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Filtered external noise has been an important tool in characterizing the spatial-frequency sensitivity of per-
ceptual templates. Typically, low-pass- and/or high-pass-filtered external noise is added to the signal stimu-
lus. Thresholds, the signal energy necessary to maintain given criterion performance levels, are measured as
functions of the spatial-frequency passband of the external noise. An observer model is postulated to segre-
gate the impact of the external noise and the internal noise. The spatial-frequency sensitivity of the percep-
tual template is determined by the relative impact exerted by external noise in each frequency band. The
perceptual template model (PTM) is a general observer model that provides an excellent account of human
performance in white external noise [Vision Res. 38, 1183 (1998); J. Opt. Soc. Am. A 16, 764 (1999)]. We fur-
ther develop the PTM for filtered external noise and apply it to derive the spatial-frequency sensitivity of per-
ceptual templates. © 2001 Optical Society of America

OCIS codes: 330.4060, 330.6110, 330.5510, 330.5000, 330.1880, 330.6100.
1. INTRODUCTION
What is the spatial-frequency sensitivity of perceptual
templates used by the visual system when we recognize
objects?

A. Channel Theory
Over 30 years of research in both neurophysiology and vi-
sual psychophysics has led to the view that the early vi-
sual system consists of spatial-frequency channels.1–10

Retinal images of objects are decomposed into spatial-
frequency components represented as channel activities.
Object recognition is based on the further processing of
this representation by later stages in the visual system.
Even though the channel architecture of the early visual
system is an important organizational principle in spatial
vision, it is concerned only with the early stages of visual
processing. Many important details have not been speci-
fied. For example, the relative weights of the visual
channels involved in performing complex object-
recognition tasks (e.g., the reading of alphanumerical
characters, face recognition) cannot be predicted directly
from the channel theory.

B. Existing Methods
Many methods have been developed to characterize
the spatial-frequency sensitivity of perceptual templates
involved in object recognition. One type of method
is based on interaction phenomena: summation at
threshold,2,5,11–15 visual masking,6,16–18 and selective
adaptation.19–22 A second type is based on visual dis-
crimination between stimuli that are at or near the
detection threshold.8,23–27 Another method is based on
0740-3232/2001/092041-13$15.00 ©
the analysis of the correlation between the noise samples
and human performance on a single-trial basis.28–30

Whereas most of these methods only offer qualitative an-
swers or have only been applied to simple visual tasks, vi-
sual masking and the correlation method have been the
most widely used quantitative methods. In this article,
we concentrate on the method that is based on a particu-
lar form of visual masking, i.e., masking by spatial-
frequency-filtered external noise. The aim is to estimate
the sensitivity of the observer to different spatial frequen-
cies in the stimulus.

C. Filtered Noise Masking
Filtered-external-noise masking experiments have been
widely used to reveal the spatial-frequency sensitivities of
perceptual templates involved in object recogni-
tion.6,17,31–48 The principle behind the filtered-external-
noise method is rather simple: Only noise energy at fre-
quencies inside the tuning of the perceptual template af-
fects performance, whereas noise energy outside the
tuning of the perceptual template does not affect perfor-
mance.

D. Role of Observer Models
If human performance were only limited by the external
noise, the spatial-frequency sensitivity of perceptual tem-
plates would be observed simply by measuring human
performance as a function of the spatial-frequency pass-
band of the filtered external noise. However, human per-
formance is also limited by internal noise, owing to intrin-
sic stimulus variability, receptor sampling errors, filter
location jitter, randomness of neural responses, and loss
of information during neural transmission.49 Thus it is
2001 Optical Society of America
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necessary to separate the contribution of external noise
from that of the internal noise by applying the filtered ex-
ternal noise method to quantitatively characterize the
spatial-frequency sensitivity of perceptual templates.
For the purpose of precise estimation, an accurate ob-
server model is necessary.

E. Perceptual Template Model
To our knowledge, the previous quantitative applica-
tions17,44,47,48 of the filtered-external-noise method were
based on a simple noisy linear amplification model (LAM),
an observer model consisting of a linear amplification
stage and an additive internal-noise source, whose ampli-
tude is independent of the input.50–53 However, it has
long been recognized that the simple LAM is an incom-
plete model of human performance.54,55 Recently several
alternative models56–59 have been proposed. These mod-
els provide better accounts of human performance in de-
tecting or identifying signals embedded in various ma-
nipulated amounts of white Gaussian external noise.
Although conceptually very different, these models also
have very similar mathematical properties and often pro-
vide equally good accounts of human performance.58

The perceptual template model (PTM)57–59 was re-
cently developed by us as an observer model at the overall
visual-system level. It is an elaborated version of the
simple LAM model with two additional components: a
nonlinear transducer function and a multiplicative noise
source whose amplitude depends on the energy in the in-
put. In the decision stage, as in the simple LAM model,
the PTM does not assume any decisional uncertainty for
tasks involving a single stimulus location and known
signals.56,60 This approach follows Burgess’s demonstra-
tion that identification performance made nearly ideal
use of matched filters,60 as well as the conclusion from a
direct comparison of the PTM and a simple LAM model
with decision uncertainty (the EAW model by Eckstein,
Ahumada, and Watson56).

