The measure seeks to compute 
a quality measure that would correspond with the human 

evaluation; however, it deals with the artifacts in the 
spatial direction and does not account for the specific 
spectral distortions. 

The algorithm, described in this paper, suggests that 
the distortion measure can be built as a pixelwise 
difference between the original and the distorted 
(compressed) image. As the difference metric a novel 
kernel based similarity metric [4] is used. The kernel 
methods applied in this study include: polynomial, 
Gaussian radial basis function (RBF) and sigmoid kernels. 
It was shown in [4] that these similarity metrics 
correspond well with the properties of the human visual 
system and produce comparable values of differences for 
perceptually equally disparate colors. As a result a gray-
scale spectral distortion map is obtained, which shows the 
areas where the visible distortions are in the image, and 
how large the distortions are. 
 
2. Color similarity measures 
 

One of the most popular color similarity metrics so far 
has been Euclidean distance [5]. It has an advantage of 
simplicity in understanding and realization, however the 
metric is not optimal. Euclidean distance calculates the 
difference between colors not taking into account the 
angle between color vectors, which produces a significant 
divergence for RGB image reproduction [4]. 

Another set of color similarity metrics was proposed in 
[6, 7]. The set contains twelve well-known color similarity 
measures, created upon the assumption that an optimal 
color similarity metric should take into account both the 
distance and the angle between color vectors. All of the 
metrics have been tested in [8]. It has been shown that the 
absolute-value exponential method was the most effective 
in the task of color differencing [4]. A spectral 
discrimination possibility has been tested in [4]. The 
performance of the methods has been tested against the 
Munsell Matte spectral dataset [9]. The performance of 
the conventional color discrimination measures has been 
compared with the performance of a newly introduced 
kernel based similarity measures. It was shown [4] that the 
metrics produce comparable values of differences for 
perceptually equally disparate colors [4]. 

0-7695-2128-2/04 $20.00 (C) 2004 IEEE
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A set of kernel based similarity measures suggested in 
[4] is used in this paper. The kernel similarity measures 
considered in this paper include polynomial, Gaussian 
radial basis (RBF), and sigmoid.  

The color similarity measures, commonly, have two 
spectral vectors as inputs and produce an output on a 0 to 
1 scale, where 0 means that the colors are “not similar at 
all” and 1 means “identical” [10]. 

Kernels can be assumed to be dot products of vectors 
in a certain feature space, meaning that if we have two 
vectors xi and xj in the input domain X, we can produce a 
mapping [11]: 

 
(1) 

 
Polynomial kernel similarity measure can be presented 

as follows [11]: 

(2) 

where d is a parameter of the sensitivity of the measure, xi 
and xj are input p-dimensional vectors. In order to account 
for the characteristics of the human visual system the input 
data is multiplied by Spectral Luminous Efficiency 
Function for photopic vision [12] and illumination factor 
[13]. 

The Gaussian RBF kernel has the following form [6]: 
 

(3) 

where σ >0, σ is the parameter of the sensitivity of the 
function. 

And the sigmoid kernel based similarity can be 
presented as follows [6]: 

(4) 

where k and ϑ are variable sensitivity parameters. 
 
3. Experiments 
 

Experiments were performed on spectral images from 
[14]. Two images – inlab2 and inlab5 were selected. Each 
image has the following dimensions: 256x256 in the 
spatial dimension and 31 components in the spectral 
dimension. The images were captured by a CCD (charge 
coupled device) camera in a 400-700 nm wavelength 
range at 10 nm intervals. The images selected were taken 
indoor (in a controlled environment, i.e. dark-lab or glass-
house). 

First, both of the images were compressed using PCA 
down to two principal components. The color 

reproductions of original images and reconstructed after 
compression are given in Fig.1. 

 
 
 
 
 
 
 
 
 
 

(a) (b) 
 
 
 
 
 
 
 
 
 
 
 
 

  (c) (d) 
Figure 1. Color reproduction of spectral images 
inlab2 (a) original, (b) reconstruction after 
compression (PCA 2); inlab5 (c) original, (d) 
reconstruction after compression (PCA 2) 
 

The areas of color difference are clearly visible in the 
images, and concentrate primarily in red and brown 
regions. 

The next step after compression was to multiply both 
of the image data sets by Spectral Luminous Efficiency 
function for photopic vision [12] and illumination factor 
[13]. 

The results of the multiplication were used in the 
experiment of SIDM evaluation. Three such maps were 
computed through the use of Eq. 2,3,4. The similarity 
between images was computed on a pixelwise basis. Fig. 2 
(a, d) present the result of application of polynomial 
kernel; (b,e) Gaussian radial basis function and (c,f) 
sigmoidal kernel. The level of the intensity in the maps 
corresponds to the similarity scale: from black “not 
similar at all” to white “identical”. Comparing the maps 
obtained it can be stated that they present a similar to a 
certain extent result. Moreover, comparing the original 
and the compressed image it is possible to select the areas 
that are different in the images, and these are similar to the 
results obtained with the use of the image distortion maps. 
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  (a)  (b) 
   
 
 
 
 
 
 
 
 
 
 

 
(c) 

  (d) (e) 

 (f) 
Figure 2. Spectral image distortion maps. Inlab2 
(a,b,c); inlab5 (d,e,f). (a,d) polynomial kernel; 
(b,e) Gaussian radial basis function and (c,f) 
sigmoidal kernel 
 
5. Experimental results 
 

The accuracy of the SIDM has been tested using 
Perceptual Image Distortion Map (PIDM) and SCIELAB 
[15]. Five subjects have been presented two sets of 

images, consisting of an original and a compressed image 
(Fig. 1). The users have been asked to mark the regions 
that appeared different with a rectangular digital marker of 
size 4 by 4 pixels with different levels of gray-level 
intensity. Where black means ”not similar at all” and 
white ”identical”. The subjects were instructed to mark 
the whole image area. Fig. 3 presents the mean of all 
subject maps. 

  (a) (b) 
Figure 3. Perceptual Image Distortion Map for 
images: (a) inlab2; (b) inlab5 
 

Fig. 3 clearly indicates that PIDM presents a 
practically excellent fit to the SIDM calculated through 
the use of Gaussian RBF. Nevertheless, certain errors 
exist, which can be attributed to the fact that the marker 
size and shape caused several inaccuracies in stamping 
identical regions several times.  

The values of the errors of the SIDM are given in 
Table 1, where each of the cells in first three columns 
present the mean deviation of the SIDMs, obtained 
through the use of polynomial, Gaussian RBF and 
sigmoidal kernels for each of the images, from the values 
of PIDM. Last column presents the value of the deviation 
of the normalized SCIELAB [15] error image from the 
PIDM. 

 
Table 1. Comparison of SIDM, SCIELAB and 
PIDM 

 Polynomial Gaussian 
RBF 

Sigmoidal SCIELAB 

Inlab
2 

0.0499 0.0395 0.0551 0.0606 

Inlab
5 

0.0395 0.0291 0.0581 0.0609 

 
SCIELAB is a spatial extension of a standard CIELAB 

color metric, which allows measuring color reproduction 
errors in digital images [5]. It is a widely excepted 
industry standard. This metric is based on empirical data 
of color discrimination. SCIELAB error measure has been 
computed from the color reproduction of the inlab2 and 
inlab5 spectral images. This metric can be considered 
applicable in this case, since the subjects in the PIDM 
experiments dealt with color reproductions only. 

0-7695-2128-2/04 $20.00 (C) 2004 IEEE



PIDM presents a full map of empirical distortion data, 
which can be used in the task of evaluation of the 
accuracy of the metrics presented. Thus, looking at Table 
1 it can be concluded that the most accurate evaluation of 
the human response in the quality estimation task is 
obtained through the use of Gaussian RBF kernel, while 
the worst with SCIELAB, although the deviation between 
these is not large. 

Taking into consideration all of the above it can be 
stated that SIDM is a quality evaluation technique that 
accurately predicts the response of a human visual system 
in a distortion evaluation task. The values of the SIDM 
vary in the range from 0 to 1, representing the difference 
values from “not similar at all” to “identical”. From the 
point of view of the probability theory it can be stated that 
SIDM presents a probability of the subject identifying a 
certain pixel as similar, which allows avoiding time and 
money consuming procedure of expert survey, and gives 
the possibility of computing the distortion values 
dynamically as the information is discarded from the 
image, as for example in a lossy compression task.  
 
