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Luminance contrast is one of the key factors in the visibility of objects in the world around us. Previous work has
shown that the perceived depth from binocular disparity depends profoundly on the luminance contrast of the
image. This dependence cannot be explained by existing disparity models, such as the well-established disparity
energy model, because they predict no effect of luminance contrast on depth perception. Here, we develop a
model for disparity processing that incorporates contrast normalization of the neural response into the disparity
energy model to account for the contrast dependence of perceived depth from disparity. Our model contains an
array of disparity channels, each with a different disparity selectivity. The binocular images are first processed by
the left- and right-eye receptive fields of each channel. The outputs of the two receptive fields are combined
linearly as the excitatory disparity sensitivity and then fed into a nonlinear contrast gain control mechanism. The
perceived depth is determined by the weighted average of all the disparity channels that respond to the binocular
images. This model provides the first analytic account of how luminance contrast affects perceived depth from
disparity.

1. Introduction
In stereopsis, the visual system combines a pair of images with
relative horizontal shifts in the two eyes to generate a 3D percept. Such a
difference in horizontal location of the images seen by the left and right
eyes is called binocular disparity and varies according to the distance
between an object and the fixation plane. Thus, the visual system utilizes
binocular disparity, predominantly horizontal disparity, to estimate the
distance of an object relative to a fixation.
There are numerous models for the neural computations underlying
stereopsis (Fleet, Wagner, & Heeger, 1996; Marr & Poggio, 1976;
Ohzawa, 1998; Ohzawa, DeAngelis, & Freeman, 1990; Pollard, Mayhew,
& Frisby, 1985; Qian, 1997; Qian & Zhu, 1997; Read, Parker, & Cum
ming, 2002; Tyler, 1975). The influential cooperation-competition al
gorithm (Marr & Poggio, 1976; Pollard et al., 1985) focused on how the
visual system ascertains which parts of an image in one eye should
correspond to each part of the image in the other eye and uses such
matches to estimate the depth from disparity. In this algorithm, each
point in one eye may have many possible matches in the other eye,
which results in multiple possible disparities at each location. To remove
those false matches and arrive at a unique depth percept for each point,