The PTM provides at least as good of an account of a
range of data as uncertainty-based elaborations of LAM
approaches. We58 found that the mathematical proper-
ties of the nonlinear transducer functions in the PTM are
very similar to those of the uncertainty in the EAW model
over a large range of d8 levels. The PTM is preferred be-
cause: (1) Nonlinear transducer functions are a key com-
ponent of models in pattern masking.61,62 (2) The con-
cept of a nonlinear transducer function is consistent with
nonlinear properties of visual neurons.63 (3) In stimulus
identification by well-practiced observers, previous evi-
dence suggests that stimulus uncertainty does not appear
to play a major role.60 In a recent perceptual-learning
experiment studying Gabor orientation identification in
peripheral vision, Dosher and Lu59 demonstrated that the
threshold ratio between two d8 levels at all the external-
noise levels for each observer is constant across days,
even though the thresholds themselves were improved by
a factor of almost three. This indicates that any
hypothetical-uncertainty effects, counter to expectations,
were unchanged over substantial improvements in perfor-
mance. In contrast, it is reasonable to assume that non-
linear transducer functions (as in the PTM) may be unaf-
fected by practice. (4) To account for their data, EAW
had to vary the degree of uncertainty for different exter-
nal noise levels for the same observer in the same experi-
ment in nonsystematic ways. Furthermore, the EAW
model fits are essentially equivalent for a wide range of
values of uncertainty. (5) In accounting for the data in
Lu and Dosher,58 the best-fitting EAW models require a
fairly large number of hidden channels, in the range of 20
to 200. Current models of early visual systems specify
fewer visual channels.4,12,15,19,20,64–67

In the case of multiple external locations or of an in-
crease in the number of possible signals, the PTM would
require uncertainty extensions consistent with an ideal
observer.68 Previously, we58 rejected the simple LAM in
favor of the PTM in two-alternative forced-choice detec-
tion and identification tasks in which signal stimuli were
embedded in varying amounts of external noise. In this
paper, we extend our development of the PTM model to
derive the tuning characteristics of the perceptual tem-
plate in a two-interval forced-choice detection task in
which the signal stimulus is embedded in external noise
filtered in various ways. Again, we directly compare the
PTM and the LAM by using statistical testing procedures.
We demonstrate that the LAM provides not only a statis-
tically poorer account for the data, but also imprecise es-
timates of the spatial-frequency characteristics of the per-
ceptual template. This suggests a reinterpretation of
previous LAM-based estimates of the spatial-frequency
tuning of perceptual templates.

2. THEORY
This section describes the PTM. Accuracy of task perfor-
mance as measured by d8 is derived as a function of sig-
nal contrast c, the cutoff frequency (f cutoff

lowpass or f cutoff
highpass),

and the template function T(f ). In the experiment pre-
sented here, the perceptual task is detection, but the
model is quite general.

A. Perceptual Template Model
At the overall system level, the PTM57–59,72 has success-
fully characterized human behavior in detecting or iden-
tifying a signal embedded in random white Gaussian ex-
ternal noise. A PTM (see Fig. 1a) consists of five
components: (1) a perceptual template T(.); (2) a nonlin-
ear transducer function, which raises the absolute value
of the input to the gth power but retains the sign
@sgn(.)u.ug#; (3) a multiplicative internal noise source of
Gaussian distribution with mean zero and standard de-
viation proportional (with a factor Nmul) to the total
amount of energy in the output of the perceptual tem-
plate; (4) an additive internal-noise source, also of Gauss-
ian distribution, with mean zero and standard deviation
Nadd ; and (5) a decision process based on the noisy input
that, depending on the task,73 reflects either detection or
discrimination.

For applications to the spatial-frequency domain, the
perceptual template is assumed to be space–time
separable:74

T~ . ! 5 T~fx , fy , t ! 5 Ts~fx , fy!Tt~t !, (1)
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where fx ,fy are indexes of spatial frequencies. Without
losing generality, the spatial component of the perceptual
template is scaled such that:

E E Ts
2~fx , fy!dfxdfy 5 1.0. (2)

The nonlinear transducer function and the noise
sources in a PTM model may be characterized by system-
atically manipulating the amount (or contrast) of white
external noise in the stimulus and measuring the signal
contrast (threshold) required to reach certain criterion
performance levels (threshold versus contrast functions,
Fig. 1b). In fact, Lu and Dosher58 showed that TVC func-
tions at three different criterion levels are necessary to
fully characterize the nonlinearity and the multiplicative
noise in a PTM. Three criterion levels are also sufficient
to localize changes in the state of the observer to different
aspects of the PTM.59

The spatial-frequency sensitivity of the template in a
PTM may be characterized by systematically manipulat-
ing the spatial-frequency composition of the external
noise and measuring the signal contrast required to reach
certain criterion performance levels [threshold-versus-
frequency (TVF) functions, Fig. 2i]. This approach uses
noise filtering to specify the spatial-frequency character-
istics of the template and three criterion performance lev-

Fig. 1. a, Noisy PTM. There are five major components: (1) a
perceptual template, (2) nonlinear transducer functions, (3) a
multiplicative internal-noise source, (4) an additive internal-
noise source, and (5) a decision process. A good example of a
perceptual template is a spatial-frequency filter F(f ), with a cen-
ter frequency and a bandwidth such that a range of frequencies
adjacent to the center frequency pass through with smaller
gains. The nonlinear transducer function takes the form of an
expansive power function. Limitations of human observers are
modeled as equivalent internal noise. Multiplicative noise is an
independent noise source whose amplitude is proportional to the
(average) amplitude of the output from the perceptual template.
Additive internal noise is another noise source whose amplitude
does not vary with signal strength. Both multiplicative and ad-
ditive noise is added to the output from template matching, and
the noisy signal is the input to a task-appropriate decision pro-
cess. b, threshold versus contrast functions from a PTM model.
The signal contrast necessary to achieve different criteria (d8
5 1.0, 1.4, 2.0) is a function of the contrast of external noise.
els to specify the nonlinearity and the noise sources in the
PTM. This article develops the filtered-noise approach
within the PTM and provides an empirical application.