5. Conclusion 
 

In this paper a novel technique of spectral image 
quality evaluation using SIDM has been proposed. The 
method is based on a recently published spectral 
discrimination study [4]. The algorithm, given in this 
paper, computes a pixelwise difference between the 
original and the distorted images. A gray-scale image 
distortion map is obtained as a result, where the intensity 
of each of the pixels corresponds to the value of the 
similarity between them, which, in turn, shows the areas 
where the visible distortions are in the image, and how 
large the distortions are. As the similarity measure a novel 
kernel based technique is used, which has proven to be 
applicable in the task of color discrimination analysis [4]. 
Several parameters can be obtained using SIDM: mean, 
median, and standard deviation of the spectral differences, 
which would allow estimation of the overall image 
distortion. The measures have been applied to several 
spectral images with spectral distortions introduced. The 
performance of SIDM has been tested against a Perceptual 
Image Distortion Map [15] and SCIELAB. PIDM presents 
a full map of empirical distortion data, while SCIELAB is 
a widely accepted spatial extension of CIELAB industrial 
standard of measuring color reproduction errors in digital 
images [15]. Comparing the results obtained, it can be 
stated that PIDM presents a practically excellent fit to the 
SIDM calculated through the use of Gaussian RBF. 

Therefore it can be concluded that SIDM mimics closely 
the response of the human visual system in a task of 
quality evaluation and can be considered among the best 
approaches to evaluation of spectral distortions introduced 
into the spectral images. 
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In this work, a novel approach to color differencing in a spectral space is presented. The algorithm is based on well known
pattern recognition technique-kernel methods, which include polynomial, Gaussian radial basis function (RBF) and sigmoid
kernels. This article starts with a brief overview of several existing methods created both for color and spectral data. The perfor-
mance of novel measures is tested against the Munsell Matte spectral dataset, and a spectral database of metameres. The results
of tests obtained for kernel methods are compared with those produced by twelve conventional similarity metrics, i.e., Correla-
tion Coefficient, Exponential Similarity, Maximum–Minimum methods, etc. The assumption behind experiments is that methods
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Another set of color similarity metrics was proposed
in Refs. 5 and 6. The set contains twelve well-known
color similarity measures, created upon the assumption
that an optimal color similarity metric should take into
account both the distance and the angle between color
vectors, thus eliminating the drawbacks of conventional
methods. The measures are based upon popular distance
functions, such as City Block or Cosine distances. All of
the metrics have been tested in Ref. 7. It has been shown
that the absolute value exponential method can be
considered to be the most effective measures in the task
of color differencing.4,7

All of the above-mentioned metrics have been applied
to standard RGB or CIE L*a*b* color spaces.
Nevertheless, many of these can be extended to
incorporate spectral data. An approach directly dealing
with spectral color differencing has been proposed in Ref.
8. The measures are, in this case: N-dimensional
Euclidean distance between two radiance spectra, which
is an extension of the conventional ∆E metric. The second
measure is also a Euclidean distance, defined in a three-
dimensional conical color-space with first three PCA-
eigenvectors of NCS- and Munsell data as basis vectors.
These measures have been applied to spectral differences
of constant chroma, adjacent hues and adjacent values
in Munsell Glossy9 and NCS8 databases. Both of the
metrics perform significantly better than standard CIE
L*a*b* ∆E, CIE ∆E94 and CIEDE2000 formulae. However,
as most of the measures built upon Euclidean distance,
it suffers from a serious drawback of neglecting the angle
between color vectors, which carries significant
information in itself.7,8

In this article, a novel approach to color difference
estimation, incorporating spectral data, is proposed. The
color similarity metrics introduced are based on a well-
known pattern recognition technique-kernel methods.10

A kernel can be considered an extension of a canonical
dot product, which in turn, is one of the techniques

Introduction
The idea of reproduction of spectral images on printed
media has recently gained popularity, resulting in a num-
ber of publications.1,2 Appearance of such devices extends
the scope of traditional areas of application of spectral-
image-based algorithms beyond remote sensing and
archiving to more observer oriented ones. As a conse-
quence, a necessity in methods of modeling of human per-
ception of the quality of spectral images increases. A
particular area of research in this field is estimation of
color differences in spectral images. In this article, a novel
approach to color similarity estimation is presented. The
measures given are based on well known kernel tech-
niques. The methods used can be employed in a number
of different applications, including image compression,
electronic commerce, imaging, industrial applications,
like textile color differencing, etc.

Although it is assumed that much more research needs
to be done in the field of color differences, one of the
most popular conventional color similarity metrics
Euclidean distance defined in the CIE L*a*b* color space
is extensively used.3 It has an advantage of simplicity
in understanding and realization, however, the metric
is not efficient. Euclidean distance calculates the
difference between colors not taking into account the
angle between color vectors, which produces a significant
divergence for RGB image reproduction.4 Several
modifications have been introduced into this formula,
intended to improve the perceptual uniformity of CIE
L*a*b* ∆E, resulted in CIE ∆E94 and CIEDE2000
equations.



Color Differences in a Spectral Space                 Vol. 49, No. 4, July/August 2005  405

described in Refs. 5 and 6. Kernel methods applied in
this study include: polynomial, Gaussian radial basis
function (RBF) and sigmoid kernels. Spectral differences
between colors have been measured using a Munsell
Matte Collection spectral dataset,11 against constant Hues
and adjacent values of Chromas and Values. The
perceptual phenomenon of metamerism has been tested
using a dataset of spectra of metameric colors. The results
of the measurements produced using the kernel-based
methods10 have been compared to twelve well-known color
metrics,5,6 extended to incorporate spectral data.4

Color Similarity Measures
The main task facing any color differencing research is
given two color vectors or patterns to determine the de-
gree of similarity between these, returning a certain real
number. Thus, the output of a color similarity function
can either be an exact difference in intensities of the
pixels, or a probability of the two vectors being alike. In
our case the color similarity measures presented take
two spectral vectors, varying in the range [0,1] (with
the difference between vectors thus lying in the range
of [0,1]), as an input and produce an output on a 0 to 1
scale, where 0 means that the colors are “not similar at
all” and 1 means “identical”.12

In this study several color similarity measures are
considered. Most of these measures are based on various
distance functions, like City Block or Cosine distance
metrics. A novel kernel-based approach to color similarity
proposed in this article is a well-known machine learning
and pattern recognition technique. Kernels can be
assumed to be dot products of vectors in a certain feature
space, meaning that if we have two vectors xi and xj in
the input domain X, we can produce a mapping:

      

Φ
Φ

: X H
x x x

→
� := ( ) (1)

So the dot product is computed in thus induced fea-
ture space. A geometrical interpretation of the dot prod-
uct is, in turn, a cosine of the angle between normalized
vectors, which brings us to the notion of the Cosine
distance.10

The kernel similarity measures considered in this
article include polynomial, Gaussian radial basis
function and sigmoid kernels. In order to account for
the visual uniformity of the Munsell color dataset, the
input data was multiplied by Spectral Luminous
Efficiency Function for photopic vision,13 denoted as V,
and spectral radiance function of a certain light source,14

denoted as R.
Polynomial kernel color similarity measure, modified

to account for the nature of the human perception, can
be presented as follows:

    S y ypolynomil i j
d= ( , ) (2)

where henceforth yi,j = R*V*xi,j, d is the parameter of
the sensitivity of the measure, xi and xj are input p-di-
mensional color vectors, where the values of vector dif-
ferences may vary significantly, however in this study,
they remain relatively small. The similarity functions
have a general form of S(xi,xj), the arguments are
skipped for simplicity in the formulae shown in this
article; ( , ) in the formulae given here is a dot product
between vectors.

The Gaussian radial basis function kernel then has
the following form:
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where σ > 0, σ is the parameter of the sensitivity of the
function.

The sigmoid kernel based similarity metric can be
presented as follows:

    
S y y ksigmoid i j= +( )tanh , ϑ (4)

where k and ϑ are variable parameters, and dot prod-
uct is denoted as 〈 , 〉.

The performance of these measures is compared with
the performance of twelve widely known metrics
presented in Refs. 5 and 6.

The twelve other metrics are as follows7:
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Metric 6: Correlation Coefficient Method
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Metric 7: Exponential Similarity Method
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where β  2
k > 0 is a parameter that is determined

experimentally.

Metric 8: Absolute Value Exponent Method
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Metric 9: Absolute Value Reciprocal Method
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β is determined empirically.

Metric 10: Maximum-Minimum Method
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Metric 12: Geometric Mean Minimum Method
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Sensitivity parameters β, d, σ, k and ϑ have been
manually set to certain values in this study, according to
the criteria of the experimental settings, which will be
discussed in the sections to follow. A series of experiments
have been made with different values of these parameters
and the most suitable have been given in this article.

Experiment
The tests of the viability of color similarity metrics were
performed on Munsell Colors Matte dataset9 (1269 matte
Munsell color chips). The reflectance spectra had been
measured by a Perkin–Elmer Lambda 9 UV/VIS/NIR
spectrophotometer in the 380 – 800 nm interval with 1
nm wavelength resolution producing a total of 421 spec-
tral components.9 A set of tests concerning the possibil-
ity of discrimination of metameric colors was performed
on a dataset of metamers, containing a total of three
assortments of different colors. The reflectance spectra
of these had been measured in a 380 – 780 nm interval
with 2 nm wavelength resolution under illuminants D65
and A, resulting in 201 spectral components.

