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The Effect of Nonlinear Human Visual System
Components on Performance of a Channelized
Hotelling Observer in Structured Backgrounds
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Abstract—Linear model observers based on statistical deci-
sion theory have been used successfully to predict human visual
detection of aperiodic signals in a variety of noisy backgrounds.
However, some models have included nonlinearities such as a
transducer or nonlinear decision rules to handle intrinsic un-
certainty. In addition, masking models used to predict human
visual detection of signals superimposed on one of two identical
backgrounds (masks) usually include a number of nonlinear
components in the channels that reflect properties of the firing
of cells in the primary visual cortex (V1). The effect of these
nonlinearities on the ability of linear model observers to predict
human signal detection in real patient structured backgrounds
is unknown. We evaluate the effect of including different non-
linear human visual system components into a linear channelized
Hotelling observer (CHO) using a signal known exactly but vari-
able (SKEV) task. In particular, we evaluate whether the rank
order of two compression algorithms (JPEG versus JPEG 2000)
and two compression encoder settings (JPEG 2000 default versus
JPEG 2000 optimized) based on model observer signal detection
performance in X-ray coronary angiograms is altered by inclusion
of nonlinear components. The results show: 1) the simpler linear
CHO model observer outperforms CHO model with the nonlinear
components; 2) the rank order of model observer performance
for the compression algorithms/parameters does not change when
the nonlinear components are included. For the present task and
images, the results suggest that the addition of the nonlinearities
to a channelized Hotelling model may add complexity to the model
observers without great impact on rank order evaluation of image
processing and/or acquisition algorithms.

Index Terms—Image compression, model observer, nonlinear
component, signal detection.

I. INTRODUCTION

MEDICAL images are typically visually scrutinized by
physicians searching and classifying morphological

features of interest that might predict the state of disease. In
this context, medical image quality has been objectively de-
fined in terms of physicians’ performance in clinically relevant
visual tasks. Thus, evaluating and optimizing medical image
quality entails conducting psychophysical studies measuring
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human performance in these visual detection or classification
tasks. Because conducting such psychophysical studies with
physicians is time consuming there has been a rationale to
develop model observers (also known as numerical observers)
that can accurately predict human performance across a range
of conditions. Advantages of using these model observers are
that they can assist in evaluating, rank ordering, and optimizing
image quality in a time efficient manner and also allow for
investigation of a range of conditions that is simply not feasible
using psychophysical studies. There is now a large literature of
successful use of linear model observers to predict human vi-
sual detection performance in noise with varying power spectra
[1]–[8]. Model observers have also been used to optimize
single photon emission computed tomography, lens aperture,
and image compression of coronary angiograms [7]–[11].

Linear model observers involve processing input image/im-
ages and making a decision about the presence/absence,
location and/or class of a signal. When the images are com-
puter generated to be statistically stationary and Gaussian
then performance of the linear models can be computed using
closed-form expressions rather than running computer simu-
lations [12]. With patient anatomic backgrounds, investigators
can also attempt to approximate performance of the model by
using Fourier methods and assumptions about stationarity of the
background and Gaussian distribution of the model’s decision
variable [13] or conduct sample driven computer simulations
without making stationarity assumptions [14]–[16]. Specific
linear models used include: nonprewhitening matched filer with
an eye filter (NPWE), Hotelling observer (HO), channelized
Hotelling observer (CHO), and Laguerre Gaussian Hotelling
observer (LGHO). These models typically include some human
visual system constraints such as a contrast sensitivity function
(i.e., an eye filter) or a set of spatial frequency tuned channel
mechanism, and decision rules that make use of knowledge
about signal and noise. These linear models can be reduced to
the correlation between a model template and the image data at
different possible signal locations. One notable property about
most implementations of these model observers is that they
do not include any nonlinear components. Efforts to include a
nonlinear component into single-template linear models have
included intrinsic uncertainty via a maximum rule [17], [18]
and a nonlinear transducer [19]. In addition, there has been
another family of models developed to predict the detectability
of a target added to one of two identical backgrounds, known
as masks. Pattern masking refers to the performance degrada-
tion (or contrast threshold elevation) in human visual signal
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detection when the signal appears added to a deterministic
background. Masks could differ from the target in spatial fre-
quency, orientation, and/or other pattern dimensions. Note, that
linear model observers used in medical imaging do not predict
any effect on performance of two identical backgrounds unless
one assumes that the internal noise depends on the background.
Masking models usually start with the processing of the image
by a set of spatial frequency and orientation tuned channels and
include a number of nonlinear components. These nonlinear
components include an accelerating nonlinear relationship
between the input and the channel response, referred to as the
excitatory component, and a divisive suppressive of channel
response by other channels, referred to as the inhibitory compo-
nent. These components reflect the nonlinear properties of the
firing of cells in the primary visual cortex (V1) and are thought
to give rise to pattern masking [20]–[24]. Daly and Lubin [23],
[24] described a multiple spatial frequency channel model based
on the cortex transform with within-channel masking. Heeger
[25] proposed a model where the response of each neuron had
an accelerating nonlinearity and also divisively inhibited by
a pool of responses of other neurons. Foley [20] investigated
masking of one spatial frequency component by another and
found interactions that can be explained by assuming that the
contrast gain of a channel is reduced by activity in other chan-
nels. More recently, Watson and Solomon [22] implemented
an image driven multiple channel model incorporating lateral
interactions among channels in an effort to account for the
between frequency masking. This implementation included a
division of the excitatory response by an inhibitory response
which was a linear combination of responses within a neigh-
borhood in space, frequency, orientation, and phase [21], [26].
The effect of including the nonlinear components on the ability
of channel models to predict human performance in structured
backgrounds has not been investigated.

The goal of this paper was to study the effect of including a
number of these nonlinearities on model observer performance
detecting a simulated signal embedded in structured back-
grounds extracted from patient X-ray coronary angiograms.
In particular, we evaluated whether the rank order of image
compression algorithms based on model observer performance
was altered by inclusion of the nonlinear components. We
also compared the ability of different models to quantitatively
predict human performance as a function of compression ratio.1

The algorithms to be considered were: 1) Joint Photographers
Expert Group (JPEG), a still-image compression standard
based on discrete cosine transform (DCT ) [27]; 2) JPEG 2000,
a still-image compression algorithm based on discrete wavelet
transform (DWT) [28]; 3) Optimized JPEG 2000, a set of JPEG
2000 encoder parameters optimized via a genetic algorithm
resulting in improved linear model and human observer perfor-
mance for a signal detection task [8].