the model makes the assumptions that the matched points in the two
eyes must be comparable in luminance, and that the disparities of the
matches vary smoothly across the image because of the high probability
of continuous surfaces on objects in the scene.
A different approach is taken in disparity energy models (Ohzawa
et al., 1990; Fleet et al., 1996; Qian, 1997; Qian & Zhu, 1997; Ohzawa,
1998; Read et al., 2002), which are based on the properties of binocular
receptive fields of simple and complex cells in the primary visual cortex.
While there are variations among those proposed by different authors,
the models share broadly similar features. (Note that these models
incorporate no smoothness assumption beyond what is implied by the
receptive field profiles.) First, a binocular simple cell, which has one
receptive field for the left eye’s image and a different one for the right
eye’s image, receives inputs with the same spatial-frequency selectivity
from both eyes. Depending on the model, the left- and the right-eye
receptive fields can have either a position shift or a phase shift to
encode disparity information (including the zero-disparity case with no
difference). Second, a binocular complex cell, also known as the
disparity energy cell, sums the squared responses of binocular simple
cells of different phase preferences that select the same disparity. To
determine perceived depth, the disparity energy models propose that the
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visual system compares the disparity energy response across different
disparity channels and applies a winner-take-all principle (Qian, 1997;
Qian & Zhu, 1997) to choose among them. That is, the depth perception
is determined by the disparity channel that has the maximal energy
response.
Since binocular disparity depends only on the geometry of an object
relative to the fixation location (Cormack & Fox, 1985), depth percep
tion from disparity is generally considered to be independent of the
luminance contrast of the image. In the cooperation-competition algo
rithm (Pollard et al., 1985; Marr & Poggio, 1976), the role of luminance
is solely to determine whether the visual system can match image ele
ments in different eyes. It provides no prediction of the luminance
contrast effect on perceived depth from disparity.
The contrast dependence of disparity energy models is more com
plex. On the one hand, in the disparity energy model, the response of a
binocular simple cell stage is the linear sum of the products of a) the
sensitivity profile of the left and the right eye receptive fields and b) the
input images, which is in turn proportional to luminance contrast. The
response of the complex cell stage, which sums the squared inputs from
simple cells, is then proportional to the square of the contrast. Thus, the
response of each disparity energy channel increases in proportion to the
square of contrast, regardless of the spatial profile or the disparity be
tween the two eyes’ images. On the other hand, however, since the
disparity energy variation with contrast is independent of the receptive
field profiles and, in turn, the disparity tuning of each neuron, contrast
variations would apply equally to the responses of all energy neurons in
the array. Given that perceived depth from these disparity energy
models is coded by the position of the peak response across all disparity
channels, the peak response would occur at the same disparity for any
contrast, and they would predict no luminance contrast effect on the
perception of depth from disparity.
In sum, the existing models for disparity processing predict no
luminance contrast effect on perceived depth from disparity. However,
it is known that luminance contrast does affect depth perception in
various ways. A decrease in luminance contrast increases the apparent
distance of a target (Fry, Bridgman, & Ellerbrock, 1949; Rohaly & Wil
son, 1999) and reduces the stereo acuity according to a power law
function (Halpern & Blake, 1988; Heckmann & Schor, 1989; Legge &
Gu, 1989; Cormack, Stevenson, & Schor, 1991). Luminance contrast also
affects the peak-to-trough difference in perceived depth. Chen, Chen,
and Tyler (2016) used random-dot stereograms with a single cosine
cycle 3D surface configuration as test images. They showed that the
perceived peak-to-trough depth difference from disparity in the stimuli
increased sigmoidally with luminance contrast over the full range from
zero to veridical perceived depth. Such a powerful effect of luminance
contrast on perceived depth suggests that a contrast gain control
mechanism may be involved in the processing of perceived depth from
disparity, since neither the cooperation-competition algorithm (Pollard,
et al., 1985; Marr & Poggio, 1976) nor the disparity energy models
(Ohzawa et al., 1990; Fleet et al., 1996; Qian, 1997; Qian & Zhu, 1997;
Ohzawa, 1998; Read et al., 2002) model can account for the
phenomenon.
Furthermore, the disparity energy models fail to account for many
response properties of the primary visual cortical neurons, such as the
nonlinear neural contrast response function. For most of the neurons in
the primary visual cortex, there is a pronounced compression of the
neural response at a higher contrast levels (Albrecht & Hamilton, 1982;
Ohzawa, Sclar & Freeman, 1985; Albrecht & Geisler, 1991; Heeger,
1992). On the other hand, this compression at a higher contrast can be
described by a normalization or divisive inhibition process (Albrecht &
Hamilton, 1982; Heeger, 1992). The contrast normalization rescales the
neural response by dividing the activity of each neuron by a suppressive
input derived from the pooled activity of a large number of neurons
(Heeger, 1992). As the luminance contrast increases, the suppressive
inhibition also increases. Such an inhibition increase results in the
compression of the neural response at a higher contrast levels. Thus, to