The main purpose of the experiments performed was
to choose the metric that would be able to model human
observer perception in the task of color discrimination.
That means, first of all, a metric that should give
comparable values of differences for perceptually equally
disparate colors, and at the same time would account
for the changes in Hue, Value and Chroma with the
whole range of values. In this respect, one of the most
important aspects of human perception in this area, the
problem of metamerism, has to be considered.
Metamerism is observed when two color samples appear
to match under a particular light source, and then do
not match under a light source with a different spectral
power distribution. Metamerism is the result of the
intrinsic property of color, which is a sensation of the
human observer rather than a property of a certain
colored object.15 Thus, when modeling perceptual color
differences, the metrics should be able to account for
this effect. Another requirement imposed on the
measures was the possibility of adjustment of the
sensitivity of similarity measurements.

The first set of experiments concerned the possibility
of color discrimination based on spectral information of
Munsell colors with constant values of Hue and Chroma
and adjacent values of Value. The Munsell color system
is known to be practically uniform, meaning that each
color is separated from its closest neighbor by equal
perceptual distance.15 Thus the measures considered
were each expected to produce close to identical
responses in each of the paired comparisons.

The first set was chosen so that it covers the entire
range of Value. Hue was selected to be 5R, 5B and 5G,
Chroma equal to 1, and Value ranging from 2.5 to 9.

The second set of tests was similar to the previous one,
except that the Value and Hue remained constant, while
Chroma was varied. Thus, Hue was set to 5R, 5B and
5G, Value to 6, and Chroma ranged from 1 to 14.
Measures, defined in Eqs. (2)–(16), have been used in
these experiments. The values of the sensitivity
parameters set for the purpose of the experiments are as
follows: in Eqs. (12) and (13) β = 0.00012; in Eq. (2) d = 7;
Eq. (3) σ = 0.6 and in Eq. (4) k = 1, ϑ = –0.1.

Considering the purpose of the whole experiment, we
can divide the results obtained into several categories.
First, the metrics that gave comparable values of
differences for perceptually equally disparate colors should
be referred. For that purpose, based upon the experimental
settings described above, diagrams of the functional
relations between similarity measures, Value and Chroma
have been obtained (see Fig. 1). The diagrams show the
three best metrics from the point of view of the linearity
of the response given to the inputs, meaning that the
measures gave close to linear (to a certain extent)
responses to the changes in Value and Chroma. The metrics
that generated the smoothest responses are Metric 1 (Eq.
(5)), Metric 8 (Eq. (12)) and Gaussian radial basis function
(Eq. (3)), presented in Fig. 1. A surge in the value of the
similarity measures observed both with the changes in
Value and Chroma at the point of Chroma difference 10–
12, and Value difference 7–8, can be explained by the
effect of metamerism. The spectra of the colors differ by
a greater value as compared to the visual perception of
the difference. The effect of the metamerism and
responses of the measures to metameric pairs comparison
will further be considered in a separate test.4

The second requirement set upon the metrics has been
the possibility of adjustment of the sensitivity of
similarity measurements. Considering Eqs. (2)–(16), it
can be stated that the kernel methods Eqs. (2)–(4)
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(polynomial, Gaussian RBF and sigmoid), exponential
similarity, Eq. (11), absolute value exponential, Eq. (12),
absolute value reciprocal Eq. (13) methods poses
similarity terms, which allow adjustment of the
measurements. However, the kernel methods provide a
significantly better control over the whole equation. The
results of testing of the sensitivity parameters in the
measures for Gaussian RBF and Metric 8 (absolute value
exponent) are presented in Fig. 2.4

A functional relation between the similarity values of
Gaussian RBF and Metric 8 for different sensitivity term
values are shown in Fig. 2, where both β and σ have
been varied in the range of 0.005 – 0.03 with evenly
spaced intervals. The resulting diagrams show that the
sensitivity of the measures can be varied through the
use of the special terms in a certain range. However,
the absolute value exponential method tends to produce
nonlinearities with the growth of the sensitivity value

at higher values of Chroma and Value, which is an
undesirable in this case effect. The choice of the
Gaussian RBF and Metric 8 functions for testing is not
accidental. Both of these metrics have shown the best
results for the smoothness of the response of the
sensitivity function requirement, thus it would seem
reasonable to continue comparing them.

The next requirement set upon the similarity
measures is the possibility of accounting for the changes
in Hue, Value and Chroma with the whole range of
values. This requirement implies that the sensitivity of
the metric should be such that it would account for the
differences in the color just noticeable by a human eye.
The best results have been produced by kernel metrics
Eqs. (2)–(4), Metric 7 (exponential similarity, Eq. (11))
and Metric 8 (absolute value exponential Eq. (12)).

The next set of tests concerns the possibility of
discrimination of metameric colors. The main purpose

(a) (b)

Figure 1. (a) Similarity versus Value, (b) Similarity versus Chroma (Metric 1 – red asterisk (second scale); Metric 8 – Abso-
lute-Value Reciprocal Method blue circles; RBF metric  – green squares) for 5R Hue (sensitivity parameters set to β = 0.00012;
d = 7; σ = 0.6, k = 1 and ϑ = –0.1)

(a) (b)

Figure 2. Sensitivity of (a) Gaussian RBF (b) Metric8 (absolute-value exponent) for 5R Hue, Value 6 (β and σ  varying
in the range 0.005–0.03)
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of this study on the whole is to find a metric that would
model human perception in the most accurate way. Thus
although the spectra of the metameric assortments
differ, the metrics should show very little or no
differences under certain illuminants, and presence of
differences under those illuminants that enable human
observers to see the dissimilarities between colors. The
responses of the measures presented by Eqs. (2)–(16) to
metameric pairs comparison are given in Table I.

Each cell in Table I presents the result of the input of
the sets of metameric colors (upper row) into the measures
considered in this article (left side column). In the
experiments, Sets 1–3 are taken under illuminant D65
with the differences between colors being invisible, and
Set 3 (A) under illuminant A, under which the difference
between the colors becomes visible. Considering the
results presented in Table I we can state that there are
several metrics that satisfy the requirements imposed
upon them, meaning that the possibility of discrimination
of metameric colors under certain illuminants and
similarity of colors under other illuminants. We are
interested in the measures that produced the best results
in previous experiments. From that point of view all of
the kernel metrics, Gaussian RBF function, and
Polynomial could be considered among the most
promising, while Metric 7 recognized the differences
between metameric colors in all of the cases. Metric 8 at
the same time was incapable of determining the
differences in all of the sets.

In light of these results, several metrics could be
considered as the most promising. The best results have
been obtained using the Gaussian RBF and absolute
value exponential (Metric 8) metrics. Both of these
measures have produced approximately linear responses
to perceptually uniformly distributed values of Value and
Chroma (with Gaussian RBF producing the smoothest
response (see Fig. 1)), at the same time, accounting for
the change of color vectors with the whole range of values.
The sensitivity of the function could be adjusted. However
control over the sensitivity in the Gaussian RBF metric
is significantly better due to a special term σ introduced
into the formula.4

The last experiment concerning the possibility of
discrimination of metameric colors shows that among the
two best metrics only Gaussian RBF function was capable
of modeling the behavior of the human expert in the task

of color differencing, meaning that the metric was capable
of detecting the dissimilarities under certain illuminants
and showing the presence of the similarities between
colors in the case of illuminant D65. All of that brought
us to a conclusion of the efficiency of the Gaussian RBF
measure in the task of color discrimination. Another
result obtained from the experiments performed, is that
the response of the similarity functions became smoother
with the introduction of the efficiency curve13 and the
illumination factor.14

Conclusions
In this article, color similarity metrics in spectral space
have been considered. The measures include twelve well-
known metrics created upon well-known distance func-
tions, such as City Block or Cosine distances, and a set
of novel kernel-based color similarity measures. The per-
formance of all of these measures has been tested
against Munsell Matte spectral dataset9 and a dataset
of metameric colors.

The purpose of the experiments has been to find a
metric that would model the behavior of the human
observer in the task of color differencing. This task
implies, first of all, that the metrics considered should
give comparable values of differences for equally
disparate color, at the same time accounting for the
values of change in Hue, Chroma and Value with the
whole range of values.

Based upon the results presented above, it can be
concluded that the kernel-based approach to color
differencing in spectral  space is  eff icient.  The
performance of the kernel-based metrics gave results
comparable with the traditional color similarity
measures.  Moreover,  the Gaussian RBF kernel
performed more effectively considering the traditional
color similarity methods. The response of the measure
was smoother in the case of both the Value and the
Chroma change, and the sensitivity of the function
was greater and could be varied in a more efficient
way (through the use of a special sensitivity term).
Furthermore, weighting the input data by the Spectral
Luminous Efficiency Function for photopic vision13

and spectral radiance function of a certain light
source14 produced a smoother output of the similarity
functions.