B. d8 Function

1. Signal and External Noise in the Input Stimulus
Both the signal (Figs. 2e and 2f ) and the external noise
(Figs. 2a–2d) in the input stimulus can be expressed as
functions of space and time or, equivalently, functions of
spatial frequency and time. In most applications, signal
in the stimulus image is space–time separable:

S~fx , fy , t ! 5 cSs~fx , fy!St~t !, (3)

Fig. 2. a, Two-dimensional low-pass spatial-frequency filters
with seven different passbands. b, two-dimensional high-pass
spatial-frequency filters with seven different passbands. c, ex-
amples of low-pass-filtered noise. From left to right, the ex-
amples resulted from filtering a white Gaussian noise image
through the seven filters in a. d, examples of high-pass-filtered
noise. From left to right, the examples result from filtering
white Gaussian noise images through the seven filters in b. e, a
Gabor template in real space. f, the spatial-frequency power spec-
trum of the Gabor template in e. g, the gain (amplification factor
applied to each spatial frequency) of the template in e as a func-
tion of spatial-frequency (distance from the origin in f). h, the
amount of noise energy passed through the perceptual template
in e, f, and g as a function of the passband of the low-pass filters
(increasing with cutoff frequency) in a and the passband of the
high-pass filters (decreasing with cutoff frequency) in b. i, the
predicted contrast thresholds as functions of the passband of low-
pass filters (increasing with cutoff frequency) in a and the pass-
band of the high-pass filters (decreasing with cutoff frequency) in
b at three performance levels for a perceptual template model
with its template described in e, f, and g.
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where c is the contrast of the signal, St(t) is the time
course of the signal stimulus, Ss(fx , fy) is the Fourier
transformation of the signal. ** uSs(fx , fy)u2dfxdfy
5 1.0 because Ss(x, y) is normalized. This normaliza-
tion allows the definition of an effective contrast c.

For space–time-separable filtered Gaussian external
noise, the external noise in the stimulus image is:

Next~fx , fy , t ! 5 Next,s~fx , fy!Next,t~t !

5 sextG~fx , fy!F~fx , fy!Next,t~t !, (4)

where sext is the standard deviation of the Gaussian ex-
ternal noise before filtering. G(fx , fy) is the Fourier
transformation of an image whose pixel contrasts are
identically distributed, independent standard Gaussian
random variables. Therefore at every point
(fx , fy), G(fx , fy) is a complex number whose real and
imaginary parts are both identically distributed, indepen-
dent Gaussian random variables. The expected value of
uG(fx , fy)u2 is 1.0. F(fx , fy) is the filter applied to the ex-
ternal noise by the experimenter. Next,t(t) is the time
course of the external noise. In the following application,
sext , which determines the unfiltered external noise con-
trast, will be a constant.

2. Template Matching
The signal in the stimulus is processed through the per-
ceptual template to yield a template response to the
(space–time separable) signal stimulus S1 :

S1 5 E E E T~fx , fy , t !S~fx , fy , t !dfxdfydt

5 cE E Ts~fx , fy!Ss~fx , fy!dfxdfyE Tt~t !St~t !dt.

(5)

Let f 5 (fx
2 1 fy

2)1/2, let Ts(f ) be the average gain of the
template at radius f and let Ss(f ) be the average magni-
tude of the stimulus at radius f. Then, under certain
conditions,75 the output of the template to the stimulus is

S1 ' 2pcE Ts~f !Ss~f !fdfE Tt~t !St~t !dt. (6)

The (space–time separable) external noise in the
stimulus is also processed through the perceptual tem-
plate:

N1 5 E E E T~fx , fy , t !Next~fx , fy , t !dfxdfydt

5 E E Ts~fx , fy!Next,s~fx , fy!dfxdfyE Tt~t !Next,t~t !dt

5 sextE Ts~fx , fy!G~fx , fy!F~fx , fy!dfxdfy

3 E Tt~t !Next,t~t !dt. (7)

Because G(fx , fy) is made of identically distributed, inde-
pendent standard Gaussian random variables, the ex-
pected value of N1 is 0. The variance of N1 is the sum of
the variance at every point in the Fourier space:
sN1

2 5 sext
2 E E Ts

2~fx , fy!F2~fx , fy!dfxdfy

3 F E Tt~t !Next,t~t !dt G2

. (8a)

If we define f 5 (fx
2 1 fy

2)1/2, Ts(f ) as the average gain
of the template at radius f, and F(f ) as the amplitude of
the external noise at radial frequency f, we can express
sN1

2 in the polar-coordinate system. The variance of N1

is under certain circumstances:76

sN1

2 ' 2psext
2 E Ts

2~f !F2~f !fdf F E Tt~t !Next,t~t !dt G2

.

