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ABSTRACT

While lossy image compression techniques are vital in reducing
bandwidth and storage requirements, they result in distortions in
compressed images. A reliable quality measure is a much
needed tool for determining the type and amount of image
distortion. The traditional subjective criteria, which involve
human observers, are inconvenient, time-consuming, and
influenced by environmental conditions. Widely used pixelwise
measures such as the mean square error (MSE) cannot capture
the artifacts like blurriness or blockiness, and do not correlate
well with visua error perception. Attempts to improve quality
measurement include incorporation of simple models of the
human visual system (HV'S) and multi-dimensional tool design.
We review the criteria for monochrome compressed image
quality from 1974 to 1999.

1. INTRODUCTION

In the past few decades, many compression techniques have
been developed for efficient transmission and storage of images
[1-5]. Most of these techniques make us of transform coding,
vector quantization, fractals, or subband/wavelet coding for
removing psychovisual and statistical image redundancies. As
the bit rate is decreased, each compression technique introduces
a known artifact, creating blocky, blurry, patchy or smudgy
images.

Automated quantitative metrics are essential in testing and
evaluating various image compression techniques or devices.
Ideally, a useful metric should be easy to compute, independent
of viewing distance, and able to quantify all types of image
artifacts. Image qudity measurement is still an unsolved
problem today. New studies exploiting certain aspects of the
HV'S report reasonable success in quantifying certain types of
distortion, providing higher correlation with subjective ranking.

2. IMAGE QUALITY MEASURES

In light of recent developments, it is possible to classify image
quality criteriaas shownin Table 1.

Subjective Quantitative
Absolute Numerical Graphical
Comparative | MSE VDP
Lp-norm Histograms
Power spectrum Hosaka plots
Other Eskicioglu charts

Table 1. Classification of image quality criteria

2.1 SubjectiveCriteria

As the ultimate assessment of image quality is made by human
observers, the most relisble judgment is based on human
perception. In subjective rating, a group of non-experts and
experts may be used. Non-experts, representing average
viewers, have little or no technicad background in image
compression, while experts are trained individuals having much
familiarity with the relevant compression technologies.

Evaluation performed by the observers take two forms:
Absolute and comparative. Absolute evaluation is a process
whereby the observer assigns to an image a category in a given
rating scale, whereas comparative evauation is the ranking of a
set of images from best to worst. The following rating scales
have been used by researchers [6-11]:

5 Excellent 10,9 Very good
4 Good 8,7 Good

3 Fair 6,54 Fair

2 Poor 3,2 Bad

1 Unsatisfactory 1,0 Very bad

7 Best 1 Much better

6 Well above average 2 Better

5 Slightly above average 1 Slightly better
4 Average 0 Same

3 Slightly below average -1 Slightly worse
2 Well below average -2 Worse

1 Worst -3 Much worse
1 Not noticeable

2 Just noticeable

3 Definitely noticeable but only dight improvement
4 Impairment not objectionable

5 Somewhat objectionable

6 Definitely objectionable

7 Extremely objectionable

Bubble sort [6, 11, 12] is another technique used in rating
images. The subject takes two images A and B from a group,
and compares them. If his order is AB, he picks athird image to
establish the order ABC or ACB. If the order is ACB, then a
comparison is needed between A and C. The procedure ends
with the best image at the top if no ties are allowed.

In many cases, subjective rating results may not be reproducible
as they can be affected by a number of factorsincluding:

a)  type, size and range of images

b)  observers background and motivation,

c)  experimental conditions (lighting, display quality,
etc.).



2.2 Quantitative Criteria

Quantitative measures for image quality can be classified
according to two criteria:

(1) the number of images used in the measurement;
(2) the nature or type of measurement.

According to the first criterion, the measures are divided into
two classes. univariate and bivariate [10]. A univariate measure
uses a single image, whereas a bivariate measure is a
comparison between two images. According to the second
criterion, there are again two classes; numerical and graphical.
A numerical measure takes one (if the measure is univariate) or
two (if the measure is bivariate) images as input, and processes
the pixel values by an integration rule. The output of this
processing is a single integer or real number. Graphica
measures (univariate or bivariate) differ from numerical onesin
that they do not reduce their output into ascaar value. They are
multi-dimensional measures in the form of images, histograms,
plots, or charts.

Quality measurements are usually made using the pixel elements
of digitized images. For more accurate assessment, a continuous
image field can be generated by two-dimensiona interpolation
of the pixel matrix.

Metrics for image quality have been defined in either spatial or
frequency domain. Two-dimensional discrete Fourier transform
isacommon tool for frequency domain analysis.

2.21 Numerical (scalar) Measures

Denoting the samples on the NxM original image field as F(j k),
a spatial domain, univariate quality rating may be expressed in
generd as

>2 O{F(j,k)},

where O {{J is some operator.

Bivariate measures are more frequently used in practice. A
number of measures have been defined to determine the
closeness of the degraded and origina image fields. The
dternatives are NMSE, PMSE, LMSE, Lp-norm, normalized

absolute error, image fiddity, discrete cross-correlation,
correlation quality, structural content, average difference and
maximum absolute difference [6, 7, 10, 13].

2.2.2 Application of HYVS Models

The human visual system (HVS) is enormously complex with
optical, synaptic, photochemical, and electrical phenomena [14-
16]. It has been the subject of study in several disciplines
including biology, anatomy, psychology, and physiology. Two
primary sources of information for developing a model of the
HV S are psychophysical and physiological studies.