Another important aspect considered in this article
is the possibility of discrimination of metameric colors.
In order to model the human perception in the most
accurate way the metrics should be able to show the
dissimilarities between the metameric colors under
certain illuminants, at the same time exhibiting
similarities in the case of other illuminants. From this
point of view it can be stated that Gaussian RBF
function performed in the most rigorous way. On the
whole, it is necessary to emphasize that in consideration
of the overall purpose of the research, i.e., the possibility
to model the behavior of the human expert in the task
of color differentiation, the Gaussian RBF function can
be considered the most efficient.    
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ABSTRACT 
 
In this paper a novel technique of spectral image quality evaluation - probabilistic spectral 

image quality model is proposed. This study is based on the statistical image model that sets a 
relationship between the parameters of the spectral and colour images, and the overall appearance of 
the image. It has been found that variation of standard deviation of the spectra affects the 
colourfulness of the image, while kurtosis change influences the highlight reproduction or, so called 
vividness. The model presented in this study is an extension of a previously published spectral colour 
appearance model. An original study has been extended to account for the probabilistic nature of 
perception. A quality loss function, quantifying the decrease in quality in JNDs as a function of 
deviation of image attributes from the optimum, has been constructed in the framework of the 
research. The study shows that the presented probabilistic spectral image quality model is efficient in 
the task of quality of spectral image evaluation and prediction. 

 
1. INTRODUCTION 

 
The idea of reproduction of spectral images on printed media and display has recently gained 

popularity, resulting in a number of publications1, 2. Such multiprimary displays and printers 
reproduce images with a closer spectral match to the original scene captured. Appearance of such 
devices gives rise to a problem already existing for conventional tools - assessment of perceptual 
image quality given only physical parameters of the image. Probabilistic spectral image quality 
model, presented in this work is intended to create a paradigm that would allow description of the 
quality of spectral images in terms of objectively measurable parameters of spectral images. The 
probabilistic spectral image quality model, presented in this paper, can be used for spectral image 
quality evaluation and prediction in tasks of e.g. imaging devices production and calibration, printing 
industry and in some other industrial applications. 

The model described in this paper is based on the results of a previously published spectral 
colour appearance model. The model, introduced in3, has been used for colour image quality 
estimation, with a colour image, reproduced through the spectral image. Spectral colour appearance 
model has demonstrated that there is a close connection between the quality judgments of the 
observers and the parameters of the model, i.e. vividness and colourfulness, which in turn have been 
proven to depend upon statistical characteristics of the spectral images, in particular standard 
deviation and kurtosis. This corresponds with the results obtained by other researchers4. Fedorovskaya 
and de Ridder in 4 suggest that scaling of the perceived strength of colourfulness impression is 
linearly related to the average and standard deviation of the chroma variations in CIELUV colour 
space. 

In every set of images produced through variation of both parameters of the spectral colour 
appearance model, one image has been found to be of maximal quality, meaning that it had the 
highest quality judgment given by the observers. Moreover, there has been found a significant 
difference between the quality judgments of the scenes, meaning that part of the images exhibited a 
clear maximum at points close to the original scenes, whilst the others have had a significant shift in 
the highest quality judgment position. This model has already proven to be effective in the task of 
image quality evaluation, however it lacks universality, in a sense, that units of quality used are 
artificial and have weak mathematical basis, which, in turn, does not allow comparison with 
analogous reference systems. Another serious drawback is that modelling of a combined effect of the 



parameters of the model on the overall quality impression has been reproduced via Fuzzy Inference 
System, and has resulted in serious error rates in some cases3. 

The idea underlying the model presented in this paper is that human perception is 
probabilistic in nature. The units of quality used throughout this work are just noticeable differences 
(JND), which are natural units with which to perform certain image quality calculations, widely used 
in the research. JNDs allow constructing calibrated numerical scales that quantify wide ranges of 
quality5. A quality loss function, quantifying the decrease in quality in JNDs as a function of deviation 
of image attributes from the optimum, has been constructed in the framework of the research on the 
basis of the results obtained from twenty colour-normal observer’s judgments. 

In general, the spectral colour appearance model and probabilistic spectral image quality 
model can be attributed to a class of preferential quality models. A number of publications exist on 
the topic of preference in colour and tone reproduction in the framework of image quality 
investigation 6, 7, 8. All of these works are trying to establish a connection between the preferential 
attributes of a colour image and the overall perceived image quality. 

 
2. STATISTICAL MODEL 

 
A generalized statistical model, characterizing the behaviour of statistical characteristics of 

natural spectral images f(x), presented as n-dimensional vector random field, is described by the 
following equation9: 

f(x)=µ+Dg(x) (1) 
where x is a vector with each element being spatial dimension; µ is a mean vector, g(x) is a 
normalized vector image with zero mean and unit standard deviation for each component,   
D=diag(σ1, σ2, …, σn), where σi is standard deviation in the component3. The following parameters: 
α, β and k are used for modifying the colourfulness and vividness change in the experiment. 

Vector σ is presented in the following form: 
σ=αβσv+(1-α)σc (2) 

where α=(σ max-σ min)/σmax is the relationship between constant and variable parts of standard 
deviation and β is a contrast variation coefficient, σv is a variable component vector of σ, σc is a 
constant component vector of σ 3. 

g(x) is defined through gamma-Charlier histogram transform of fs(x) and a kurtosis vector k 
as follows3: 

g(x)=H(fs(x),k) (3) 
where fs(x) is a normalized image of f(x), with zero mean and unit standard deviation for each 
component. To affect image appearance through histogram transform, all kurtosis elements are 
proportionally modified according to the given maximum of the kurtosis value reproduction of a 
spectral image. 

The task of quality optimization is a complicated task that requires significant computational 
resources. Spectral images contain large amounts of information, which have to be manipulated in 
order to influence the overall impression of the display. Usually, some implicit assumptions are made 
in order to limit the amount of computations. The assumption underlying this study is that only global 
variations are taken into account, which, in turn, originates from the fact that all parts of the image 
have been captured under the same illuminant or belong to the same object. Thus the same 
modifications are applied to all pixels of the image irrespective of the content4. Based upon this 
principle the generalized statistical model is applied to spectral images in this study. 

 
3. EXPERIMENT 

 
Experiments were performed on spectral images of natural scenes from10. Five images – 

inlab1, inlab2, inlab5, jan13am and rleaves were selected (see Fig.1). Images have the following 
dimensions: 256x256 pixels, and 31 spectral components per each pixel. For the purpose of the 
experiments the area of 128x128 pixels were selected. Images were captured by a CCD (charge 
coupled device) camera in a 400-700 nm wavelength range at 10 nm intervals. The images selected 
were taken indoor (in a controlled environment, i.e. dark-lab or glass-house). 



   
  (a) (b) (c) 

  
  (d) (e) 

First, a set of test images was produced using the colourfulness parameter. The term includes 
both contrast and colour saturation. Thus, colourfulness was varied through standard deviation, using 
Eq.2, by changing the α and β coefficients in the ranges of [0.5,1) and [1,1.8] respectively. The 
second set of tests was produced through variation of the vividness parameter, closely related to 
highlight reproduction in an image. As the highlight was modified through kurtosis change, the test 
images were produced with the help of Eq.3 (with kmax varied within the interval [5,60]). 

Both of the test sets were presented to twenty colour-normal test persons with normal or 
corrected to normal visual acuity without colour deficiencies. Multiple images with rendition of both 
of the parameters for each scene have been evaluated using the paired comparison technique, where 
the subjects had to indicate which of the images is of the highest quality relative to either of the 
parameters. Thus the experiments have been performed in a manner yielding assessments calibrated in 
JNDs of overall quality, where one JND can be regarded as representing a just significant difference 
of quality. Thus, an optimal position for each of the abovementioned parameter values has been 
obtained, and a mean, over all of the scenes and observers, quality loss function has been obtained 
(see Fig.2), where x-axis represents the difference from the optimal position of each of the attributes. 

   (a)      (b) 
 
A

  
J

Figure 1: Colour reproduction of original, unprocessed spectral images used in the experiments  
(a) inlab1, (b) inlab2, (c) inlab5, (d) jan13am, (e) rleaves 

Figure 2. Measured quality loss functions of vividness (a) and colourfulness (b) averaged over the 
collection of scenes and observers



JND in this study is a so called 50% JND, which means a stimulus difference leading to a 75%:25% 
proportion in paired comparisons, regardless of the nature of the attribute or the origin of the sample 
differences, meaning that 75% of users regarded a certain sample to be of higher quality. To construct 
the quality loss function the value of each of the attributes of the highest rated image was identified 
for each scene and observer, and the fraction of times each position had been preferred was computed. 
To convert each fraction to a probability density, it was divided by the width of an attribute interval 
including the sample position.  