(8b)
Because experimentally S1 and sN1

can only be known
to a constant, without losing generality, we set:

a 5 2pE Tt~t !St~t !dt, (9a)

2pF E Tt~t !Next,t~t !dt G2

5 1.0. (9b)

Thus

S1 5 acE Ts~f !Ss~f !fdf, (10a)

sN1

2 5 sext
2 E Ts

2~f !F2~f !fdf. (11)

In the application described here, both low-pass and
high-pass ideal filters were used in the generation of fil-
tered external noise. The low-pass and high-pass filters
can be described by using step functions Ai(f ) (i
5 1, 2 ,..., N) defined on consecutive, concentric annular
regions starting from the center of the Fourier space (dc),
where for each step function, the points on the annulus
map into 1.0, and the points outside the annulus map into
0. An ideal low-pass filter (Fig. 2c) can be described as

Fi
lowpass~f ! 5 (

j51

i

Ai~f !. (12)

An ideal high-pass filter (Fig. 2d) can be described as:

Fi
highpass~f ! 5 (

j5N2i21

N

Aj~f !. (13)

The spatial-frequency resolution of the spatial tem-
plate Ts(f ) is limited by the number of low-pass and high-
pass filters used in the experiment, i.e., it is only possible
to determine the mean Ts(f ) over each concentric annu-
lus. We define the average gain of the spatial component
the template per unit area in annulus j as

T~ j ! 5

E Ts~f !Aj~f !fdf

fj
2 2 fj21

2 . (14)

We further define the average magnitude of the signal
stimulus per unit area in annulus j as

S~ j ! 5

E Ss~f !Aj~f !fdf

fj
2 2 fj21

2 . (15)

S(j) is completely specified by the signal stimulus (Figs.
2f and 2g).

If we combine Eqs. (10a) and (15), after template
matching the signal in the stimulus becomes
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S1 5 ac(
j51

N

@T~ j !S~ j !~fj
2 2 fj21

2 !# (10b)

If we combine Eqs. (11)–(14), the variance of the ith
low-pass external noise after template matching (solid
curve in Fig. 2h) is

s lowpass
2 ~i ! 5 sext

2 (
j51

i F E Ts
2~f !Aj

2~f !fdf G
5 sext

2 (
j51

i

@T2~ j !~fj
2 2 fj21

2 !2#. (16a)

The variance of the ith high-pass external noise after
template matching (dotted curve in Fig. 2h) is

shighpass
2 ~i ! 5 sext

2 (
j5N2i21

N F E Ts
2~f !Aj

2~f !fdf G
5 sext

2 (
j5N2i21

N

@T2~ j !~fj
2 2 fj21

2 !2#. (16b)

To summarize, after template matching, the template
response to the signal in the stimulus S1 is described by
Eq. (10a), in which a and T(j) (j 5 1, 2,..., N) are un-
known; the template response to the external noise in the
stimulus has mean zero, and variances s lowpass

2 (i) or
shighpass

2 (i) described by Eq. (16), in which T(j) (j
5 1, 2 ,..., N) are unknown.

3. Nonlinear Transducer Function
The nonlinear transducer function in the PTM simply
raises its input to its gth power. Thus after the nonlinear
transducer stage, the signal in the stimulus becomes

S2 5 S1
g , (17)

and the variance of the external noise in the stimulus be-
comes

Varext 5 spassband
2g ~i !. (18)

4. Total Variance of All of the Noise Sources at
Decision Stage
The total variance of all of the noise sources at the deci-
sion stage77 is the sum of the variances of all the noise
sources: the external noise Varext [Eq. (18)], the internal
multiplicative noise Varmul 5 Nmul

2 (S2
2 1 Varext), and the

internal additive noise Varadd 5 Nadd
2 :

Vartotal 5 Varext1Varmul1Varadd

5 spassband
2g ~i ! 1 Nmul

2 @S2
2

1 spassband
2g ~i !# 1 Nadd

2

5 ~1 1 Nmul
2 !spassband

2g ~i !

1 Nmul
2 S1

2g 1 Nadd
2 . (19)

5. d8 Function
Finally, the noisy signal S2 with variance Vartotal (across
trials) is submitted to the decision process. The details of
the decision process depend on the particular task, e.g.,
detection versus identification. These are modeled
elsewhere.63 In this paper, we focus on signal discrim-
inability d8 determined by the signal-to-noise ratio:

d8 5
S2

~Vartotal!
1/2

5
S1

g

@~1 1 Nmul
2 !spassband

2g ~i ! 1 Nmul
2 S1

2g 1 Nadd
2 #1/2

,

(20)

with S1 defined in Eq. (10a), and sbandpass defined in Eq.
(16).

In Eq. (20), d8 is expressed as a function of N 1 4 pa-
rameters. Of the N 1 4 parameters, signal stimulus
contrast c is controlled by the experimenter; the relative
efficiency of the signal stimulus a is controlled by the time
course of the signal and the external noise, and the tem-
poral properties of the template in the model; and the
other N 1 2 parameters are additional model param-
eters: the exponent of the nonlinear transducer function
g, the internal multiplicative noise Nmul , the internal ad-
ditive noise Nadd , and Ts,i for i 5 1, 2 ,..., N 2 1. So, to
completely characterize a PTM model, N 1 4 parameters
are necessary.

6. Threshold-versus-Frequency Functions
One can solve Eq. (20) to express threshold ct (signal con-
trast required for the observer to reach a particular per-
formance criterion level d8) as a function of the cutoff spa-
tial frequency.

cr~i !

5
1

a( T~ j !S~ j !~fj
2 2 fj21

2 !

3 F ~1 1 Nmul
2 !F( T2~ j !~fj

2 2 fj21
2 !2Gg

1 Nadd
2

1/d82 2 Nmul
2

G 1/2g

.