Image quality assessment can be improved by incorporating a
model of the HVS into the evaluation process. Three distinct
approaches have appeared in the literature:

e The MSE (or one of its variants) is modified be attaching a
weight to the image samples in the frequency domain [11,
12, 17-20].

*  Thedigital image power spectrum is weighted [21].

e The HVS is mimicked through several nonlinearities and
filters[7, 22-34].

2.2.3 Graphical Measures

In a qualitative evaluation of distorted images, the human
observer makes decisions concerning:

(1) theamount of distortion,
(2) thetype of distortion,
(3) thedistribution of error.

To be able to represent these decisions, it is clear that more than
a single number is needed. Graphicad measures compute
summary statistics which, in some way, reflect the most
important features in reconstructed versions of images. They
provide an alternative means of mimicking the HVS.

The graphica measures that have general applicability in the
field of image compression are;

» VDP (Visual Differences Predictor) [35],

» Histogram of the compression error [36, 37],
» Hosakaplots[38, 39],

» Eskicioglu charts[40-42].

2.3 Surveyson image quality measurement

We now mention four survey papers that discuss measures on
image quality. Three of these also give comparative evaluations
of selected measures.

Beaton [43] reports an evaluation of fourteen image quality
metrics for hard-copy and soft-copy displays of digital images
degraded by various levels of noise and blur. All the quality
metrics were formulated to include the displayed modulation
spectrum of the image. The digital image database used in this
work consists of 250 digitally derived images from low altitude
aeria photographs of domestic facilities. There are 10 unique
scenes (4 nava ports, 4 arports, and 2 research and
development facilities), each represented by 25 degradation
levels. The degradation levels represent the effects of factoria
combination of five static noise levels and five blur levels. Each
digital image is a 4096 x 4096 pixel matrix with 256 levels of
gray. For the hard-copy study, the digital images were presented
on positive film transparencies. For the soft-copy study, the
digital images were displayed on a CRT system. The subjective
scaling task was carried out by military photo interpreters using
aNATO-standardized scale.

A brief review of computationa image quality metrics is given
by Ahumada [44]. It starts with a framework for image quality
measurements: For a given pair of images |, and |, the visua

model P computes lists of visual system outputs P(l ), P(1,) from
the images. The integration rule Q(P(l,), P(l,)) then gives the
distance between pairs of perceptua outputs. A discussion of
the features of the perceptual output and the integration rule is



followed by a table of the models proposed by a number of
researchers.

Eskicioglu, Fisher and Chen [37] present an extensive analysis
of the performance of a number of image quality measures.
Two of these measures are graphica (histograms and Hosaka
plots), and the others are numerica. Four compression
techniques were used in the study; JPEG and RLPQ induced
blockiness, whereas EPIC and SLPQ led to blurriness. The 512
x 512 test images, Lenna (NITF6), Gilbert (US Navy) and
Fingerprint (NITF5) had 256 gray levels. There were 84 images
(3 test images x 4 compression codes x 7 degradation levels) in
the image data set. The compression ratios ranged from 10:1 to
69:1, with an increment of about 10. Photographic samples of
the degraded images were subjectively evaluated by ten
observers chosen from the graduate students and faculty
members.

Two experiments, one threshold and one suprathreshold, for
evaluating psychophysical distortion metrics in JPEG encoded
images are described by Fuhrmann, Baro and Cox, Jr. [45]. The
threshold experiment was designed to determine the hit rate at
which the observer is able to distinguish a distorted image from
the origind. In the suprathreshold experiment, image subblocks
were ranked by observers according to perceived distortion. For
these experiments, which involved eleven observers, gray-scale
images were digitized at 8 bits/pixel. Using 512x512 origina
images, compressed images were generated at bit rates ranging
from 0.1 to 4.0 with increments of 0.1. Subblocks of size
128x128 were chosen to mitigate the effects of attention shifting
in larger images.

3. CONCLUSIONS

This survey covers image quality measurement in the past
twenty-five years. Subjective criteria and the MSE, the least
favorable of al tools, are indispensable in evaluating
compression agorithms or real products because of alack of a
reliable quality metrics.

Recent research has focused on understanding the human vision
through psychophysical and physiologica experiments. Thereis
enough evidence to show that simple HV'S models incorporated
into numerical quality measures result in higher correlation with
subjective assessment. A typica approach is to obtain useful
statistics (activity in blocks, errors on edges, block distortions,
etc.) about the impairments in a compressed image. These
statistics are then combined in a weighted sum to represent the
error characteristics. Reduction of the output to a single value,
however, is a mgjor drawback because much of the useful
information islost. In addition, some of the numerical measures
exploiting the HV'S have limited use and scope as they are able
to detect only a particular type of distortion (mostly blockiness).

Graphical measures attempt to simulate the HV'S by introducing
additional dimensions in quality assessment. Also referred to as
multi-dimensional measures, they are shown to be more useful
than scalar ones (with or without HV'S weighting), since they
provide information concerning the type of impairment and/or
the locality of the error. Beingin itsinfancy stage, this approach
is believed to hold considerable promise, especidly in
optimizing image coders.

Review of color images and video sequences will be the subject
of another study as they include color and temporal components.
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