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ABSTRACT A number of physiological studies on cats and primates have

reported that mammalian visual systems contain neurons whose
dreceptive fields closely resemble Gabor patches [6, 7]. However,
§ince Gabor decompositions are not orthogonal, prior image fi-
delity assessment nfeids have preferred to decompose the image
by sectioning the frequency domain into a number of pie pieces.
‘On the other hand, Gabor decompositions have been used to ad-
ically plausible. It consists of a multichannel Gabor pyramid de- dress a nu_mber of Image understandl_ng problems. Many texture
segmentation and classification techniques have relied on Gabor

composition. The fidelity agach spatial location within each chan- L . . . L
nel is evaluated based on psychometric functions. The psycho_decomp_osmon§[8]. The IFA c_ilffers_ from previous image f'de“ty_
models in that it uses a physiologically plausible Gabor pyramid

metric functions were determined experimentally and describe the o
decomposition.

discrimination ability of the visual system as a function of spa- . .
tial frequency, orientation, and adaptation level. Limited memory decégsoct)?se {Sﬂf";fr?dn;ﬁncfﬁ'S;gi?,eonpcheygﬁggfgut:sslF@i?r]n?hgseggi_p-
probability summation across the visual chann_els is used to obtaintion of the Samoff Model[5], prior image fidelity rﬁeasures used
?F;\ng?: légengif s?:r:f\?ﬁt/ﬁi:;rpn?neef\ﬂﬂgi Osroefhirrnnlggéyﬁ:je;il:;ts of the psychophysical data from contrast detection experiments instead
' of contrast discrimination experiments[2, 3, 4]. In contrast detec-
tion experiments the subject is asked whether or not the stimulus
1. INTRODUCTION is visible. In contrast discrimination experiments the subject is
i . asked to discriminate between two stimuli. In previous models
A number of models incorporating some type of frequency se- e difference of the two contrast images is computed just prior to
lective channel decomposition have beeopmsed for image fi-  the channel response predictor, and information about the contrast
delity assessment[1, 2, 3, 4_1,_5], TheS? mod(_als hav§ mgde signifiin the original images is lost. Then contrast detection thresholds
cant progress towards attaining meaningful image fidelity assessyye ysed to predict their discriminability. These models discard
ments. They go far beyond simple mean-squared error, which isitormation about the absolute contrast levels in the images; how-
well-known to be unsatisfactory. Our work has been heavily influ- eyer, this discarded information is relevant to visibility thresholds.
enced by these models and attempts to build onthem. A masking calculation is required to compensate when detection
In order to motivate our approach, we begin by considering tyresholds are used. The IFA uses discrimination thresholds in or-
some of the characteristics of these models. All of these modelSyer to obtain a more accurate estimate of imagedifidaVe differ
depend on psychophysical data obtained by others. Frequently throm the Samoff Model in that we use contrast discrimination data
task performed in the experiment used to obtain model parameterspt is specific to our modeling of the visual system.
is not directly related to the function of the corresponding portion
of the model. For example, psychophysical experiments that deter-
mine the contrast sensitivity function (CSF) in Daly's Visible Dif-
ferences Predictor[2] (VDP) lead to the relation between contrast
and percept, i.e. the probability of seeing a sine grating at a par-
ticular frequency and contrast. However, the output of the CSF in
the VDP is not treated as probability. This means that this portion
of the model is not a model of percept. Other models share similar
characteristics. In the IFA we have endeavored to take a more in-
tegrated approach by using psychophysical experiments designe
to measure the percept being modeled.

In this paper we describe the Image Fidelity Assessor (IFA), a
model of the human visual system designed to evaluate perceive
fidelity. In particular, we describe the structure of the model, presen
results from a contrast discrimination experiment that are used
within the model, and demonstrate preliminary results of the model
The IFA is designed to be both physiologically and psychophys-

2. MODEL

The IFA accepts two grayscale images as input and generates a
probability map as output. The probability map is a grayscale im-
age that indicates the probability of a human observer detecting a
difference between the two input images. Figure 1 shows a block
diagram of the IFA. A multiresolution decomposition is performed

n each image to generate a number of visual channels, each con-
aining the response of a particular receptive field. The receptive
fields are modeled by Gabor functions of varying frequency and
This work was supported by the Hewlett-Packard Company. orientation. Significant effort has been expended by the research

URL: http://Awww.ecn.purdue.edu/EISL/ community to create a more complete description of the receptive
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Psychometric 3. EXPERIMENT
LUT
' A psychophysical contrast discrimination experiment was designed
»> Psychometric to obtain the psychometric functions used within the model. The
Selector stimuli used in the experiment were Gabor patches with the same
Idedl _ JLowpassily, | Gabor |y o * characteristics as the Gabor functions used in the channel decom-
Image Pyramid Wavelet OC i
5| COntrast position of the IFA.
»> + Channel . .
& Response Each stimulus consisted of a reference patch and a test patch
Local _4 Predictor displayed on either side of a fixation cross. The average lumi-
Rendered | L owpass |I Gabor | | Cogtrast * nance, frequency, and orientation for the test patch was always the
Image Pyramid| ™| Wavelet same as that of the reference patch. The reference patch had a
Channel fixed contrast while the test patch varied in contrast. The stimuli
Summation were displayed on a calibrated monitor with a peak luminance of
* 79 cd/nt. One of the authors (CCT) with corrected to normal vi-
Image map sion served as the subject in the experiment. For all but the two
of predicted . ST .
visible lowest frequencies tested, the subject's head was placed in a head-
differences rest 2.0 m from the monitor. For the two lowest frequencies tested,
the viewing distance was reduced to 1.0 m.
Figure 1: Block diagram of the Image Fidelity Assessor. Within a session there were eight test patches, each with dif-