(21)

Figure 2i plots log(ct) required for a sample PTM to
reach three criterion performance levels as functions of
cutoff frequencies of the low-pass-(solid curves) or high-
pass-(dotted curves) filtered external noise. These are
called TVF functions. To derive these functions, we used
the PTM with a 5 4.0, Nmul 5 0.2067, Nadd 5 0.0087, g
5 2.0, and the perceptual template T(j) plotted in Fig.
2g. The proportional noise energy through each pass-
band spassband

2 (i) is plotted in Fig. 2h. The signal stimu-
lus is a Gabor function whose spatial profile is in Fig. 2e
and whose spatial-frequency profile is in Fig. 2f; the stan-
dard deviation of the external noise sext 5 0.3226.

The process of deriving the perceptual template T(j)
reverses the direction of what is shown in Figs. 2g–2i.
Typically, TVF functions (or, equivalently, full psychomet-
ric functions) are measured experimentally. A PTM with
a, Nmul , Nadd , g, and T(j) as parameters is fitted to the
TVF functions. One can infer the perceptual template
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T(j) parameters by searching for the optimal parameters
of the PTM. This paper gives an example of an applica-
tion of the methodology.

7. Psychometric Functions
Another way to evaluate human performance is through
the underlying psychometric functions. For an M-alter-
native forced-choice task, the spatial-frequency character-
istics of a perceptual template may be related to a psycho-
metric function in a particular filtered noise (e.g., the ith
low-pass external noise) condition using the following
equation:

Percent Correct 5 E
2`

1`

g~x 2 d8!G~x !M21dx, (22)

where g(x) and G(x) are the probability-density and
cumulative-probability functions of a standard normal
random variable, and d8 is described by Eq. (20).

For a known PTM, Eq. (22) may be used to compute the
theoretical psychometric function for each filtered
external-noise condition. To derive the parameters of a
PTM, we can compare theoretical predictions with the
measured psychometric functions, and the best fitting
model can be estimated. We give an example that uses a
maximum likelihood estimation procedure78 in this paper.

3. EXPERIMENT
We used the method of constant stimuli79 to measure psy-
chometric functions in a two-interval forced-choice (2IFC)
Gabor detection task. The signal Gabor was embedded
in several levels of low-pass-and high-pass-filtered exter-
nal noise. From the psychometric functions, we derived
TVF functions for both low-pass and high-pass external
noise at three criterion performance levels. The data
were then used to fully characterize the perceptual tem-
plate. Four models, a LAM and a PTM each either with
a single template for high-pass and low-pass-filtered
noises or with two independent templates for high-pass
and low-pass noises, were compared statistically. An-
other approach, which directly fit the full psychometric
functions, was also developed in parallel.

A. Method

1. Apparatus
All of the signal and noise frames were generated and dis-
played in real time through use of programs based on a
C11 version of Video Toolbox80 on a 7500/100 Macintosh
computer. The stimuli were presented on a Nanao Tech-
nology FlexScan 6600 monitor with a P4 phosphor and a
refresh rate of 120 frames/per second, driven by the inter-
nal video card in the Macintosh. A special circuit80 was
used to combine two eight-bit output channels of the video
card to produce 6144 distinct gray levels (12.6 bits).

A psychophysical procedure81 was used to generate a
linear lookup table that evenly divides the entire dynamic
range of the monitor (from 1.0 cd/m2 to 53 cd/m2) into 256
levels. The background luminance was set at 27 cd /m2.
All displays were viewed binocularly with a natural pupil
at a viewing distance of approximately 72 cm in a dimly
lighted room.
2. Stimulus and Display
The signal stimuli were vertical Gabor patterns with lu-
minance l(x, y) at location (x, y) defined by

l~x, y ! 5 l0F1.0 1 cpeak sin~2pfx !expS 2
x2 1 y2

2s2 D G ,

(23a)

where f 5 0.9 c/deg, s 5 1.1 deg, and l0 5 27 cd/m2.
Each Gabor was rendered on a 128 3 128 pixel grid, sub-
tending 5.9 3 5.9 deg2. The peak contrast cpeak of the
Gabor was controlled by the experimental conditions.

Thus local stimulus contrast, defined as c(x, y)
5 l(x, y) 2 l0 /l0 , is

cpeak sin~2pfx !expS 2
x2 1 y2

2s2 D . (23b)

The external-noise samples were generated in the fol-
lowing way. First, a 128 3 128 matrix was filled with
real numbers, each sampled from a Gaussian random
variable with mean 0 and standard deviation 0.3226.
The corresponding 128 3 128 pixel array, viewed from 72
cm, had an expected uniform power spectrum from 0.17
c/deg to 10.88 c/deg. Seven ideal low-pass digital filters
(Fig. 2a) were constructed in spatial-frequency space with
cutoff frequencies at 0.17, 0.34, 0.68, 1.36, 2.72, 5.44, and
10.88 c/deg, and seven ideal high-pass digital filters (Fig.
2b) were constructed with cutoff frequencies at 10.88,
5.44, 2.72, 1.36, 0.68, 0.34, and 0.17 c/deg. Second, we
computed the Fourier transformation of the noise matrix.
We then applied a particular filter function to the real and
the imaginary components of the Fourier transformation.
Finally, we performed an inverse Fourier transformation
on the filtered image to convert the external noise back to
the real space. Whereas so far all computations had
been performed with floating-point precision, the filtered
external noise was sampled at 256 equally spaced linear
levels. New noise samples were generated in each trial.

3. Design
The experiment consisted of 30 sessions, each with 196
trials, and lasted about 15 minutes. In each session,
seven low-pass- and seven high-pass-filtered external
noises were used. A psychometric function, sampled at
seven signal-contrast levels, was measured in each fil-
tered external-noise condition. The sampled signal con-
trasts were predetermined through pilot studies.