To evaluate a model observer that was general and flexible to
allow for inclusion of nonlinearities, we selected the CHO [29]
with a Gabor channel mechanism [30], [31]. The nonlinear com-
ponents examined include: 1) maximum rule among detec-

1Nonlinear models were not fit to the data because their large number of ad-
justable parameters would lead to over fitting the human data. Instead model
parameters were selected from previous studies.

tors/templates due to intrinsic uncertainty about the spatial loca-
tion of the target; 2) excitatory transducer; 3) inhibitory channel
interaction. Many of the studied nonlinear components have free
parameters. For the parameters we investigated a range of values
found in previous studies to predict human performance [20],
[22]. In addition to the nonlinear components, we investigated
a number of linear model components based on human visual
optics and sampling used by Geisler and Davila [32]. We also
explored implementations of models using input images in gray
level values, contrast, and/or luminance, and their effect on the
rank order of the compression algorithms.

The task was detection of a simulated lesion within one of
four simulated arteries (see locations indicated by the fiduciary
marks in Fig. 1 embedded in real structured X-ray coronary an-
giographic backgrounds. In the present study a signal known ex-
actly but variable (SKEV) task was used. In the SKEV task the
signal varied in shape and size across trials but was known ex-
actly to the observer. In addition to the theoretical model calcu-
lations, a human observer psychophysical study was conducted
and compared with the obtained model observer performance
under different compression schemes/ratios.

II. GENERAL FRAMEWORK FOR CHANNELIZED

HOTELLING MODEL OBSERVERS

Fig. 1 shows a general framework to study the effect of dif-
ferent model components on the channelized Hotelling model
observer using X-ray coronary angiograms [7], [15]. Common
elements to all models to be investigated include: different input
format including gray value, luminance, and contrast; front end
optics and receptor sampling; the processing of the image by a
set of spatial frequency and orientation channels; the combina-
tion (linear or nonlinear) of responses across channels to a single
decision variable for each of the four possible signal locations;
and the use of the maximum rule among the four decision vari-
ables to choose the signal location. The particular models to be
compared include: 1) linear model; 2) inclusion of intrinsic spa-
tial uncertainty; 3) inclusion of excitatory channel transducer;
4) inclusion of excitatory transducer and inhibitory channel in-
teractions. In the following sections, we present the theory for
some of the model components to be evaluated.

A. Front End

Human visual optics and sampling are components that
are included in many masking and basic vision models [32]
but often omitted in many linear model observers used for
detection in noise.2 The optics of the eye can be described by
a point-spread function, [33], in a weighted sum of
two Gaussians format

(1)

where . The pa-
rameters were selected as reported by Geisler and Davila [32],

, arcmin, and arcmin.

2Although one might argue that the nonprewhitening matched filter with an
eye filter model (NPWE) includes a composite of early optics, sampling and
neural sensitivity.
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Fig. 1. Structure of the channelized Hotelling model observer with the front end: 1) linear components only; 2) location uncertainty; 3) nonlinear components-
excitatory; 4) nonlinear components-excitatory plus inhibitory.

Two crucial stages of sampling take place in the retina. One
is via photoreceptors (rods and cones) that initially transform
light into voltage and electrochemical signals. The other is via
the retinal ganglion cells which sample the outputs of the pho-
toreceptors (after being processed by the horizontal, bipolar, and
amacrine cells). Photoreceptors are assumed to be of a circular
shape with a diameter of 0.6 min at the widest portion of the
inner segment. An additional assumption is that all quanta en-
tering the inner segment follow into the layers of photopigment
inside a photoreceptor [32]. As a consequence, each photore-

ceptor performs a small amount of spatial integration. This inte-
gration can be modeled by convolving the image with a circular
mask with a diameter 0.6 min

for all rad (2)

For our particular implementation with an observer viewing dis-
tance of 400 mm (with a resolution of 0.3 mm per pixel), a pixel
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has a visual angle of 2.58 arcmin. Thus, rad in (2) is less than
one pixel and sampling will have no effect on the image.

B. Implementation of the Channelized Hotelling Model
Observer

The use of spatial-frequency-selective channels in the human
visual system has long been part of the field of vision science
[34]–[36], and has often been incorporated into models of visual
detection [24]. The CHO was developed as a method to incorpo-
rate elements from human visual system into models of signal
detection for medical images [29], [37]–[39]. The CHO model
has been successfully used as a predictor of human performance
in a number of detection experiments [6], [8], [40]. The exis-
tence of a channel mechanism is supported by psychophysical
and physiological evidence [41]. In the CHO model, entire fre-
quency content of an image within a given frequency band or
channel is reduced to a single output value, there is a poten-
tially large loss of information as an image is processed by a
sparse channel mechanism. CHO model uses a weighted sum
of the linear channels to derive a linear template. Weights to
each channel take into account signal information transmitted
by the channel and the variance of the channel responses as
well as the covariance between different channel responses. A
key step to implement CHO is choosing channels. There are a
number of different channelized Hotelling models in the liter-
ature including square channels [29], difference of Gaussians
[6], difference of Mesa filters [5], and Gabor channels [7], [31].
Gabor function has been used to model the spatial summation
properties (of the receptive fields) of simple cells in the visual
cortex [42]. Further, Jones, and Palmer [43] found that two-di-
mensional (2-D) Gabor filters fitted the 2-D spatial and spectral
response profile of each simple cell in the least-squared error
sense. Unlike most other channel models used with the CHO
model, the Gabor functions are not rotationally symmetric and
have different channels tuned to different orientations which can
be used to explain the orientation and spatial frequency selec-
tivity of simple cells. Here, we used a set of Gabor channels:
80 channels with five spatial frequencies (central frequencies,
16, 8, 4, 2, and 1 cycle per degree), eight orientations (equally
spaced in orientation), and two phases (odd, 0; and even, ).
Spatial frequency bandwidth of the channels was approximately
1 octave. Gabor channels are given by

(3)

where is the spatial frequency, is the orientation, is the
full width at half height, and is the phase. is related to the
standard deviation of the Gaussian functions by: .
Fourier transform of a Gabor channel is a Gaussian function
centered at the central frequency and with a half-height full
width given by .