account for the contrast response function of neurons in the primary
visual cortex, the disparity energy model should incorporate this form of
contrast normalization.
The disparity energy models also provide no explanation for the
disparity averaging phenomenon in perceived depth (Parker & Yang,
1989; Rohaly & Wilson, 1994). These studies found that when there are
two overlapping depth planes in the image, the perceived depth is the
average of the two individual depths weighted by a monotonic function
of their respective luminance contrasts. Such a disparity averaging
operation in perceived depth contradicts the winner-take-all rule of the
disparity energy model. This discrepancy might be because the disparity
energy models are based on physiological data that did not use stimuli
containing multiple disparity components. Thus, they fail to account for
the perceived depth in a display with multiple depth cues. A more
generalized model for computing depth from disparity should include
the disparity averaging operation.
Here, we provide a neurocomputational model for disparity pro
cessing to account for the luminance contrast effects on perceived depth
from disparity. In this model, we extend the disparity energy model by
incorporating a contrast gain control mechanism followed by a disparity
averaging operation. The major effects in the data (Chen et al., 2016)
that are captured by our model are as follows:
1. At each luminance contrast level, the perceived depth is an inverted
U-shaped function of the magnitude of disparity modulation in the
stimulus.
2. At each stimulus disparity, perceived depth increases with luminance
contrast.
3. The peak disparity that generated the maximal perceived depth in
creases with luminance contrast.
The disparity energy model and other candidate models derived from
the disparity energy model were entirely unable to account for these
effects.
2. The model
2.1. Model structure
Due to the insufficiencies of the disparity energy model discussed in
the foregoing, we propose that a complete model for disparity process
ing should contain a contrast gain control mechanism and a disparity
averaging operation. Fig. 1 illustrates the processes in our model. The
initial stage of the model closely resembles the disparity energy models,
except that we replace the squared disparity energy response with a
contrast gain-control mechanism. The output for the perceived depth is
determined by a disparity averaging operation. The detailed description
of the model is as follows.
In the linear filter stage, each disparity channel contains a pair of
Gabor filters implementing the simple-cell receptive fields, one oper
ating on the left-eye image and the other on the right-eye one, with
different phase selectivities. Then, a binocular summation mechanism
combines the outputs of the filtering operation on the input images. That
is,
∫∫ ∞
[
E’ i (x, y) =
FL,i (x’ − x, y’ − y)∙IL (x’ , y’) + FR,i (x’ − x, y’
− ∞
]
− y)∙IR (x’, y’) dx’dy’
(1)
where FL,i and FR,i are the sensitivity profiles, defined by a Gabor func
tion, of the left and right eye receptive field, and IL , and IR indicate the
left- and right-eye images, respectively. Here, each image can be written
as the product of its spatial profile and the overall contrast. That is, Ik (x’,
y’) = Ck ∙Jk (x’, y’), where k = LorR defines the eye origin, Ck is the
contrast and Jk (x’, y’) is the spatial variation of the image. Substituting
this expression in Eq. (1), the excitation response of the linear operators
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Fig. 1. Diagram of the gain-control model for generating perceived depth from disparity information.

to the two eye images is then
∫∫ ∞
[
CL ∙FL,i (x’ − x, y’ − y)∙JL (x’, y’) + CR ∙FR,i (x’ − x, y’
E’ i (x, y) =
− ∞
]
− y)∙JR (x’, y’) dx’dy’

)
(
x2 + y2
FL,i (x, y) = sin(fi ∙2∙π∙x)∙exp −
2∙σi 2
and

(2)

)
(
x2 + y2
FR,i (x, y) = cos(fi ∙2∙π∙x)∙exp −
2∙σi 2

Under most normal viewing conditions, the left and the right eye
images have the same contrast, CL = CR = C, when Eq. (2) can be
rewritten as
∫∫ ∞
[
FL,i (x’ − x, y’ − y)∙JL (x’ , y’) + FR,i (x’ − x, y’
E’ i (x, y) = C∙
− ∞
]
− y)∙JR (x’ , y’) dx’dy’
(3)