All conditions were intermixed. For each observer,
data from all 30 sessions were combined to generate 14
psychometric functions, one for each low-pass- or high-
pass-filtered external-noise condition. Sixty observa-
tions were made on each point of the psychometric func-
tions.

Figure 3 depicts a typical trial. Initialized by the ob-
server with a key press, a trial consisted of two intervals
(one in which the signal was present, and the other in
which the signal was absent, in random order from trial
to trial) separated by 500 ms. Each interval of a trial
starts with a 250-ms-fixation cross in the center of the
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Fig. 3. A trial in the two-interval forced-choice Gabor detection task. A trial consists of two intervals. The first interval starts with
a 250-ms fixation cross. In the next three stimulus frames, each lasting 8.3 ms, one external-noise frame, one signal/blank frame, and
another noise frame, appear in the center of the display. The second interval starts 500 ms after the end of the first. Only one of the
two intervals contains a signal Gabor. The method of constant stimuli was used to measure psychometric functions at seven different
contrast levels.
monitor. In the next three refreshes, each lasting 8.3 ms,
one noise frame, one signal (if signal is present) or blank
(if signal is absent) frame, and another independent noise
frame appear in the center of the display. All four noise
frames in a given trial were identically distributed, inde-
pendent random Gaussian noise images filtered through
the same low-pass or high-pass filter. The observer iden-
tified with a key press the interval that contained the Ga-
bor. A correct response was followed immediately by a
brief beep.

4. Observers
Three University of Southern California students (two
volunteers and one paid) with normal or corrected-to-
normal vision, naive to the purposes of the experiment,
served as observers in the experiment.

B. Results
Data were organized as psychometric functions. A total
of 14 psychometric functions, one for each filtered
external-noise condition, resulted for each observer.
Each psychometric function measured the percent correct
Pc in detecting the Gabor at seven different signal-
contrast levels, for a total of 420 observations. To esti-
mate threshold signal contrast, we first fit a Weibull
function82

Pc 5 max 2 ~max 2 0.5! 3 22~c/r!h
(24)
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to each of the 14 psychometric functions using a maxi-
mum likelihood procedure.78 In Eq. (24), max is less
than 1.0; the difference between max and 1.0 reflects the
fact that human observers are prone to stimulus-
independent errors (or lapse). We computed threshold
signal contrasts at three criterion levels: 65%, 75%, and
85% correct detection. These three performance levels
correspond to the d8 levels of 0.7706, 1.3490, and 2.0729
in the 2IFC tasks used in this experiment.

In the first row of Fig. 4, threshold contrasts at 75%
correct detection are plotted against the cutoff spatial fre-
quencies of the external noise for each of the three observ-
ers. Error bars83–85 indicate the standard deviation of
each threshold.

For each observer, the TVF functions at the three dif-
ferent performance levels are approximately vertical
shifts of each other, suggesting that the threshold ratio
between two performance levels for a given filtered
external-noise condition is a constant across all the fil-
tered external-noise conditions. The mean threshold ra-
tio between 75% and 65% correct performance levels
across all the external-noise conditions is 1.30 6 0.02
for observer AT, 1.31 6 0.03 for observer QL, and 1.33
6 0.02 for observer SM. The mean threshold ratio be-
tween 85% and 75% correct performance levels across all
the external-noise conditions is 1.24 6 0.02 for AT, 1.25
6 0.03 for QL, and 1.37 6 0.04 for SM. None of the

threshold ratios are significantly different from the corre-
sponding mean. Because of the similarity of the TVF
functions for different criteria, we only plotted the TVF
functions at 75% correct threshold.

As discussed in Lu and Dosher58 and in Dosher and
Lu,59,72 the LAM predicts that the threshold ratio be-
tween two performance levels in the same external noise

Fig. 4. First row, contrast threshold as function of passband of
the low-pass and high-pass filters for three observers at 70% cor-
rect performance level. The curves were from fits to the PTM.
Second row, the best-fitting spatial-frequency sensitivity of the
perceptual templates (estimated from fitting the TVF functions).
The arrows on the x axis indicate the center frequency of the Ga-
bor stimulus. Third row, the best-fitting spatial-frequency sen-
sitivity of the perceptual templates (estimated from fitting the
full psychometric functions). The arrows on the x axis indicate
the center frequency of the Gabor stimulus.
condition be equal to the corresponding d8 ratio. For the
2IFC task in discussion, the corresponding d8 ratios be-
tween 75% and 65% correct and between 85% and 75%
correct are 1.7506 and 1.5366, respectively. Clearly, the
observed threshold ratios are inconsistent with the LAM
prediction. On the other hand, these ratios are very
similar to those observed in Lu and Dosher,55 where an
elaboration of the LAM to a PTM was required to account
for the data. In the next section, we directly compare the
LAM and the PTM statistically.

C. Fitting Models

1. Four Models
We considered four different models: a PTM with two in-
dependent (uncoupled) templates for high-pass and low-
pass external noises (uPTM), a PTM with a single
(coupled) template for high-pass and low-pass external
noises (cPTM), a LAM with two independent (uncoupled)
templates for high-pass and low-pass external noises
(uLAM), and a LAM with a single (coupled) template
(cLAM).