All of the investigated models (see 1–4 in Fig. 1) involve
taking the dot product of the individual channels and the image

data. However, they differ on the subsequent step to manipulate
this dot product to obtain a channel response.

1) Linear CHO: For the linear CHO model, the decision vari-
able, for each possible signal location and
each known signal is calculated as a linear
combination of the response of each channel

(4)

where the subscript denotes that the decision variable is ob-
tained from a linear operation. The channel response

is the dot product of transpose of the th channel,
, with the image data at the th location. Vector

is the channel weights for the th signal with each element rep-
resents the optimal linear weights3 for each channel, and defined
by [3], [29], [38]

(5)

where vector contains the mean of the th signal plus
background as seen by the channels. For each of the 184 signals,
400 additional samples were created as a training set to estimate

. The vector is the mean of the background
as seen by the channels. Estimation of is based on 2700
samples. is an matrix describing the covariance of
the output of the channels to the images

with

(6)

where is a matrix with each column as the channel
response of each noise sample. For our particular implementa-
tion the covariance matrix is an 80 80 matrix. Thus, a total of
3100 samples are computed for the CHO model to estimate the
best linear weights for each signal. For a particular signal , a
corresponding is obtained.

Given that the model is fully linear, the CHO model can be
implemented by obtaining a single template (in the pixel do-
main) calculated as the linear combination of the channels. The
single template corresponding to the displayed signal is then ap-
plied to each of the possible signal locations. The response can
be expressed in matrix formulation as [40]

(7)

The subscript on refers to the th template, and the sub-
script for refers to data at the th location. The linear template

3For non-Gaussian noise processes, there might be a channelized template
that performs better than the channelized Hotelling template.
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that can be obtained from the channel weights and the channel
profiles is calculated as [7]

(8)

2) Intrinsic Spatial Uncertainty: Intrinsic uncertainty refers
to observers’ inability to optimally use all information provided
by the experimenter about the signal [44], [45]. For example,
even though the experimenter provides the observer a copy of
the signal and indicates the possible signal locations with high-
contrast fiduciary marks, the observer might not be able to use
this information optimally and still have some uncertainty about
the location, spatial frequency, and orientation of the signal. The
observer is, therefore, assumed to monitor not a single template
but multiple templates tuned to different parameters s/he is un-
certain about [17], [44]–[46]. In the context of spatial uncer-
tainty, the observer is assumed to monitor the response of tem-
plates centered at different spatial locations. For an alter-
native forced choice, the observer monitors templates/loca-
tions per alternative and uses the maximum template response
for each alternative to make the decision. In the context of a
channel model with 80 channels, one might implement spatial
uncertainty by assuming that the observer monitors chan-
nels per location. Alternatively, one might assume that the ob-
server synthesizes a single template from the channels [see (9)]
and, therefore, monitors template responses per alternative.
We chose the second implementation for simplicity. In addition,
previous studies [17] have assumed that responses to be sta-
tistically independent which allows for calculating the effect of
uncertainty from closed-form expressions rather than computer
simulations. However, if the considered locations are overlap-
ping and the statistically independent internal noise does not
dominate the external noise, this assumption is not likely. Thus,
in the present paper we calculated the effect of uncertainty by
using Monte Carlo simulations. The decision variable on each
trial was calculated as follows:

(9)

where is the image data at the th location with the spatial
locations. We shifted the pixel in which the template was cen-
tered on prior to the dot product to implement the location un-
certainty. Fig. 2 (right) illustrates an example where the known
center of the signal is at location 13 (a 5 5 uncertainty area,
0.3010 degree of visual angle horizontally and vertically as-
suming a viewing distance of 400 mm) The model’s decision
variable for this location was calculated as the maximum of the
25 responses corresponding to different alignments of the model
template and the image data.

3) Inclusion of the Excitatory (E) Nonlinearity Into the
Linear Channelized Hotelling Observer: Excitatory nonlin-
earity refers to the accelerating response of channels to the
visual input typically implemented with an exponent and used

Fig. 2. Intrinsic spatial uncertainty implemented by obtaining the dot product
of the model template and the image data with different spatial alignments.
Shaded areas indicate the uncertainty areas represented by the image pixels
aligned with the center of the template. Left: No location uncertainty. Right:
Spatial uncertainty: template is centered at 25 different possible locations.

to model neuronal response. This section incorporates an ex-
citatory nonlinearity in the CHO model. In the excitatory (E)
path, the response undergoes a power-law nonlinearity with an
exponent of

(10)

where represents the channel response, i.e., the dot product
of channel with the data. In the model by Foley [20], is
typically a value between 2 and 3, while in Teo–Heeger’s model
[21] it has a constant value of 2. In Watson and Solomon [22],
the nonlinearity is applied to the unsigned response magnitude,
to which the sign is then reattached. In our implementation, we
selected to use Watson and Solomon’s scheme but with different
parameters.

Following the standard CHO scheme, channel weights for
this model are estimated as

(11)

The vector is estimated as the mean of powered
signal plus backgrounds seen through the channels. The vector

is estimated as the mean of powered backgrounds
alone seen through the channels. is the covariance of the

powered output of the channels to the images. The decision
variable for each location is obtained as

(12)

where is the pow-
ered channel response of the data. The optimality of the weights
depends on whether the channel response distributions (across
images) are Gaussian after the nonlinearity. This is most likely
not true. For a consistent comparison of linear and nonlinear
combination rules, we use the same weighted linear sum of
channel outputs for both linear and nonlinear observers. For the
nonlinear models, the nonlinearity was contained in the channel
output.
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4) Inclusion of the Excitatory and Inhibitory (EI) Non-
linearity Into the Linear Channelized Hotelling Observer:
Inhibitory nonlinearity refers to the suppressive response of
channels to the visual input. This model incorporates an ex-
citatory nonlinearity that is divisively inhibited by a pool of
responses from other neurons/channels [20]–[22]. Divisive
inhibition has been considered an essential feature to describe
the characteristic of human striate cortical neurons. In Teo
and Heeger’s implementation [21], which is based on a direct
model of neural cell responses [25], pooling is limited to the
orientation only. The model presented by Watson and Solomon
[22] allows for an easy integration of many kinds of channel
interactions and spatial pooling.