Although it has been found that both colourfulness and vividness are observer and scene 
susceptible, the quality loss function for each observer and scene can be regarded as a member of a 
family, and thus could be averaged to produce a mean quality loss function for the collection of 
observers and scenes tested5. The experiment showed that there is a close relationship between the 
quality judgments and parameters of the spectral images. 

 
4. CONCLUSIONS  

 
In this paper, a probabilistic spectral image quality model has been considered. The model 

sets a relationship between statistical characteristics of spectral images and overall quality judgments. 
The model described in this paper is an extension of a previously published spectral colour 
appearance model. The original study has been extended to account for the probabilistic nature of 
human perception. Varying the statistical parameters of spectral image, i.e. kurtosis and standard 
deviation representing respectively colourfulness and vividness, a set of test images has been 
obtained. The images have been evaluated by twenty colour normal subjects in a set of paired 
comparison experiments. A quality loss function quantifying deviation of image attributes from the 
optimum in JND units has been constructed. The function can further be used in the task of 
minimization of deviation from the optimal values of the imaging system, in order to improve the 
quality of the output. In general, both the probabilistic spectral image quality model and the spectral 
colour appearance model can be attributed to a class of preferential image quality models and can 
serve as an efficient tool of image quality characterization and prediction. 
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Abstract. In this paper a novel method of spectral image quality 
characterization and prediction, preferential spectral image quality model is 
introduced. This study is based on the statistical image model that sets a 
relationship between the parameters of the spectral and color images, and the 
overall appearance of the image. It has been found that standard deviation of the 
spectra affects the colorfulness of the image, while kurtosis influences the 
highlight reproduction or, so called vividness. The model presented in this study 
is an extension of a previously published spectral color appearance model. The 
original model has been extended to account for the naturalness constraint, i.e. 
the degree of correspondence between the image reproduced and the observer’s 
perception of the reality. The study shows that the presented preferential 
spectral image quality model is efficient in the task of quality of spectral image 
evaluation and prediction. 

1 Introduction 

The nature and the scope of imaging have been undergoing dramatic changes in the 
recent years. The latest trend is the appearance of multiprimary displays and printers 
that reproduce images with a closer spectral match to the original scene captured 
[1,2]. Appearance of such devices gives rise to a problem already existing for 
conventional tools - assessment of perceptual image quality given only physical 
parameters of the image. The demand for a quantitative analysis of image quality has 
dramatically increased. Preferential spectral image quality model, presented in this 
work is intended to create a paradigm that would allow description of the quality of 
spectral images in terms of objectively measurable parameters of spectral images in 
connection with the subjective quality metrics. The preferential spectral image quality 
model, presented in this paper, can be used for spectral image quality evaluation and 
prediction in tasks of e.g. imaging device production and calibration, printing industry 
and in some other industrial applications. 

The model described in this paper is based on the results of a previously published 
spectral color appearance model. The model, introduced in [3], has been used for 
color image quality estimation, with a color image, reproduced through the spectral 
image. Spectral color appearance model has demonstrated that there is a close 
connection between the quality judgments of the observers and the parameters of the 
model, i.e. vividness and colorfulness, which in turn have been proven to depend 
upon statistical characteristics of spectral images, in particular, standard deviation and 

,
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kurtosis. This corresponds with the results obtained by other researchers [4]. 
Fedorovskaya and de Ridder in [4] suggest that scaling of the perceived strength of 
colorfulness impression is linearly related to the average and standard deviation of the 
chroma variations in CIELUV color space. 

In every set of images produced through variation of both parameters of the 
spectral color appearance model, one image has been found to be of maximal quality, 
meaning that it had the highest quality judgment given by the observers. Moreover, 
there has been found a significant difference between the quality judgments of the 
scenes, meaning that part of the images exhibited a clear maximum at points close to 
the original scenes, whilst the others have had a significant shift in the highest quality 
judgment position. This model has already proven to be effective in the task of image 
quality evaluation, however it lacks universality, in a sense, that units of quality used 
are artificial and have weak mathematical basis, which, in turn, does not allow 
comparison with analogous reference systems. Another serious drawback is that 
modeling of a combined effect of the parameters of the model on the overall quality 
impression has been reproduced via Fuzzy Inference System, and has resulted in 
serious error rates in some cases [3]. 

In general, the spectral color appearance model and the preferential spectral image 
quality model, introduced in this paper, can be attributed to a class of preferential 
quality models. A number of publications exist on the topic of preference in color and 
tone reproduction in the framework of image quality investigation [5, 6, 7]. Among 
the whole range of preferential characteristics, contrast, saturation and memory color 
reproduction are the most common ones. These features change is evident in the 
image and is highly dependent upon the observer and the content of the scene. 
Normally, such image attributes have an optimal value where the overall impression 
is most pleasing [7]. 

Spectral color appearance model has been created upon the assumption that 
colorfulness and vividness can efficiently describe image quality, with colorfulness 
including both contrast and saturation. Previous research is extended in this work to 
account for memory color reproduction or as it will further be called naturalness. The 
naturalness constraint imposed upon the image quality stems from an intuitive 
assumption that high quality images should at least be perceived as “natural”. At base, 
this assumption rests on the psychological model of the quality judgment constitution. 
Accordingly, the impression of an image is formed as a result of comparison of the 
output of the process of visual perception and the internal representation of an object, 
which, in turn, is based on the previous experience (i.e. memory representation or 
prior knowledge of reality). That is, a high quality image complies with the ideas and 
expectations of the scene captured in the image at hand. Several works exploring the 
influence of naturalness on color image quality exist at the moment [4, 8], 
particularly, in the field of color photography. A direct dependence between the 
naturalness constraint and the quality judgments has been experimentally found in 
these, with memory colors being relatively consistent among different observers. 
However, for the case of colorfulness variation a discrepancy between the naturalness 
judgments and the perceived quality has been found, i.e. observers perceived more 
colorful images as being of higher quality, at the same judging these images as 
unnatural. This phenomenon can be explained from the information-processing point 
of view, a high degree of naturalness is a necessary, but not a sufficient condition for 
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quality perception, a usefulness condition has to be satisfied as well, which, in turn, 
leads to a discriminability principle. In other words, a highly saturated image is 
perceived to be of high quality, despite being unnatural, due to an increased 
possibility of discerning certain features in an image [4, 8]. In this study we are trying 
to establish a connection between quality judgments of spectral images, spectral 
image attributes and the naturalness constraint with regard to the principles 
mentioned. 

2 Statistical Model 

A generalized statistical model, characterizing the behavior of statistical 
characteristics of natural spectral images f(x), presented as n-dimensional vector 
random field, is described by the following equation [9]: 

f(x)=µ+Dg(x) (1) 

where x is a vector with each element being spatial dimension; µ is a mean vector, 
g(x) is a normalized vector image with zero mean and unit standard deviation for each 
component, D=diag(σ1, σ2, …, σn), where σi is standard deviation in the component 
[3]. The following parameters: α, β and kmax are used for modifying the colorfulness 
and vividness change in the experiment. 

Vector σ is presented in the following form: 

σ=αβσv+(1-α)σc (2) 

where α=(σ max-σ min)/σmax is the relationship between constant and variable parts of 
standard deviation, affecting the saturation of colors in an image, and β is a contrast 
variation coefficient, σv is a variable component vector of σ, σc is a constant 
component vector of σ [3]. 

g(x) is defined through gamma-Charlier histogram transform of fs(x) and a kurtosis 
vector k as follows [3]: 

g(x)=H(fs(x),k) (3) 

where fs(x) is a normalized image of f(x), with zero mean and unit standard deviation 
for each component. To affect the image appearance through histogram transform, all 
kurtosis elements are proportionally modified according to the given maximum of the 
kurtosis value kmax [3].  

The task of quality manipulation is a complicated task that requires significant 
computational resources. Spectral images contain large amounts of information, 
which have to be manipulated in order to influence the overall impression of the 
display. Usually, some implicit assumptions are made in order to limit the amount of 
computations. The assumption underlying this study is that only global variations are 
taken into account, which, in turn, originates from the fact that all parts of the image 
have been captured under the same illuminant or belong to the same object. Thus the 
same modifications are applied to all pixels of the image irrespective of the content 
[4]. Based upon this principle the generalized statistical model is applied to spectral 
images in this study. 
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3 Experiment 

Experiments were performed on spectral images of natural scenes from [10]. Five 
images – inlab1, inlab2, inlab5, jan13am and rleaves were selected (see Fig.1). 
Images have the following dimensions: 256x256 pixels, and 31 spectral components 
per each pixel. For the purpose of the experiments the area of 128x128 pixels were 
selected. Images were captured by a CCD (charge coupled device) camera in a 400-
700 nm wavelength range at 10 nm intervals. The images selected were taken indoor 
(in a controlled environment, i.e. dark-lab or glass-house). 