All four models are described directly or with some
modifications by Eq. (21), which expresses threshold-
signal contrast as a function of d8, the perceptual tem-
plate, and the other parameters of a PTM. A uPTM has
18 parameters: Nmul , Nadd , a, g, and two sets of T(j) pa-
rameters, one for the high-pass conditions and the other
for the low-pass conditions. A uLAM has 16 parameters:
Nadd , a, and two sets of T(j) parameters. The uLAM is a
reduced uPTM with Nmul 5 0.0 and g 5 1.0. A cPTM
has 11 parameters: Nmul , Nadd , a, g, and one set of T(j)
parameters, coupled for the high-pass and low-pass con-
ditions. A cLAM is a reduced cPTM with Nmul 5 0.0 and
g 5 1.0. It has 9 parameters: Nmul , Nadd , a, g, and one
set of T(j) parameters, coupled for the high-pass condi-
tions and the low-pass conditions. The uPTM and uLAM
cover the possibility that the observer was performing off-
frequency looking in the high-pass and low-pass
conditions.48,86–88 The four models are within a nested
structure. We can use an F ratio test (in fitting TVFs)
and a x2 test (in fitting full psychometric functions) to sta-
tistically compare them (see details below).

2. Fitting Threshold-versus-Frequency Functions
To estimate the perceptual template(s) and compare the
models, we fit all four models to the observed TVF func-
tions with the same procedure.89 Both the uPTM and the
cPTM give much better accounts for the data than the
uLAM and the cLAM (see the r2 parameters listed in
Table 1.) Statistically, the 18-parameter uPTM does not
provide a significantly better fit than the 11-parameter
cPTM [No F(7, 24) for any subject was significant (p
. 0.25)]. The uPTM provided a much better account of

the data than the uLAM @p , 0.00001 for all the three
F(2, 24) parameters.] On the other hand, the 11-
parameter cPTM fits the data significantly better than
the nine-parameter cLAM [all the F(2, 31) parameters
are statistically significant; p , 0.0001]. In summary,
for all three observers, cPTM is the best model.

The best-fitting parameters of the cPTM are listed in
Table 1. The second row of Fig. 4 depicts the spatial-
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frequency sensitivity of the perceptual templates from the
best-fitting PTM models to the TVF functions of the three
observers. The gain of the perceptual templates in each
spatial-frequency range is normalized relative to the total
area of frequency space covered by that range. The ar-
rows on the horizontal axis denote the center spatial-
frequency of the signal Gabor stimulus. As seen in Fig. 4,
the peaks of the estimated spatial-frequency sensitivity
functions more or less coincide with the center frequency
of the signal Gabor. On the other hand, the LAM model
provides such a poor fit to the TVF functions that the es-
timated spatial-frequency-sensitivity functions from the
LAM peaked either plus or minus one octave away from
the center frequency of the Gabor.

Averaged across observers, the bandwidth of the best-
fitting perceptual template model, defined as the ratio of
the two spatial frequencies at half height of the spatial-
frequency characteristics of the perceptual templates, is
;1.57 octaves (from 0.43 to 1.27 c/deg). In log units, the
attenuation on the low-frequency flank of the tuning func-
tion can be described as 4 log(f/f0); the attenuation on the
high-frequency flank of the tuning function can be de-
scribed as 21.1 log(f/f0). The estimated center frequency
f0 of the template was 0.68 c/deg. The actual frequency
of the Gabor signal was 0.9 c/deg. These match within
the sampling grain of the template estimate, which is lim-
ited by the number of filter bands employed in the experi-
ment.

To further validate the method developed here, we ap-
plied the same methodology to estimate the spatial-
frequency sensitivity of the perceptual templates in a
four-alternative forced-choice Gabor-orientation-
identification experiment in the context of spatial-

Table 1. Parameters of the Perceptual Template
Model That Best Fits the TVFsa

Parameter Observer

AT QL SM
Nmul 0.0074 0.0136 0.4137
Nadd 0.0355 0.0278 0.0043
a 0.2767 0.3288 0.1947
g 1.9743 2.1296 3.2463
T(1) 0.0000 0.0016 0.0000
T(2) 0.0479 0.0016 0.0941
T(3) 0.3930 0.2849 0.5422
T(4) 0.5589 0.5425 0.6859
T(5) 0.8444 0.8438 0.7445
T(6) 0.8726 0.9363 0.9045
T(7) 0.9424 0.9535 1.0000
r2 (cPTM) 0.9172 0.9055 0.9466
r2 (uPTM) 0.9406 0.9255 0.9466
r2 (cLAM) 0.4623 0.4329 0.5031
r2 (uLAM) 0.7115 0.4686 0.5234
F1 (7, 24) 1.3506 0.9204 0.0000
F2 (2, 24) 46.283** 73.595** 95.101**
F3 (2, 31) 85.156** 77.516** 128.73**

a F1(7, 24) is the test for significant improvement of uPTM over cPTM;
F2(2, 24) is the test for significant improvement of uPTM over uLAM;
F3(2, 31) is the test for significant improvement of cPTM over cLAM. **
indicates p , 0.00001.
attention manipulations,90 where we concluded that the
quantitatively estimated perceptual templates for both
attended and unattended locations were the same, and
both of them centered around the frequency of the signal
Gabor.