The excitatory and inhibitory (EI) nonlinearity is expressed
as

(13)

where represents the excitatory nonlin-
earity, represents the inhibitory nonlinearity,

represents the pooling in the inhibitory
path, and is a positive constant which defines the saturation
point and also prevents division by zero. The standard deviation
of the convolution kernel , is also a parameter to be
evaluated. The excitatory term in the numerator consists of a
simple power-law nonlinearity with exponent . The inhibitory
term in the denominator controls the gain of the excitatory
path. It also includes a nonlinearity with a different exponent .
Responses are pooled over different channels in the inhibitory
term through convolution with a Gaussian pooling kernel. We
used the Watson and Solomon [22] model because it applied
image based Gabor channels and thus made it particularly
appropriate to our version of the channelized Hotelling model
that also uses Gabor channels. Other models such as Daly’s
scheme used Mesa filters [24]. The Foley [20] model was not
image based but started with the responses of channels.

In this study, we divided 80 channel responses into two
groups according to the phase. Thus, in each group we had five
spatial frequencies and eight orientations. The scalar responses
of each group can be represented by a 5 8 channel response
matrix. To achieve the inhibition across similar orientations,
we used the circular convolution for orientation, in which the
borders of the two operands are implicitly connected at their
edges. The output of the inhibitory stage has the same dimen-
sions as that of the excitatory stage. The pooling operation in
the inhibitory path linearly combines signals over the frequency
and orientation. After pooling, we obtained the postexcitatory
inhibitory responses through a divisive operation.

The vector of weights for the individual channels is then
estimated by

(14)

The responses undergo an EI nonlinearity. The vector
is estimated as the mean of EI signal plus back-

grounds filtered by the channels. The vector is
estimated as the mean of EI backgrounds filtered by the
channels. The term represents the covariance of the EI
output of the channels to the images. The decision variable is
calculated through

(15)

where is the th EI channel response of the data.

C. Decision Rule and Performance Calculations

1) Proportion Correct: The most general way to compute
model observer performance in an MAFC task is to calculate
the probability of a correct outcome on each trial. A correct out-
come occurs when the th decision variable to the signal loca-
tion exceeds the maximum decision variable to the noise only
locations. One obtains an estimate of this probability from sam-
ples by calculating the decision variable for different locations
and tallying the proportion of trials where the model correctly
identifies the signal location. This can be mathematically ex-
pressed as

step

if
if

(16)

where is the total number of trials, is the decision vari-
able on trial to the th signal present location, is the de-
cision variable on trial to the th signal absent locations, and
the max(g) function takes the maximum among the de-
cision variables to the noise locations.

2) Index of Detectability From Decision Variable: In many
tasks, the signal appears in one of orthogonal locations
where each location is within an independent background
sample. Thus, the decision variable can be assumed to be
statistically independent across all possible signal locations.
Another common assumption is that the template responses
obey Gaussian distributions. Under these assumptions, one can
represent the model observer responses to the signal location
and to the background only locations as being sampled from
two univariate Gaussian distributions. Performance can then
be defined in terms of the distance in standard-deviation units
between the signal-plus-background and the background-only
distribution. This metric is known as the index of detectability
[47]

(17)

where is the mean model response to the signal plus back-
ground locations, is the mean model response to the back-
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ground only locations. For the equal variance case,
where is the standard deviation for the signal present

location, and is the standard deviation of the noise only lo-
cations. For the unequal variance scenario, the denominator in
(17) is expressed as . Assuming
Gaussian independent decision variable for each location and
equal variance for the signal plus background and background
only distributions, a proportion correct measure of performance
can be obtained from using the following relationship [48]:

(18)

where , is the cumulative
Gaussian distribution function, , and is
the number of possible signal locations in the experiment. An
index of detectability can be calculated from proportion correct
using a precalculated table from (18). In the following, we refer
to the index of detectability transformed from proportion cor-
rect as to differentiate it from the index of detectability
calculated from the decision variable [(17): ]. When the deci-
sion variables are indeed Gaussian distributed, equal variance,
and independent, the index of detectability calculated from
the decision variable will be equal to that calculated from
transformations of [via a table created with (18)], .
However, when the model responses depart from Gaussian and
independent these equalities will fail. The assumptions need
to be verified when the backgrounds are samples from real
medical images. However, when the observer responses are
non-Gaussian, [from by (18)] is an acceptable figure
of merit and similar to the monotonic transformation of area
under the receive operating characteristic (ROC) curve to .

III. METHODS

A. Preparation of the Test Image

Test images were created by using clinical medical image
backgrounds with computer-generated signals inserted. The use
of real backgrounds gave the images a realism that was diffi-
cult to achieve with computer simulations. These clinical dig-
ital coronary angiographic backgrounds were acquired at 30
frames/s with a 7-in image intensifier field size (Advantx/DXC,
General Electric Medical Systems) and digitized with a linear
analog amplification achieve a 512 512 pixel matrix. The
procedure to create the simulated artery attempted to mimic the
X-ray coronary angiograms generation process [49]. The sim-
ulated arteries were obtained by tracing the contours of a real
artery, and generating 3-D right circular cylinders with varying
diameters (see Appendix for the details about the simulated
artery model). Signals were projected ellipsoids with the ver-
tical axis ranging from 3 to 25 pixels (0.128–1.067 degrees of
visual angle) and the horizontal axis ranging from 3 to 10 pixels
(0.128–0.422 degrees of visual angle). This resulted in a total of
184 possible signals. The choice of 184 signals was arbitrary to
reflect some variability for signal size/shape within ranges of re-
alistic filling defect sizes. Four simulated arteries were created

and projected 64 pixels apart in width and 100 pixels in height
as a group into 512 512 pixel real patient digital X-ray coro-
nary angiogram backgrounds. A total of 541 backgrounds were
extracted from 50 different image sequences of 17 different pa-
tients. A signal was randomly inserted into one of the four sim-
ulated artery segments. Then we compressed/uncompressed the
512 512 images and extracted 256 256 images centered
around each group of inserted arteries from the 512 512 im-
ages. The final test set consisted of a total of 900 256 256
pixel images. All signals had the same peak contrast. The av-
erage signal contrast calculated from all of the 900 test images
was 0.17.