 
   (a) (b) (c) 

  
  (d) (e) 

Fig. 1. Color reproduction of original spectral images used in the experiments (a) inlab1, (b) 
inlab2, (c) inlab5, (d) jan13am, (e) rleaves 

Experimental settings, which include the number and the criteria for selection of 
observers, test stimuli, instructions and viewing conditions requirements, were chosen 
to comply with [11]. According to this standard relative quality values should be 
obtained from at least ten observers and three scenes, and all of the observers have to 
be tested for normal vision and visual acuity. Thus, we chose twenty observers to 
participate in the experiments. They had normal or corrected-to-normal vision without 
color deficiencies. To prevent the loss of quality of judgments due to fatigue the 
duration of the experimental sessions was limited to one hour, in case of more time 
needed the experiments continued after a break. Viewing conditions followed the 
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requirements given in [12]. Therefore, the general room lighting was shaded and was 
set so that it neither directly nor indirectly influenced the viewing surface. When 
viewing slides, the frames were darkened to a 10% brightness level for a width of  
75 mm. 

Although original images were presented, it should be emphasized that they were 
not explicitly identified to observers as such. First, a set of test images was produced 
using the colorfulness parameter. The term includes both contrast and color 
saturation. Thus, colorfulness was varied through standard deviation, using Eq.2. By 
changing α and β coefficients it was possible to receive new values for constant and 
variable parts of standard deviation. This procedure was applied to the images with 
values of (α,β) equal to (0.55,1), (0.75,1), (1,1.3), (1,1.6) consequently. The second 
set of tests was produced through variation of the vividness parameter, closely related 
to highlight reproduction in an image. As the highlight was modified through kurtosis 
change, the test images were produced with the help of Eq.3 (with kmax equal to 5, 10, 
30, 60). The effect of the change of both of parameters on the overall appearance had 
been shown in [3]. Both test sets were presented to the subjects, who had to rate the 
naturalness of the images on a ten-point numerical category scale ranging from one 
(unnatural) to ten (real life). The following instructions for the experiments were 
given to the observers [4]: 

“You will be presented a series of images. Your task is to asses the naturalness of 
images, using and integer number from one to ten, with one corresponding to the 
lowest degree of naturalness and ten to the highest. Naturalness is defined in this case 
as the degree of correspondence between the image reproduced on the screen and 
reality, i.e. the original scene as you picture it.” 

The results of the tests are given in Table 1, where each cell corresponds to an 
averaged naturalness evaluation score, with outliers being excluded from 
consideration. The columns denoted as 1 present results of the tests produced through 
the colorfulness change, and 2 with the vividness change respectively. In Table 1 
Image 1 and Image 2 have parameters (α,β, kmax): (0.55,1,5), (0.75,1,10), Image 3 is 
the original, Image 4 and Image 5 have respectively parameters (α,β, kmax) equal to 
(1,1.3,30), (1,1.6,60). Note that either (α,β) (for colorfulness change) or kmax (for 
vividness change) were varied, while the rest of the parameters were kept constant. 

Table 1. Mean values of naturalness evaluation scores 

Quality Image1 Image 2 Image 3 Image 4 Image 5 
 1 2 1 2 1 2 1 2 1 2 
Inlab1 2.37 5.41 5.83 6.34 8.12 8.34 9.67 9.83 8.15 9.12 
Inlab2 2.25 6.03 6.93 7.98 8.93 9.67 9.87 5.56 8.41 3.98 
Inlab5 3.84 7.34 6.55 7.53 8.34 9.12 9.85 9.53 8.56 9.34 
Jan13AM 3.10 6.56 7.12 8.96 8.67 9.87 9.73 6.76 8.17 4.87 
Rleaves 3.32 6.17 6.86 9.10 8.16 8.17 9.54 7.65 9.50 5.35 

Looking at Table 1 we can state that the peaks of the naturalness judgments do not 
lie within the original image area, which in turn brings us to a conclusion that users 
generally prefer slightly modified images. Fig. 2 illustrates the connection between 
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the naturalness constraint and statistical parameters of the spectral images varied at 
the experiments. 

 (a) (b)  

 
(c) 

Fig. 2. Averaged naturalness estimations vs. statistical parameters of spectral images.  
Vividness (a) of inlab2, jan13am, rleaves; vividness (b) of inlab1 and inlab5; colorfulness (c) of 
all of the images 

Fig. 2 demonstrates that there is positive correlation between the attributes of 
spectral images and the naturalness constraint. Fig. 2 (a) and (b) specifically present 
the relation between the vividness spectral image attribute and the naturalness 
constraint. It is clearly visible that the naturalness maximum lies at points close to the 
original image. We have separated the vividness parameter versus naturalness plots 
onto two parts due to a different form of dependency between the two. Fig. 2(a) 
contains a plot of the inlab2, jan13am, rleaves image judgments, and Fig. 2(b) - 
inlab1 and inlab5. In the first case images exhibit a sharper drop in the naturalness 
judgments than in the second one, in fact, in the second case the decrease in 
naturalness is such that the naturalness remains approximately close to the maximal 
value. Such discrepancy in the image judgments has also been obtained when 
evaluating the quality of the images [3]. Both of the phenomena can be attributed to a 
fact that images inlab1 and inlab5 contain objects that attract the most of the 
observers’ attention, compared to the objects situated at the background. Moreover, 
these objects lie in the red area of the spectrum, which assumes that observers are not 
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susceptible to minor variations in these areas due to the properties of the human visual 
system. Thus, the drop in quality and in naturalness is less definitive. 

Fig. 2(c) demonstrates the connection between the colorfulness parameter and the 
naturalness constraint. It can be stated that observers perceive slightly more colorful 
than original images as being the most natural ones. This effect is consistent with the 
results obtained in the experiments with color images, stating that there is a tendency 
for memory colors to be slightly more saturated compared with actual object colors 
[13]. Moreover, considering the fact that observers have previously rated the images 
with higher colorfulness values as being of higher quality [3] we can state that 
memory color reproduction influences the preferred color reproduction of the  
objects [14]. 

Another important characteristic of image naturalness is correlation with the 
quality perception. For this purpose the quality judgment values have been taken from 
the previous study [3] and plotted against the naturalness obtained in this study. Fig. 3 
demonstrates a plot of the quality judgments versus the naturalness constraints for 
both vividness (red circles) and colorfulness (blue asterisk) test sets. Such a 
comparison is possible due to the fact that experimental settings (number of 
observers, number and contents of scenes, viewing conditions, etc.) are similar in both 
of the experiments, moreover the algorithm of modification and values of the 
statistical parameters of spectral images are the same. 

 
Fig. 3. Averaged naturalness estimations vs. perceptual quality estimations of images with the 
vividness (red circles) and colorfulness (blue asterisk) change 

Fig. 3 illustrates the interdependence between the quality judgments and the 
naturalness constraint. It is clear that there is a strong correlation between these 
notions. In fact, the correlation coefficient between the quality judgments and 
naturalness estimations computed over all of the scenes equals to 0.8196 for 
colorfulness, 0.7018 in the case of vividness test sets, and the overall correlation is 
equal to 0.7752. 

With the increase of naturalness the quality also increases, which proves the 
preliminary assumption made, stating that in order for the image to be of good quality 
it should at least be perceived natural. The spread in the plot can be attributed to a 
lack of test images and a rough scale of spectral image attributes accepted in this 
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study. However, even such a small test set was enough to prove a connection between 
the attributes of spectral images, naturalness and overall image quality impression. 

Even though we can see from the plot in Fig. 3 that there is a connection between 
the naturalness constraint and the quality judgments of the users, it is relatively 
difficult to predict what would be the effect of the naturalness change on image 
quality, and how fast does the quality decrease with the decrease in naturalness, which 
in turn can be varied through variation of any of the attributes of spectral images. 
Accordingly naturalness could serve as a universal image attribute that would allow 
modeling both image quality and the joint effect of attributes of spectral images on 
the overall perception of the image reproduction. In order to model the effect of 
naturalness on quality a preference distribution function of naturalness expressed in 
terms of JNDs has been constructed. According to [11] JND is a stimulus difference 
that yields a 75%:25% proportion in a forced-choiced paired comparison. In other 
words, JND is the smallest possible difference between two stimuli, noticeable by 
observers. The standard distinguishes two types of JND units, attribute and quality 
JNDs. In our study we have used the quality JNDs, which is a measure of the 
significance of perceived differences on overall image quality. Essentially all of the 
observers could detect the difference and identify which of the samples have had 
higher naturalness. 

The preference data was obtained with the use of the rank order technique. The 
observers were presented small sets of stimuli (5 images at a time) and had to rank the 
images according to the quality of these. The result of such experiments is noisier 
than in a paired-comparison technique, however it significantly reduces sample 
handling. To construct the quality preference function value of each of the attributes 
of the highest rated image was identified for each scene and observer, and the fraction 
of times each position had been preferred was computed. To convert each fraction to a 
probability density, it was divided by the width of an attribute interval including the 
sample position. The resulting preference distribution function is presented in Fig. 4. 