where fi is the preferred spatial frequency of the i-th channel (in cy/deg),
and σi defines the size of the receptive field. When the horizontal shift
between the two eye images reaches the π/2 phase shift between the
sinewave and cosine wave filters, or 1/4 wavelength of the Gabor
functions, the i-th channel will have the largest response. Therefore,
such a phase shift gives the i-th channel a disparity tuning peak at δi (in
arcmin), which is 1/4 wavelength of the Gabor function (Sanger, 1988;
Ohzawa et al., 1990; Fleet et al., 1996). Thus, Sei is a sensitivity function
of the disparity manipulation (in arcmin), d(x, y), between the two eye
images. With a computer simulation with 1000 sample images, we
noticed that the response of the Gabor linear operators to the two eye
images could be described as a one dimensional Gabor function of
disparity between the two eye images, as proposed by Prince, Cumming,
and Parker (2002), Prince, Pointon, Cumming and Parker (2002). Thus,
the disparity sensitivity function is
]
[
(
)
d(x, y)
d(x, y)2
+b
(5)
Sei (x, y) = ai ∙sin
∙2∙π ∙exp −
4∙δi
2∙σi 2

Thus, the excitation E’i increases in proportion to the contrast
regardless of the spatial profile and the disparity manipulation between
the two eye images. Here, for simplicity, we configure Eq. (3) as a
product of contrast and a scalar, Sei , which depends on the spatial
structure of the receptive field profiles and the input images:
E’ i (x, y) = C∙Sei (x, y)

(4)

It has been suggested that binocular disparity is encoded mainly by
binocular phase differences in the receptive field profile (Ohzawa &
Freeman, 1986; Anzai, Ohzawa, & Freeman, 1999; Tanabe & Cumming,
2008). That is, the two receptive fields have the same preferred spatial
frequency, but with a π/2 phase shift of the carrier sinusoid. (For
simplicity, we develop the model with no position shifts between the
two-eyes’ receptive fields, although this is a further parameter that
could be incorporated if needed.) Specifically, the receptive fields of the
i-th channel for the left (FL,i ) and the right eye (FR,i ) inputs can be
described by vertically orientated Gabor functions as

where ai is the gain factor of the i-th disparity channel at location (x, y), b
is the baseline response to the zero disparity image, and σ i is the scale
parameter of disparity tuning curve of the channel. The value of σ i is
proportional to the preferred disparity of the i-th channel. Here, due to
the Gaussian envelope, δi is the approximate peak of the disparity
40
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sensitivity function. For the clarity and ease of reading, we will drop the
notation (x, y) for the subsequent equations.
It should be noted that, according to the neurophysiological mea
surements, the left and right receptive fields of disparity sensitive neu
rons have similar spatial frequency selectivity (Anzai, Ohzawa, &
Freeman, 1999; Ohzawa et al., 1996). Since the receptive fields in each
channel are tuned to a particular spatial frequency, the contrast sensi
tivity of the channel to image features depends on the preferred spatial
frequency. To implement the difference of contrast sensitivity between
channels, we assumed that the gain factor ai varies with the contrast
( )
sensitivity function (CSF), such that ai = a∙CSF fi , where fi is the peak
spatial frequency of the i-th channel. The contrast sensitivity function
was an exponential minus a Gaussian (EmG) function derived from the
Modelfest dataset (Carney et al., 1999; Carney et al., 2000) and vali
dated by Watson & Ahumada (2005), which has the form
[
]
CSF = exp[ − f /7.5237] − 0.8155∙exp − (f /1.8972)2
(6)