B. Human Psychophysical Study

A human psychophysical study was conducted to compare
the CHO performance with human observer performance for
an SKEV task. For each studied compression algorithm (JPEG,
JPEG 2000) and each JPEG 2000 encoder setting (default, op-
timal), we conducted the experiment at five compression ratios
7:1, 10:1, 15:1, 20:1, and 30:1. We also included the uncom-
pressed condition (compression ratio 1:1) in the experiment.

The display equipment used was M17LMAX monochrome
monitor with a maximum resolution of 1664 1280 pixels
(Image Systems, Minnetonka, MN). Before each experiment
session, the monitor was calibrated according to the Digital
Imaging and Communications in Medicine (DICOM) stan-
dard. The observer’s task was to select the location where s/he
thought the signal appeared from four possible locations. Ex-
periments were conducted in a darkened room with a viewing
distance of 400 mm. On each trial, an image was randomly
sampled from the 900 test image database and displayed. A
higher-contrast copy of the signal was shown at the bottom of
the test image to inform the observer about the size and shape
of the signal. There was no time restriction for the observer
to make a decision. Observers were given feedback about
their decisions (correct/incorrect). An experimental session
consisted of 100 trials and lasted approximately 10 min. All
observers participated in a training session. In the training
stage, we used five sessions of 100 trials with images selected
from the uncompressed condition and five sessions with images
randomly selected from the compressed condition (1000 trials
in total). After training, each observer ran nine sessions per
compression condition and thus had a total of 900 trials per
experimental condition. Human performance was measured
by calculating the proportion of trials in which the observer
correctly localized the signal. An index of detectability
was then transformed from by (18).

IV. RESULTS

A. Variability in Model Observer Performance Due to Case
Selection

Model observer performance data has uncertainties from the
following two components: 1) the particular training set of im-
ages used to fix the model parameters; 2) the test set of images
used to determine the model observer’s performance. We used
bootstrapping [50] procedures to determine the variability in the

4http://medical.nema.org/
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TABLE I
AVERAGED BEST FITTED � ACROSS 11 COMPRESSION CONDITIONS AND FOUR SIGNALS

Fig. 3. CHO model observer performance with error bars for JPEG 2000. Error
bars were calculated from ten samples of boot strapping resampled training set
and test set.

Fig. 4. Different pdfs defined by (19) for different values of �.

model data from these two contributions [51]. The bootstrap re-
sampling method was used to create both the training set for the
calculation of model observer templates and the test set for the
calculation of the model performance. We created 10 resample
sets for the test. The variability in the models’ performance
ranged (across compression) from 0.007 to 0.017 for the linear
model, from 0.009 to 0.017 for the excitatory model, and from
0.008 to 0.040 for the excitatory and inhibitory model. Parame-
ters used for the nonlinearity are the same as those used in Sec-
tion IV-B for the evaluation of statistical properties of the deci-
sion variable. Error bars in Fig. 3 are the standard errors of the
mean across ten bootstrap resample groups. We will not show
error bars for model observer performance in the following re-
sults because error bars are much smaller than graph symbols.

B. Statistical Properties of the Decision Variable

Prior to presenting the results on the effect of compression
we investigated the statistical properties of the decision variable
to determine whether using of via calculation of the mean
and standard deviation of the decision variable (17) is inappro-
priate due to either unequal variance, departures from normality,
and/or response correlations. In this section for simplicity, in all
of the experiment we use the combinations of (excitatory) and

(inhibitory) parameters: , , . [ , ,
, and are the parameters expressed in (10) and (13)].

1) Equal Variance Assumption for Signal Plus Background
and Background Only Decision Variables: First we tested
whether the standard deviations of the model’s decision vari-
able are the same for the signal-present (signal plus background)
and background only locations. We used four signals randomly
selected from the 184 signal pool and evaluated 11 compression
conditions of the JPEG 2000 algorithm. For each studied signal,
the test set used for calculating the signal-present locations in-
cluded 400 samples. The background only location set included
2700 samples. The average ratios of across four
signals and 11 compression conditions were 0.4303 0.0630
for the linear model, 0.4454 0.0703 for the excitatory model
and 23.88 10.2902 for the excitatory and inhibitory model.
The ratios were significantly different from 1 and
thus suggest that the equal variance assumption is violated.

2) Normality of Decision Variable Distributions: To verity
whether the template responses were normal (Gaussian) dis-
tributed, we fitted the probability distribution function (pdf)
given by

(19)

where is a normalizing parameter and defines the shape of
the distribution. For , the equation reduces to the usual
Gaussian distribution. Values of smaller than 2 result in a pdf
that is more spread than the Gaussian and values of greater
than 2 result in a pdf that is more compact than the Gaussian, as
shown in Fig. 4. Table I shows the best-fit values to the dis-
tribution of decision variables for signal plus background and
background only locations for all three models. All of the dis-
tributions are more compact than the Gaussian . The
distribution that is closest in shape to Gaussian is the decision
variable for background only locations under the linear model.

3) Interlocation Decision Variable Correlations: Finally, we
examined whether the decision variable across locations was
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TABLE II
STATISTICS OF THE CORRELATION COEFFICIENTS ACROSS 11 COMPRESSION

CONDITIONS AND SIX SIGNALS

correlated for different models. The noise response is the re-
sponse obtained from the backgrounds only locations. We sep-
arated the models’ noise responses obtained from the four pos-
sible locations as N1, N2, N3, and N4. We then calculated the
correlation coefficients between (N1, N2), (N1, N3), (N1, N4),
(N2, N3), (N2, N4), and (N3, N4). The following statistics on the
interlocation correlation of the decision variable were obtained
from 396 samples (6 signals 11 compression conditions 6
combinations). Data in Table II show that the noise responses
from the four possible signal locations are weakly correlated
and the nonlinearity does not change the correlation coefficient
dramatically.