 

Fig. 4. Averaged preference distribution function of naturalness 

A conclusion conforming to the preliminary assumption imposed upon the 
naturalness constraint can be drawn based on Fig. 4: with the increase of naturalness 
the quality of the images increases. However, at a certain point naturalness starts to 
decrease. Thus, high degree of naturalness is a necessary, but not a sufficient 
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condition for quality perception. A usefulness condition has to be satisfied as well, 
which in turn leads to a discriminability principle. Meaning that, even if the image 
gives an impression of being unnatural, it might be perceived as being of high quality, 
due to the fact that the information in the image is easily discriminable. Therefore, 
naturalness has a strong connection with the statistical characteristics of spectral 
images and image quality perception on the whole, being a necessary, but not a 
determinative factor. 

4 Conclusions 

In this paper, a preferential spectral image quality model has been presented. The 
model sets a relationship between the statistical characteristics of spectral images, 
overall quality, and perceived naturalness. The model described in this paper is an 
extension of a previously published spectral color appearance model. The original 
study has been extended to account for the naturalness constraint, i.e. the degree of 
correspondence between the image reproduced and the observers’ perception of the 
reality. 

Several conclusions can be drawn upon this study. One of the important inferences 
drawn from this work is that a strong connection between the statistical parameters of 
spectral images and the naturalness perception does exist. Particularly, not only there 
is a strong correlation between the colorfulness parameter, but it can also be said that 
there is a tendency for memory colors to be slightly more saturated compared with 
actual object colors, meaning that observers perceive slightly more colorful than 
original images to be more natural [13]. Moreover, considering the fact that observers 
generally discern more colorful images as being of higher quality, it can be stated that 
memory color reproduction influences the preferred color reproduction of the  
objects [4]. 

The connection between the vividness parameters and naturalness is twofold. Part 
of the images used in the experiment exhibit a sharper drop in the naturalness 
judgments than the rest, in fact, in the second case the decrease in naturalness is such 
that the naturalness remains approximately close to the maximal value. A similar 
phenomenon has been found in the spectral color appearance model [3] concerning 
image quality judgments. Both of the phenomena can be attributed to a fact that 
images inlab1 and inlab5, that exhibit an insignificant drop in both of the 
characteristics compared with the rest of the images, contain objects that attract the 
most of the observers’ attention, in comparison with the objects situated at the 
background. Moreover, these objects lie in the red area of the spectrum, which 
assumes that observers are not susceptible to minor variations in these areas due to the 
properties of the human visual system. Thus, the drop in quality and in naturalness is 
less definitive. 

The last conclusion is the connection between the naturalness constraint and the 
overall perceived image quality. Although with the increase in naturalness the quality 
of the images increases, naturalness of the image is a necessary, but not a sufficient 
condition for the high quality judgments. A usefulness condition has to be satisfied as 
well. Thus the peak of the quality judgments does not lie at the highest naturalness 
value, meaning that observers knowing that the image is unnatural would still 
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perceive the image as being of high quality. For the purpose of modeling the 
naturalness influence upon image quality a preference distribution function, 
describing the impact of the naturalness on the quality judgments in terms of JNDs 
has been constructed. The function can be used for spectral image quality prediction 
in terms of image naturalness. 

In general, both the preferential spectral image quality and the spectral color 
appearance models can be attributed to a class of preferential image quality models 
and can serve as an efficient tool of image quality characterization and prediction. 
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Abstract 
In this work, a novel technique of objective spectral image 

quality evaluation is presented. The method is based on a 
Structural Similarity technique. The traditional approach, 
which deals primarily with gray-scale images, is extended to 
incorporate spectral data. The novel method has previously 
been tested against the conventional two-dimensional technique 
and proven to be more effective. The performance of the three-
dimensional Structural Similarity Index presented in this paper 
is tested along with the previously proposed kernel similarity 
metrics and a subjective technique - Perceptual Image 
Distortion Map. The tests show that the proposed three-
dimensional Structural Similarity Index performance is 
comparable to the rest of the measures in the task of spectral 
distortion evaluation. 

Introduction 
Digital imaging nowadays is undergoing dramatic 

changes. Appearance of capturing, recording and display 
systems that are capable of working with spectral data creates a 
whole set of problems that exist for conventional imaging, e.g. 
image quality assessment and adjustment [1,2]. By image 
quality, in this case, we mean the measure of the perceived 
difference from a reference image [3].  

In this paper, a novel technique of spectral image quality 
estimation is proposed. The main objective for creation of such 
measures is primarily lossy compression applications. A quality 
measure should be established with a possibility of computing 
the distortion value dynamically as the information is discarded 
from the image. This kind of metric should also be able to 
account for the characteristics of the human visual system. 
Other areas of application include, among others, electronic 
museums, archiving and printing industry applications.  

Several approaches to spectral image distortion 
measurement exist at the moment [4,5,6]. The choice of the 
method depends primarily on the end-user of the imaging 
chain. In case of applications that require high accuracy, the 
most appropriate method of image quality evaluation is 
subjective assessment. However, such methods require 
significant time and money consumption, which gives rise to 
the appearance of multiple objective measures. Most of these 
have emerged from gray-scale image metrics: mean-squared 
error, signal to noise ratio, percentage maximum absolute 
distortion etc. Nevertheless, none of these measures account for 
the characteristics of the human visual system [7]. One of the 
most popular solutions existing at the moment is the CIE 
recommended 1976 CIELAB and CIELUV color difference 
formulae [8]. However, these show significant discrepancies 
with the judgments obtained using the subjective technique. In 
an attempt to improve the perceptual uniformity of the 
measures several metrics have been developed [3]: CMC [9], 

BFD [10, 11], CIE94 [12] and CIEDE2000 [13]. A Blockwise 
Distortion Measure for Multispectral images (BDMM) has been 
suggested in [5]. The measure computes a quality estimate that 
corresponds to the human evaluation; however, it deals with the 
artifacts in the spatial direction and does not account for the 
specific spectral distortions. 

The algorithm, described in this paper, is an extension of a 
Structural Similarity Index (SSIM) [7] that incorporates 
spectral data [14]. SSIM is based upon an assumption that 
human visual system is highly adapted to extracting structural 
information from the images. SSIM compares local patterns of 
pixel intensities, assuming that luminance and contrast are 
normalized [7]. As a result a gray-scale spectral distortion map 
is obtained, which shows the areas where the visible distortions 
are in the image, and how large the distortions are. The three-
dimensional SSIM has already been tested against the two-
dimensional conventional measure. The novel method has 
proven to be more efficient in the task of color and spectral 
image discrimination [14]. 

Color Similarity Measures 
One of the most popular color similarity metrics so far has 

been the Euclidean distance [8] and measures based upon it. 
These have an advantage of simplicity in understanding and 
realization, however such metrics are not optimal. Euclidean 
distance calculates the difference between colors not taking into 
account the angle between color vectors, which produces a 
significant divergence for RGB image reproduction [15]. 

An alternative set of color similarity metrics was proposed 
in [15]. These consist of a set of kernel similarity measures that 
include polynomial, Gaussian radial basis (RBF), and sigmoid 
metrics. It was shown in [15] that the measures provide an 
excellent fit to the response of the human visual system in the 
task of image quality assessment. 

Kernels, in general, can be assumed to be dot products of 
vectors in a certain feature space, meaning that if we have two 
vectors xi and xj in the input domain X, we can produce a 
mapping [16]: 

(1) 
Polynomial kernel similarity measure can be presented as 

follows [12]: 
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  (2) 
where d is a parameter of the sensitivity of the measure, xi and 
xj are input color vectors. 

The Gaussian RBF kernel has the following form [16]: 

(3) 
where σ >0, σ is the parameter of the sensitivity of the function. 

And the sigmoid kernel based similarity can be presented 
as follows [16]: 
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(4) 
where k and ϑ are variable sensitivity parameters. 

In order to account for the characteristics of the human 
visual system the input data is multiplied by Spectral Luminous 
Efficiency Function for photopic vision [17] and illumination 
factor [18].  

Structural Similarity Index 
SSIM is based on an idea that the human visual system is 

highly adapted to extracting structural information from the 
images, which, in turn, can be defined as the attributes 
representing the structure of the objects in the scene, 
independent of the luminance and contrast [7]. SSIM is an 
objective measure of difference between a reference image 
(sometimes called original) and a modified image, and thus can 
be considered a quality metric of the second (processed) image. 

Two-dimensional SSIM 
Thus, given two spectral images, represented as vectors xi 

and xj, as inputs, SSIM produces an output on a 0 to 1 scale, 
where 0 means that the images are “not similar at all” and 1 
means “identical” [4]. The overall index is constituted of three 
parts: luminance, contrast and structure comparison, all three 
being relatively independent [7]. 

The overall measure is defined as follows [7]: 
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 (5) 
where �, �, � are non-negative parameters, used to adjust the 
importance of each of the components [6]. 