perceived depth, ΨD,max , and the minimal perceived depth, ΨD,min , in the
image. That is, the ΨD,ref in Eq. (11) is equal to ΨD,min , and hence Eq. (11)
can be expressed as
ΔΨD = ΨD,max − ΨD,min
Table 1 summarizes the symbols used in the above equations.
2.2. Experiment
We tested our model with the data in Chen et al. (2016). This study
investigated the effect of luminance contrast on perceived depth from
disparity. The test stimuli were rectangular random dot stereograms.
The disparity between the left- and the right-eye patterns was modulated
horizontally to create the percept of a concave or convex single cosine
cycle surface (0.29 cy/deg) according to d = D∙cos(2∙π∙x∙sf), where x
was the horizontal position, ranging from − 1.72◦ to 1.72◦ , in the rect
angular stimulus, D was the maximum test disparity, and sf was the
spatial frequency of the stimulus. The data were measurements of peakto-trough perceived depth in the test images, obtained by adjusting the
length of a horizontal bar to match the perceived depth of the surface as
a function of disparity modulation and image luminance contrast. The
peak disparity (D) ranged from -20 to 20 arcmin. The luminance contrast
of the test images ranged from 7.6% to 83.9%.
We used the Nelder-Mead simplex algorithm (Lagarias, Reeds,
Wright, & Wright, 1998) to find the parameters that minimize the sum of
squared errors (SSE) between the model predictions and the data. In the
model implementation, we assumed that there were sixteen disparity
channels with peak disparity sensitivities at ±3, ±6, ±9, ±12, ±15, ±18,
±21, and ±24 arcmin involved in the disparity processing. (Positive
values indicate disparities in the near direction and negative values
indicate disparities in the far direction.) Hence, the peak excitatory
disparity sensitivity of the i-th disparity channel in Eq. (7) occurs when
the disparity selectivity, δi , approximates one of these peak disparities.
The best-fitting disparity tuning profiles of these channels for observer
CHT are depicted in Fig. 2. Note that all available channels were needed
with some weight in the model to fit the data. Disparity tuning profiles
for the other observers were similar.
The model fits are shown as smooth curves in Fig. 3. This model
provides a good account of the data for all three participants and cap
tures three major effects in the response functions. These are: (1) at each
contrast level, perceived depth first increases up to a peak value and
then decreases gradually with further increase in the magnitude of

where f is the image spatial frequency. The gain factor ai of the i-thchannel was computed by setting f in Eq. (6) to be the peak spatial
frequency of that channel, which is fi = 60/(4∙δi ).
The excitation of the linear operator is then half-wave rectified,
(7)

Ei = max(0, E’i )

where max denotes the operation of choosing the greater of the two
numbers. Hence Ei is always non-negative.
Afterwards, the response of the i-th channel, Ri, is determined by a
contrast gain control process. As expanded from Foley, 1994), it is
(8)

Ri = (Ei p + ζ)/(Ii + z)

where ζ and z are additive constants, and p is the power parameter. For
each channel, the divisive inhibition input is a non-linear combination of
the rectified excitation of all relevant disparity channels to the test im
ages. That is,
∑(
)q ∑(
)q
wij ∙Ej =
Sij ∙C
Ii =
(9)
j

j

where Sij = wij ∙Sej is the inhibitory sensitivity of the j-th relevant
disparity channel, and q is an exponent. This equation contains two
kinds of weighting factor for the divisive inhibitory input: an intrachannel weight (when i = j), and inter-channel weights (when i ∕
= j).
We assumed the wij to be the same for all sources j.
In the second stage, the disparity-channel averaging stage, the gaincontrolled responses of each channel are combined together and the
perceived depth ΨD is determined by the weighted sum over all the
candidate channels at each location,
)/
(
∑
∑
ΨD = k
δi ∙Ri
Ri
(10)
i

Table 1
Symbols used in this article

i

Symbol

Meaning

Fi(x,y)
I(x,y)
J(x,y)
CL, CR

sensitivity profile of the left or right eye receptive field of the i-th channel.
luminance modulation of the left or right eye image.
spatial variation of the left or right eye image.
luminance contrast of the image left and right eye image.CL = CR = C.