In summary, although the decision variable correlations
across locations are not significantly different than zero, the
decision variable’s equal variance and normal distribution
assumptions are violated. To evaluate the impact of these
departures from the equal variance and normality on the figure
of merit to calculate the index of detectability, we randomly
selected 12 signals and generated a set of 900 test images for
each signal. We then calculated the model observer detectability
using (17) with nonequal variance and (18) . If the
decision variables were indeed Gaussian and equal variance
then the two figures of merit would result in the same number
and their ratio would be unity. The average ratios
of for our test images across 12 signals were 0.98

0.04 for the linear model, 1.40 0.07 for the excitatory
model and 3.96 3.22 for the excitatory and inhibitory model.
Thus, the results indicate that it is inappropriate to estimate
performance using the index of detectability based on means
and a single standard deviation of the response variable for
the present anatomic backgrounds and/or model nonlinearities.
In the following sections, the performance was measured by

which was calculated from [via a precalculated table
using (18)].

C. Effect of Front End (Optics) Using Gray Level, Luminance
and Contrast

The original images were expressed in gray values ranging
from 0 (black) to 255 (white). We transformed the digital gray
values of the input images to luminance based on the nonlinear
relationship of the display described by the Digital Imaging and
Communications in Medicine standard (DICOM). However,
the human visual system’s sensitivity to variation in luminance

5http://medical.nema.org/

depends on the local mean luminance, so we also used the con-
trast rather than absolute values of luminance. Local contrast

at point is defined as

(20)

is the luminance value and is the mean luminance
calculated from the 92 92 pixel local region (which is the spa-
tial extent of the largest Gabor) centered at the possible signal lo-
cation. Conversion to local contrast is also a nonlinear transfor-
mation due to the inhomogeneity of the local luminance values
of the X-ray coronary backgrounds. Fig. 5 shows the CHO per-
formance obtained with and without the optics preprocessing
for both the JPEG and JPEG 2000 compression algorithms at
compression ratios 1:1, 7:1, 10:1, 15:1, 20:1, and 30:1. The left
graph is the performance of the CHO model using images rep-
resented in gray values. The middle graph is the model’s perfor-
mance using luminance. The right graph is the performance ob-
tained using images expressed in contrast (20). The curves with
solid markers refer to the performance without front end optics
(L) and the curves with empty markers refer to the performance
after inclusion of the front end optics component (OL). Results
show that the performance rank order of different compression
algorithms is the same for all three different input image units
(gray value, luminance, and contrast): JPEG (triangles) results
in higher performance than JPEG 2000 (squares). In addition,
results also show that including the optics front end into the
model produces small changes on model observer performance
for our display conditions (i.e., viewing distance). The max-
imum performance difference is 1.5%. In the following sections,
model observer results were obtained using images transformed
to contrast and including the front end optics.

D. Location Uncertainty

Fig. 6 shows the effect of location uncertainty on model
observer performance. We introduced the location uncertainty
by calculating the model observer response using (9) with the
alignment of center of the template and image data shifted
around a local area. The size of the local uncertainty area (in
pixels) varied from 1 1 (perfect registration between the
template and the correct signal location without uncertainty),
3 3, 5 5, 7 7, to 9 9. These areas correspond to
0.0430, 0.1290, 0.2150, 0.3010, and 0.3869 degrees of visual
angle (for 40 cm viewing distance) horizontally and vertically.
Fig. 6 shows that the model observer (linear CHO) performance
decreases with the increase of the uncertainty area for JPEG
2000 (J2k) compression algorithm with default encoder setting.
However, the rank order of the performance with regard to
compression ratios is preserved across levels of location un-
certainty: the performance decreases while compression ratio
increases. JPEG algorithm shows the same trend as JPEG 2000,
so we only presented the results with JPEG 2000.

E. Excitatory Nonlinearity With Different Parameters

Fig. 7 shows the CHO model performance with the excita-
tory nonlinearity for JPEG 2000 compression algorithm with
power-law parameters: , 2.5, 3, and 3.5. The performance
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Fig. 5. Linear CHO performance as a function of compression ratio before (solid symbols, L) and after the “optics” (empty symbols, OL) for both the JPEG and
JPEG 2000. Left: Performance obtained from gray-value. Middle: Performance obtained from luminance. Right: Performance obtained from local contrast.

Fig. 6. Location uncertainty results. CHO model observer performance as a
function of compression ratios (JPEG2000) with the model observer’s template
shifted around areas of 1 � 1, 3 � 3, 5 � 5, 7 � 7, and 9 � 9 pixels.

Fig. 7. CHO model performance with different excitatory parameters using
JPEG 2000 as a function of compression ratio for different excitatory param-
eters, p = 2, 2.5, 3, 3.5.

slowly decreases with the increasing value of . The perfor-
mance rank order with regard to compression ratios remains
unchanged after inclusion of the excitatory nonlinearity into the
channel mechanism. Fig. 7 shows that the absolute performance
of excitatory model observer is lower than that of the linear
model observer (see right graph of Fig. 5 for comparison).

Fig. 8. CHO model performance as a function of JPEG 2000 compression ra-
tios. Inhibitory component with constant q = 2, different p. p = 2, 2.5, 3, and
3.5.

F. Inhibitory Nonlinearity With Different Parameters

As shown in (13), the model parameters and control the
slopes of the accelerating and compressive (decelerating) parts
of the nonlinearity, typically and [52]. The satura-
tion constant is added to prevent division by zero. In Teo and
Heeger’s implementation [21], the exponents of both the exci-
tatory and inhibitory nonlinearity are fixed at so as
to be able to work with local energy measurements. In the fol-
lowing section, we extensively investigate the influence of dif-
ferent excitatory and inhibitory parameters on the channelized
Hotelling model observer performance.

1) Excitatory and Inhibitory Parameters: , : First, we fixed
the saturation constant , convolution kernel standard
deviation , and while letting vary from 2 to
3.5. Results in Fig. 8 show that performance varies little with the
different values of for JPEG 2000 algorithm. We also tested
the following relationships of (excitatory) and (inhibitory)
with parameters: , , , and . Results
in Fig. 9 show that there is little difference among these three
groups of parameters. Comparisons to Fig. 5 (right) show that
the linear model observer outperforms the models with excita-
tory plus inhibitory nonlinear components.