Luminance component l(xi,xj) is estimated as [7]: 
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where C1 is a constant that is included to avoid instability when 
the sum of the squares of means is approximately zero and � is 
the mean of the image [7]. 

Contrast component c(xi,xj) is given as [7]: 
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where C2 is a constant and � is the variance of the image [7]. 

The structure comparison component s(xi,xj) is defined as 
follows [7]: 
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where C3 is a small constant given to avoid instability and �xixj 
is the covariance of xi and xj. 

Constants C1, C2 and C3 can be computed as [7]: 

C1=(K1L)2; C2=(K2L)2; C3=C2/2 (9) 
where L is the dynamic range of pixel values and K1<<1, 
K2<<1 are two scalar constants. 

SSIM can be applied in a pointwise manner, but it is better 
to use the Gaussian weighting function w = {�i|i = 1,2,…,N}, 
normalized to unit sum (��i = 1), as the windowing approach. 
The local statistics are then computed using the weights w [7]. 
And the overall SSIM image quality measure is computed by 
averaging all of the local windows in the image. This is done 
due to a number of reasons. For one thing image statistics are 

on the most part highly spatially non-stationary, the same can 
be assumed of the distortions introduced into the image. 
Moreover, localized measures provide more information about 
the quality degradation [7]. 

Three-dimensional SSIM 
In the case of the three-dimensional SSIM measure the 

weighting function should be different, thus it is computed as 
follows [19]: 

( ) ( )2222222,, zyxAezyxh ++−= σπσπ  (10) 

Experiments 
Experiments were performed on spectral images of natural 

scenes from [20]. Two images – inlab2 and inlab5 were 
selected. Each image has the following dimensions: 256x256 in 
the spatial dimension and 31 components in the spectral 
dimension. Images were captured by a CCD (charge coupled 
device) camera in a 400-700 nm wavelength range at 10 nm 
intervals. 

First, both of the images were compressed using PCA 
(principal component analysis) down to two principal 
components. The color reproductions of original images and 
reconstructed after compression are given in Fig.1. 

 
 
 
 
 
 
 
 
 
 
 

  (a)  (b) 
 

 

 

 

 

 (c)  (d) 
Figure 1. Color reproduction of spectral images inlab2 (a) original, (b) 
reconstruction after compression (PCA 2); inlab5 (c) original, (d) 
reconstruction after compression (PCA 2) 

Both of the images were multiplied afterwards by Spectral 
Luminous Efficiency function for photopic vision [17] and 
illumination factor [18]. The areas of color difference are 
clearly visible in the images, and concentrate primarily in red 
and brown regions. 

Then difference maps were computed using the three-
dimensional SSIM (Eq. 5, 10) proposed in this paper, and three 
previously proposed kernel similarity metrics [15]: polynomial 
kernel (Eq. 2), Gaussian radial basis kernel (Eq. 3) and 
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sigmoidal kernel (Eq. 4). For the latter three, similarity 
between images was computed on a pixelwise basis. The 
resulting maps are shown in Fig. 2. The level of the intensity in 
the maps corresponds to the similarity scale: from black “not 
similar at all” to white “identical”. 

  (a) (b) 
 
 
 
 
 
 
 
 
 
 
 
 
 
  (c) (d) 
 
 
 
 
 
 
 
 
 
 
 
 
  (e) (f) 

  (g) (h) 
Figure 2. Difference maps. Inlab2 (a,b,c,d); inlab5 (e,f,g,h). (a,e) 
polynomial kernel; (b,f) Gaussian radial basis function; (c,g) sigmoidal 
kernel and (d,h) three-dimensional-SSIM 

Looking at Fig. 2, it can be stated that the difference maps 
produced using the kernel measures present a similar to a 
certain extent result, while the output of the three-dimensional 
SSIM gives a slightly different result specifically far more 
regions in the image are shown to be different. 

Experimental Results 
The accuracy of kernel similarity measures and the 

extended SSIM was tested using Perceptual Image Distortion 
Map (PIDM) [21]. PIDM is an empirical measure of the 
distribution of errors in the images [21]. PIDM can be obtained 
either on a pixelwise basis, or locally, with different marker 
sizes and shapes.  

Five subjects were presented two sets of images, 
consisting of an original and a compressed image (Fig. 1). The 
users were asked to mark the regions that appeared different 
with a rectangular digital marker of size 4 by 4 pixels with 
different levels of gray-level intensity. Where black means “not 
similar at all” and white “identical”. The subjects were 
instructed to mark the whole image area. Fig. 3 presents the 
mean of all subject maps [11,12]. 

  (a) (b) 
Figure 3. Perceptual Image Distortion Map for images: (a) inlab2; (b) 
inlab5 

Fig. 3 clearly indicates that PIDM presents a practically 
excellent fit to the difference map calculated through the use of 
Gaussian RBF. Nevertheless, certain errors exist, which can be 
attributed to the fact that the marker size and shape caused 
several inaccuracies in stamping identical regions several times. 
Variance across the subjective judgments was equal to 0.0103, 
which is quite low and in turn means that subjects of the PIDM 
experiment were consistent in their estimations. 

However, the results obtained using the [11] SSIM show 
significant difference with the results obtained using the PIDM 
technique. 

Comparison of PIDM, SSIM and kernel metrics is given in 
Table 1, where each of the cells in first three columns present 
the mean deviation of the error maps, obtained through the use 
of polynomial, Gaussian RBF and sigmoidal kernels and the 
extended SSIM for each of the images, from the values of 
PIDM. Last column presents the value of the deviation of SSIM 
[7] error image from the PIDM. 

Table 1. Comparison of SSIM, kernel metrics and PIDM 
Polynomial Gaussian 

RBF 
Sigmoidal SSIM 

Inlab
2 

0.0499 0.0395 0.0551 0.1636 

Inlab
5 

0.0395 0.0291 0.0581 0.0986 

 
PIDM presents a full map of empirical distortion data, 

which can be used in the task of evaluation of the accuracy of 
the metrics presented. Thus, looking at Table 1 it can be 
concluded that the most accurate evaluation of the human 
response in the quality estimation task is obtained through the 



 

 

use of Gaussian RBF kernel, while the worst one with SSIM, 
although the deviation between these is not large. 

Taking into consideration all of the above it can be stated 
that the kernel similarity measures and SSIM are quality 
evaluation techniques that accurately predict the response of a 
human visual system in a distortion evaluation task. The values 
of these vary in the range from 0 to 1, representing the 
difference values from “not similar at all” to “identical”. From 
the point of view of the probability theory it can be stated that 
these measures presents a probability of the subject identifying 
a certain pixel as similar, which allows avoiding time and 
money consuming procedure of expert survey, and gives the 
possibility of computing the distortion values dynamically as 
the information is discarded from the image, as for example in 
a lossy compression task.  

Conclusions 
In this paper a novel technique of spectral image quality 

evaluation using Structural Similarity Measure was proposed. 
The algorithm, described in this paper, is an extension of a 
Structural Similarity Index (SSIM) [7] that incorporates 
spectral data [14]. SSIM is based upon an assumption that 
human visual system is highly adapted to extracting structural 
information from the images. The algorithm, given in this 
paper, computes a localized difference between the original and 
the distorted images. A gray-scale image distortion map is 
obtained as a result, where the intensity of each of the pixels 
corresponds to the value of the similarity between them, which, 
in turn, shows the areas where the visible distortions are in the 
image, and how large the distortions are. The overall index is 
constituted of three parts: luminance, contrast and structure 
comparison, all three being relatively independent [7]. As a 
windowing approach a three-dimensional Gaussian windowing 
function was used. The overall measure is obtained via 
averaging. 

SSIM [7] was tested against several images of natural 
scenes [20] (with spectral distortions introduced into the 
images) along with several previously proposed kernel 
similarity measures [15] and a Perceptual Image Distortion 
Map [21], where PIDM is an empirical measure of the 
distribution of errors in the images [21]. The choice of the 
kernel similarity measures for comparison is not incidental - 
these have previously proven to be effective in the task of 
spectral distortion evaluation [15]. It was shown in [15] that 
these mimic closely the response of the human visual system in 
a task of quality evaluation and can be considered among the 
best approaches to evaluation of spectral distortions introduced 
into the spectral images. The kernel similarity measures chosen 
are polynomial, Gaussian radial basis and sigmoidal kernels. 

The three-dimensional SSIM has already been tested 
against the two-dimensional conventional measure. The novel 
method has proven to be more efficient in the task of color and 
spectral image discrimination [14]. 

Comparing the results obtained in this work, it can be 
stated that SSIM performs slightly worse than the rest of the 
measures whilst Gaussian RBF gives a practically excellent fit 
to the human observer evaluation. Thus it can be concluded that 
performance of the SSIM is comparable to the rest of the 
measures in the task of spectral distortion evaluation. 
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