3. Fitting Full Psychometric Functions
An alternative approach to testing the LAM and PTM
models evaluates their ability to directly predict the full
psychometric functions.91 Again, for all three observ-
ers, the uPTM did not provide a significantly better fit
to the data than the cPTM [x2(7) 5 3.0, 11.0, 1.4;
p . 0.85, 0.14, 0.95 for observers AT, QL, and SM] did, in-
dicating that the observers were using statistically indis-
tinguishable templates in the low-pass and high-pass con-
ditions. In all cases, the uPTM provided a much better
fit than uLAM [x2(2) 5 120, 142, 56; p , 0.00001 for all
three observers] did. Similarly, the cLAM provided a sig-
nificantly worse fit to the data [x2(2) 5 131, 86, 77;
p , 0.00001 for all three observers] than cPTM did, reaf-
firming that transducer nonlinearity and multiplicative
noise are necessary in accounting for the data. To reiter-
ate, the cPTM provided the best fit to all the data in this
alternative method of testing that accounts for full psy-
chometric functions.

The best-fitting spatial-frequency characteristics of the
perceptual template derived from the full psychometric
functions is plotted in the third row of Fig. 4. The pa-
rameters of the best-fitting cPTM in the full-
psychometric-function approach corresponded closely to
those estimated from the TVF functions at three perfor-
mance criterion levels. One reason for the slight differ-
ence between the two sets of estimates is the different
weights placed by the two procedures on the variability in
the data in different portions of the psychometric func-
tions.

4. CONCLUSIONS AND DISCUSSION
In a previous article,58 we described an observer model
(the PTM) and its application to the characterization of
perceptual inefficiencies through use of white external
noise. We examined the noisy LAM,50–53 widely used to
interpret data from equivalent internal-noise experi-
ments, by testing its prediction that the ratio between two
thresholds at each given external-noise contrast should be
equal to the ratio of the corresponding d ’ levels for all ob-
servers and noise levels. We demonstrated in two experi-
ments that this prediction failed. Direct fits of the LAM
were also relatively poor, and the observed psychometric
functions were incompatible with the required cumulative
Gaussian form. We introduced the PTM as an elabora-
tion of the LAM, with two additional components: a non-
linear transducer function and multiplicative noise. The
PTM provides a good account of the data. It accommo-
dates the observed threshold ratios while still predicting
the equivalence of threshold ratios over external-noise
levels. The PTM fit the three threshold data and yielded
a good direct fit to the full psychometric functions.

In this article, we extend the application of the PTM to
characterize the spatial-frequency response of the percep-
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tual template as well as the perceptual inefficiencies of
the human observer. We explicitly derived the functional
relationship between the signal threshold required to
achieve a certain level of performance in filtered external
noise and the frequency characteristics of the perceptual
template. Numerical procedures were developed to ap-
ply this functional relationship to estimate the perceptual
template from experimental data, either by fitting TVF
functions or by fitting the full psychometric functions.
Application to an experiment allowed us to directly com-
pare the PTM and the LAM statistically. The PTM pro-
vided much better accounts of the data. LAM, on the
other hand, provided relatively imprecise characteriza-
tions of the spatial-frequency tuning of the perceptual
template.

We rejected both the uPTM and the uLAM in favor of a
cPTM in this study. This suggested that off-frequency
looking48,86–88 did not play a significant role in our experi-
ments. This might be an adaptive response to the ran-
domized experimental procedure. Namely, every experi-
mental trial was drawn randomly from either the low-
pass-filtered or high-pass-filtered external-noise family
with equal probability. This experimental structure may
have discouraged the observers from the active use of an
off-frequency-looking strategy. Losada and Muller48

found that at high-noise spectral densities masking by
notched noise was greater than the summed masking of
high- and low-pass noise when different noise conditions
(high-pass, low-pass, and notched) were run in separate
blocks, indicating the presence of off-frequency looking.
At low-noise spectral densities, Losada and Muller48 did
not find any evidence of off-frequency looking. Our pro-
cedure is probably closer to the notched-noise method, ex-
cept that the high-pass and low-pass noises were mixed
across trials. It would be interesting to study off-
frequency looking with the method developed here with
use of procedures that encourage off-frequency looking.

The estimated shape and bandwidth of the spatial-
frequency tuning of the perceptual templates in this
study were in general comparable to those reported in the
literature.6,17,44,48 For example, Henning44 reported log
attenuations of 2.68 log(f/f0) on the low-frequency side of
the perceptual template and of 21.62 log(f/f0) on the high-
frequency side of the perceptual template, compared with
the 4.0 log(f/f0) and 21.1 log(f/f0) estimated in this study.
The estimated bandwidth of perceptual templates for
sine-wave gratings is generally approximately 1–2
octaves.6,17,44,48 Our estimated bandwidth of ;1.6 oc-
taves falls right in the middle. Although purely empiri-
cal measures of bandwidth may be reasonable approxima-
tions, we suggest that estimates based on formal
quantitative model fits of the PTM to either multiple-
threshold levels or full psychometric functions will pro-
vide more-precise estimates and a framework for statisti-
cal evaluation that will be extremely useful in
discriminating current theoretical claims in areas of per-
ception.

The PTM we consider consists of a signal path that is
essentially a single channel. The internal noise and non-
linearity in the model could implicitly reflect activities in
multiple channels. In our applications, this form of
model may be adequate because of the nature of the
stimuli. Extensions to multiple-channel information and
decision integration may be necessary for other situa-
tions.

Recent interest in understanding the mechanisms of
object recognition,92 attention, and perceptual
learning57–59 require the precise characterization of the
perceptual template. In our own work, we have demon-
strated that attention71,93 and perceptual learning59,94

can improve human performance through the exclusion of
external noise in many conditions. Although external-
noise exclusion might be achieved in a number of differ-
ent ways, an important question for both psychology and
neurophysiology is whether attention and/or perceptual
learning can alter the spatial-frequency characteristics of
perceptual templates.95,96 The method described here
has an obvious application in answering these questions.
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