2) Saturation Constant : The saturation constant [see (13)]
controls the deceleration of the model response. Smaller sat-
uration constant values make the model response more com-
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Fig. 9. CHO model performance as a function of JPEG 2000 compression ra-
tios. Inhibitory component with constant p = 3. q = 0:6p, q = 0:8p, q = p.

Fig. 10. Saturation constant (JPEG 2000) with p = q = 2, and � = 0:8.
Left graph: CHO performance as a function of compression ratio for different
saturation constant values. Right graph: CHO performance as a function of sat-
uration constant values (in log scale) for different compression ratios.

pressive. Fig. 10 (left) shows that the model observer perfor-
mance increases with the increasing of the saturation constant
(ranging from 0.001 to 1000). The right graph of Fig. 10 shows
the model observer performance at different compression ratios
as a function of saturation constant (log scale). For our spe-
cific test, model observer performance saturated when the sat-
uration constant was 10 or larger for the following parameters:

, and .
3) Inhibitory Convolution Kernel Size: Convolution kernel

size determines the bandwidth of the inhibitory mechanism. We
varied the convolution parameter [see (13)] from 0.4 to 1.2.
The left graph of Fig. 11 shows that the model performance
did not vary greatly with the variation of convolution param-
eter . We also implemented inhibitory pooling only across
orientations (without the frequency pooling). The right graph
of Fig. 11 shows the model observer performance with orienta-
tion inhibition only. For the tested three groups of parameters
( , ; , ; , ), the CHO
performance resulted in small differences.

G. Human Observer Results

1) Nonlinear Model Observer Performance versus Human
Observer Performance: In this section, we compare the model

Fig. 11. Left: Inhibitory with different convolution Gaussian kernel standard
deviations (� varies from 0.4 to 1.2). Right: Inhibitory on orientation only
with parameters p = 2, q = 0:6p, q = 0:8p, and q = p.

observer performance with the average human observer (AO)
performance. The average human observer performance was ob-
tained from four observers. Error bars in figures are the standard
error of the mean across nine experimental sessions. The left
column of Fig. 12 gives the comparison between two different
algorithms JPEG and JPEG 2000 and the right column presents
the comparison between two different encoder settings of JPEG
2000: default and optimal [8]. The first two rows show the CHO
performance with divisive inhibitory nonlinearity with two sets
of nonlinear parameters: 1) , , and ;
2) , , , and . The model observer
performance correctly predicts the human observer performance
rank order for two different compression algorithms: JPEG over
JPEG 2000, and two different JPEG 2000 encoder settings: op-
timized over default. In addition, with the second group of pa-
rameters (the right graph on second row), the model observer
performance approximated very well the human observer per-
formance for the different encoder settings of JPEG 2000. The
third row presents the CHO model performance with excitatory
nonlinearity . The fourth row shows the linear CHO
performance. Again, the linear CHO performance predicts the
human performance rank order very well although the absolute
value of the model observer performance is higher than the ab-
solute performance of averaged human observer. Typically in-
ternal noise is used to degrade linear models to the performance
levels of human observers [6], [17], [53].

2) Nonlinearity versus Internal Noise: Fig. 13 compares two
CHO models with different sources of inefficiency [nonlineari-
ties (NL) versus internal noise [54] (IN)] to human performance.
Here, internal noise was implemented by adding a random in-
ternal noise term to the scalar decision variables with the in-
ternal noise’s standard deviation proportional to the decision
variable’s standard deviation [7], [54]. The proportionality con-
stant was iteratively adjusted to match model and human per-
formance at the uncompressed condition. The selected propor-
tionality constant was then used to add internal noise to the
model observer’s performance at all compression conditions.
For the default JPEG 2000 encoder setting, the mean square er-
rors between the performance predicted by the model and the
average human observer were 0.18 and 0.29 for the NL model
and IN model respectively. For the optimized JPEG 2000 en-
coder setting, the corresponding mean square errors were 0.07
(NL model) and 0.14 (IN model).
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Fig. 12. Model and average human observer (AO) performance comparison.
Left column: JPEG versus JPEG 2000 (J2k). Right column: JPEG 2000 default
(J2k) versus optimal (J2k opt). First row: Excitatory inhibitory (EI) nonlinearity
with parameter p = q = 2, b = 0:5, � = 0:8. Second row: EI nonlinearity
with parameter p = 2, q = 1:8, b = 0:5, � = 0:8. Third row: Excitatory
with p = 2. Fourth row: Linear model observer performance.

V. SUMMARY AND DISCUSSION

A. Linear versus Nonlinear Models

Although linear model observers have been successfully used
to predict visual detection and discrimination in noisy back-
grounds, it has been correctly argued that they fall short of a
complete account of early vision. Teo and Heeger [21] pointed
out that one major problem with the linear model is the fact that
V1 cell responses saturate at high contrast [55]. Moreover, a typ-
ical V1 neuron responds vigorously to its preferred orientation
but not at all to the perpendicular orientation. According to the
linear model, the response to the superimposed pair of stimuli

Fig. 13. Nonlinearity (NL) and internal noise (IN): JPEG 2000 (J2k) default
and optimized (J2K_opt). Dotted line is the average human observer perfor-
mance. Solid line with triangle symbols is the performance of model observer
with internal noise. Solid line with square symbols is the model observer per-
formance with nonlinearity (p = 2, q = 0:8p, b = 0:5, and � = 0:8).

(preferred signal plus high-contrast perpendicular mask) should
equal the response to the preferred stimulus presented alone. In
fact, the response to the superimposed pair is about half that
predicted [56], a phenomenon known as cross-orientation in-
hibition. In addition, the linear models fail to predict degra-
dation in human performance in the presence of deterministic
masks. On the other hand, many of the nonlinear models pro-
posed to predict detection in one of two identical backgrounds
(or masks [20]–[22]) are incapable of achieving performance
levels comparable to humans in detection in noise tasks be-
cause they lack decision rules that make use of knowledge about
the signal and the noise. It has been suggested previously that
in order to account for both literatures models should include
both nonlinear components and decision rules that make use of
knowledge about the signal and noise [57], [58]. It seems plau-
sible that to account for both sets of experiments (deterministic
masking and noise masking), models along those proposed in
Fig. 1 including both nonlinearities and decision strategies that
make use of the properties of the signal and noise are needed.