ferent contrast levels. Each contrast level was slightly above ref-
erence contrast. A fixation cross remained at the center of a uni-
form gray image throughout each session. The uniform gray im-

fields of the neurons in the primary visual cortex. The characteris- 29€ had the same luminance as the average luminance of the Ga-
tics of the Gabor functions used in our model follow those of Lee POr paiches. In each trial the two Gabor patches were presented
[9] and are motivated by the work of many others. ata horizontal eccentncny_of _2.5 cycles to e_|ther S|de_ of the fixa-
tion cross. Each trial was initiated by pressing the middle mouse
The multiresolution pyramid is built by low pass filtering and  button, whereupon a 100 ms presentation of the trial stimulus fol-
decimating the original image. We call each of these images thelowed a 50 ms delay. Each test patch was presented 50 times. The
base imagéor a particular pyramid level. The base image for each test patches were presented in random order, and the side of pre-
pyramid level is convolved with even and odd symmetric Gabor sentation for the test and references patches was randomized.
functions at eight orientations. A local contrast calculation pro- The subject was asked to indicate which patch (left or right)
duces contrast images that describe the response of an ensemblgad higher contrast. Auditory feedback was provided after each
of neurons tuned to a particular spatial frequency and orientation.incorrect response. Cumulative Gaussian distributions were fit to
We call these images thehannel imagesss they represent dif-  the results using probit analysis [10]. The standard deviation of
ferent channels of the visual system. Sixteen channel images areeach distribution was used to estimate the discrimination thresh-
generated for five pyramid levels corresponding to fundamental olds. Discrimination thresholds were measured for Gabor patches
frequencies of 16, 8, 4, 2, and 1 cycles per degree. with six frequencies, eight orientations, five average luminance
levels, and nine reference contrast levels. A portion of the experi-

f hometric functions that have been empirically determin dmental results are shown in Fig. 2. The figure contains discrimina-
ot psychometric functions that have been empirically dete €0 tion functions which consist of discrimination thresholds plotted

by the p_sychophysmal experiment des<_:r|bed in Sec. 3._ The P_sy-as a function of reference contrast.

chometric Selector selects the appropriate psychometric function It is apparent from the discrimination functions in Fig. 2 that
from the family of psychometric functions in the LUT. The selec- discrimingtlioon and detection thresholds are not e uivagl]ént For
tion is made independently for each spatial location in each chan-.f t Il of the discrimination functi q d b h i
nel image. Selection of the psychometric function is based on the!! they were, all of the discrimination tunctions would be hor

local adaptation level, the fundamental frequency of the channel'z.omf'le _Ilne_s. The discrimination functions in Fig. 2 f_e"ea' that
image, and the local contrast level in the channelimage. The IOCaIdlscrlmlnatlon thresholds and reference contrasts are inversely re-

adaptation level is obtained by low pass filtering the base image.lated for subthreshold reference contrasts and di(ectly related for
The channel image for the ideal image is used as a measure of th uprathr_esh_old referen_ce contrastg. This c_)bservayon, often referred
local contrast level in the channel image. o0 asfacilitation or thedipper effectis consistent with the results
of previous experiments that used sinewave stimuli. The mini-

The difference between the contrastimages for each channelismum discrimination threshold occurs when the reference contrast
then applied to the appropriate psychometric functions to produceis near the detection threshold (this contrast detection threshold is
a separate probability map feach channel. All of the probaity measured in a contrast discrimination experiment with the refer-
maps from the different channels are combined in the channel sum-€nce contrast equal to zero). For example, consider the contrast
mation stage to produce the final probiéyo map. In this stage, discrimination function for the 2.0 c/deg Gabor patch in Fig. 2.
the channel probability maps from higher levels of the pyramid The minimum for this curve occurs at a reference contrast of 2%
are upsampled to match the resolution of the lowest level of the which is close to the discrimination threshold when the reference
pyramid. The probability maps are then combined using a methodcontrast is zero.

The Psychometric Look Up Table (LUT) consists of a family

we calllimited memory probality summation The method uses It is interesting to note that all of the curves in Fig. 2 con-
probability summation to combine the five largest visual channel verge as the reference contrast is increased to 64% contrast. In
responses at each spatial location. fact, for all but a few Gabor patches studied, the discrimination
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Figure 2: Discrimination thresholds for vertically oriented Gabor
patches with spatial frequencies of 1.0, 2.0, 4.0, 8.0, 16.0, and 27.0
c/deg with an average luminance level of 40 cti/m

thresholds are near 10% when the reference patch is at 64% con-
trast. This implies that contrast discrimination is approximately
insensitive to frequency variations in suprathreshold contrast re-
gions. This effect has been referred tocastrast constancgnd

has been widely observed for suprathreshold contrasts[11, 12]. In
addition, the increasing portion of the discrimination functions is
linear on a log-log plot. The slopes of the linear portion of the dis-
crimination functions obtained by the experimentrange from 0.6 to
0.9. This range of slopes is within the range of slopes reported by
others[13, 14, 15, 16]. Although discrimination functions for lumi-
nance and orientation variations are not shown here, the visual sys-
tem exhibited little sensitivity to orientation for all reference con-
trasts and little sensitivity to average luminance for suprathreshold
reference contrasts. For subthreshold reference contrasts, discrim-
ination thresholds increased as average luminance decreased.

4. RESULTS

In this section we present two examples of image fidelity predic-
tions generated with the IFA. Light areas of the IFA's output prob-
ability map correpond to image regions with high likelihood of
visible distortions while dark areas correspond to image regions
with low likelihood of visible distortions (see Figs. 3 and 4).
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