However, the scope of the current paper was narrower. We
investigated how the inclusion of nonlinearities affected perfor-
mance in the CHO model for detection in noise. Table III sum-
marizes the parameters we studied and their effect on the model
observer performance. We use the symbol “ ” to denote up, “ ”
to denote down, and “ ” to denote up and down.

The nonlinear response operator raises the excitatory input
to a power, and divides it by the inhibitory input plus a constant
to produce the response. The decision variable is computed by
combining the difference in response to signal-plus-background
and background alone across the three nonlinear operators [59].
We found that the CHO model performance degraded once the
nonlinear components are included. This lower performance
might be related to the fact that the distribution of decision
variable departs greatly from the equal variance Gaussian as-
sumption after the nonlinearity making suboptimal the method
to derive the optimal weights from mean and a single covari-
ance which assumes equal variance. Aside from the overall
performance degradation with the inclusion of the nonlinear
stages, our results showed that for the present task, both the
simpler linear and nonlinear models seem to capture how
human performance varied across and within compression
schemes. Furthermore, from a practical point of view the
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TABLE III
SUMMARY OF THE EFFECT OF THE PARAMETERS INVESTIGATED ON PERFORMANCE

decision about which compression scheme (JPEG versus JPEG
2000) preserves task performance the best would not be altered
if one used the fully linear model or any of the nonlinear
models investigated. This suggests that, for our image set, the
nonlinearity components of the model were not a major factor.
A possible future aim could be to investigate other nonlinear
methods to combine the channel outputs after the nonlinear
stages.

In addition, we also investigated whether including a
front-end in the CHO model reflecting some of the early limi-
tations in visual processing due to optics and receptor sampling
[32] affected model performance. Previous work had included
a front-end in the CHO model but did not investigate whether
its presence had an effect on model performance [31]. Our
result showed that for the viewing distances and signal sizes
used in the present study, inclusion of the front-end results in
very small differences in the CHO model performance. Note
also that the models were able to predict the psychophysical
data independent of whether the input image to the model was
expressed in gray level, luminance, or contrast.

B. Degrading Model Performance for Comparison to Human
Performance: Internal Noise versus Nonlinearity

Linear model observers typically outperform humans. Be-
cause researchers are interested in directly comparing model
observer with human performance, internal noise is typically
used [6], [17], [53] with model observers to degrade the model’s
performance to levels comparable to humans. Our previous re-
sults [8] illustrated that the inclusion of internal noise did not
change the rank order conclusions about the compression condi-
tions/algorithms. The present results showed that nonlinearities
investigated in the present work might also be used to degrade
model observer performance to levels comparable to human ob-
servers. Furthermore, our results indicated that the channelized
Hotelling with a number of nonlinear components was a slightly
better predictor of human performance than the addition of in-
ternal noise (Fig. 13).

C. Measures of Model Performance

Under the assumption that the model response is Gaussian
distributed and the standard deviation of the model responses
is assumed to be the same for signal-present background and

background only locations, respectively, model observer perfor-
mance can be calculated directly in terms of mean and stan-
dard deviation of the decision variable [ , (17)]. Mean and
standard deviation of the decision variable can be calculated
through Monte Carlo simulations (i.e., this paper) or through
analytic propagation methods [19], [48]. In contrast, proportion
correct can be directly calculated from model observer per-
formance based on the template responses without making any
assumptions about equal variance and/or response correlations.
For the X-ray coronary backgrounds in our study, results showed
that the Gaussian equal variance decision variable assumption
was violated. Furthermore, the unequal variance increased with
the presence of the nonlinearities. In addition, the Gaussian de-
cision variable assumption also fails. On the other hand, the
decision variable correlations across locations were not signif-
icantly different than zero. Together, the results emphasize the
inadequacy of estimating performance using the index of de-
tectability based on means and a single standard deviation of the
response variable in the presence of some nonsimulated back-
grounds and/or model nonlinearities.

VI. CONCLUSION

We investigated the effect of the inclusion of an optics prepro-
cessing stage, location uncertainty, nonlinear excitatory trans-
ducer, and divisive channel inhibition into the CHO on perfor-
mance of detecting a variable signal embedded in X-ray angio-
graphic backgrounds as a function of image compression ratios.
Our results showed that for the task and images investigated, the
simpler linear CHO model observer resulted in higher absolute
detection performance than the nonlinear CHO model. Inclu-
sion of the optics and/or nonlinear components did not change
the rank order of model performance for two compression al-
gorithms: JPEG always rendered higher performance than the
JPEG 2000 algorithm for compression ratios less than 15:1, and
for two JPEG 2000 encoder settings: the optimized encoder set-
ting outperformed the default one. The results might suggest
that the inclusion of the location uncertainty and the addition
of the physiologically based channel nonlinearity to a channel-
ized Hotelling add complexity to the model observers without
great impact on automated medical image evaluation. Together
these results might guide future researchers in deciding what
components to include in their model observers. However, fur-
ther research should test whether the current findings hold for
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other imaging modalities, tasks, and/or image processing algo-
rithms.

APPENDIX

A. Simulation of Arteries

Let image be composed of a primary component due
to the primary beam and a secondary component due
to scattered rays then .

is related to the incident rays and the densities of
the projected patient and contrast filled artery by

(A.1)

The simulated object is inserted so that the primary com-
ponent of the image needs to be attenuated by the density
of the simulated object ,

, where is the primary in-
cluding the simulated object. The density of the simulated
object is given by where is the attenuation
coefficient and is the thickness of the contrast filled
simulated object traversed by the X-rays as a function of the
image position. The process of embedding a simulated object
into a real angiographic image can be expressed by

(A.2)
where is the image after the simulated object is in-
serted. The secondary component can be approximated
according to [60]

(A.3)

where , and . The convolution kernel is
given by ,
where .

The reduction in the density of the artery due to the filling
defect is given by

(A.4)

where and are the locations of the center of the filling
defect, is the radius, and is a contrast factor.
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