Ei’
Ei

where k is a scaling factor for converting the preferred disparity (in
arcmin) into the depth estimation (in mm). A similar model for disparity
averaging was proposed by Rohaly & Wilson (1994).
At the decision stage, the perceived depth contrast, ΔΨD , is the dif
ference between the maximal perceived depth, ΨD,max , over all ΨD at
each (x, y) location in the image and the perceived depth of the refer
ence, ΨD,ref , in the image
ΔΨD = ΨD,max − ΨD,ref

(12)

Sei
d(x,y)
δi
a
b
fi
Ri
p, q
ζ, z
Sij
wij

(11)

In most cases, ΨD,ref refers to the perceived depth of the zero disparity
background. Notice that the task of the observer in our companion paper
(Chen et al., 2016) was to indicate the perceived peak-to-trough depth
modulation in the test image. Hence, at the decision stage, the perceived
depth modulation, ΔΨD , should be the difference between the maximal

ΨD
k

41

excitation response of the i-th linear operators to the two eye images.
Half-wave rectified excitation of the i-th linear operators to the two eye
images.
the disparity sensitivity function of the i-th channel.
disparity modulation between the two eye images.
peak of the disparity sensitivity function for the i-th channel (in arcmin).
gain factor of the disparity sensitivity function.
baseline response to the zero disparity image.
preferred spatial frequency of the i-th channel (in cy/deg), fi = 60/(4∙di ).

response of the i-th channel.
exponents of the contrast gain control process.
additive constants of the contrast gain control process.
inhibitory sensitivity of the j-th relevant channel.
inhibitory weighting factor of the j-th relevant channel to the i-th channel
response
perceived depth
scaling factor for converting the preferred disparity (in arcmin) into the
depth estimation (in mm)
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Fig. 2. Disparity tuning profile of disparity channels. Each color curve denotes the disparity sensitivity function of a different disparity-tuned channel, normalized to
their relative areas. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

disparity modulation; (2) at each stimulus disparity, perceived depth
increases with contrast at low contrasts, saturating for higher contrasts;
and (3) The peak disparity increases with contrast. Quantitatively, this
model explained 93.38% of variance in the data for CPY, 92.12% for
CHT, and 88.05% for LSY. The root mean square errors (RMSEs) are
2.51, 4.18, and 3.81 mm, respectively for the three participants, over a
matched depth range of about 50 mm. These fit errors can be compared
with the mean standard errors of measurement of 0.58, 0.65, and 0.73
mm, respectively. The number of free parameters in the fits is nine for
each observer. Table 2 lists the parameters of the least square fits.
As Table 2 shows, the exponent parameter for excitation, p, is larger
than the exponent parameter for inhibition, q, for all the three observers.
The excitation exponent ranged from 2.59 to 4.99, while the inhibition
exponent ranged from 2.00 to 2.75. These values are generally consis
tent with the parameters of the contrast gain control mechanisms in the
literature for luminance pattern detection (Foley, 1994; Boynton &
Foley, 1999; Foley & Chen, 1999). Many of the parameters in the table
vary quite a bit across the three observers, as was needed in the model
fits to capture their differential patterns of perceived depth as a function
of disparity and contrast.

3.1. Necessity of contrast normalization and disparity averaging
As mentioned previously, standard disparity energy models do not
incorporate the contrast gain control mechanism of neuron response or
the disparity averaging operation of perceived depth in disparity pro
cessing. It is important to examine whether these two components are
indispensable for measuring perceived depth from disparity within our
model framework.
We first consider the conventional disparity energy model. Accord
ing to the standard approach, the energy response increases with the
square of contrast regardless of the disparity selectivity of the neurons.
Such changes in luminance contrast have the same effect on every
channel and the maximal disparity energy response does not vary with
luminance contrast. If the perceived depth were to be determined by a
single response channel, given that disparity is coded by the peak
response in the disparity energy model (Fleet et al., 1996; Qian, 1997;
Qian & Zhu, 1997), the perceived disparity would thus be predicted to
be independent of luminance contrast. To measure goodness of fit, we
fitted the standard disparity energy model to our data by replacing the
channel response Ri (Eq. (8)) by the squared excitatory disparity sensi
tivity of the channel:

3. Discussion

Ri = (Sei ∙c)2

We describe a model for disparity processing that incorporates a
contrast gain control mechanism into the disparity energy computation
followed by a disparity averaging operation. The model predicts that the
perceived depth from disparity will vary with image luminance contrast.
This contrast dependence is due to the fact that the contrast gain control
mechanism varies the channel response nonlinearly with luminance
contrast (Eq. (8)), and hence changes the relative weights of the
disparity channels encoding the perceived depth (Eq. (10)). This gain
control mechanism explains the variation in both the magnitude of
perceived depth and the disparity modulation amplitude, and where the
disparity of the maximum perceived depth varied with luminance
contrast. Moreover, unlike standard disparity energy models, our model
captures the pronounced decrease of perceived depth at large disparity
manipulations. This is a consequence of the disparity averaging opera
tion, in that, even at larger disparities manipulations, small disparity
channels still contribute to the depth estimation.

(13)

Also, the computation of the perceived depth ΨD (Eq. (10)) was
replaced by the winner-take-all operation:
ΨD = δmax(Ri )

(14)

Again, we assumed the same sixteen disparity channels as before.
Fig. 4A shows the fits of the standard disparity energy model for
observer CPY. The fits for different luminance contrast levels are rep
resented by different colored curves, which overlap with each other.
Data for the other observers are similar. This model can account for only
27% to 50% of variation in the data, and the performance of this stan
dard disparity energy model was statistically worse than our proposed
model for disparity processing for observer CPY (ΔBIC = − 136.17,
PrBIC (H0 |D) < 0.001), CHT (ΔBIC = − 111.98, PrBIC (H0 |D) < 0.001), and
LYS (ΔBIC = − 110.26, PrBIC (H0 |D) < 0.001). Such poor performance
was the result of three major pitfalls of this model. First, as explained
above, the standard disparity energy model predicts no effect of lumi
nance contrast on perceived depth from disparity, and thus all the curves
for different contrasts lie on top of each other. Second, it predicts that
42
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Fig. 4. The fits of (A) the standard disparity energy model, and (B) the same
model followed by a disparity averaging operation, for observer CPY. The fits
for different luminance contrast levels are represented by different colored
curves. However, these models predict no contrast dependence on perceived
depth, and all the curves are overlapped with each other. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web
version of this article.)

the perceived depth is a monotonically increasing function of disparity
and thus is unable to capture the reduction of perceived depth for larger
disparities. Third, the max rule employed to convert the channel
disparity to perceived depth (Eq. (14)) inevitably produces a quantized
function of perceived depth due to the finite number of disparity
channels in the model.
To achieve a near continuous representation of perceived depth, a
model employing the max rule would require a very large number of
disparity channels and is thus impractical. A more generalized approach
to associate disparity channel response with perceived disparity is the
disparity averaging operation (Parker & Yang, 1989; Rohaly & Wilson,
1994). Rohaly and Wilson (1994) superimposed two sinusoidal gratings
differing in spatial frequency and binocular disparity as stimuli. They
found that the overall perceived depth of the stimuli lay between the
depths of the two disparity components, and varied smoothly toward the
higher contrast component as the luminance contrast of the gratings
changed. Since they manipulated the spatial frequency of the grating for
different disparity components, they suggested that disparity informa
tion can be processed across different spatial frequency channels, with
the overall perceived depth of the image as the average of the disparity
estimations in each channel, weighted by a monotonically increasing
function of their respective luminance contrast. Thus, when there is
more than one disparity component in the image, the perceived depth
would be proportional to a weighted sum of all the channel responses.
Note that in Rohaly and Wilson (1994), each of the image compo
nents activates a different disparity channel. For a broadband stimulus,

Fig. 3. The fits of our disparity processing model for the three observers. Error
bars represent one standard error of the measurement means. The colored solid
curves represent model fits for each luminance contrast level. (For interpreta
tion of the references to colour in this figure legend, the reader is referred to the
web version of this article.)
Table 2
Best fit model parameters values for all the three participants.
Parameters

CPY

CHT

LSY

a (gain factor)
b (baseline activation)
p (excitatory exponent)
q (inhibitory exponent)
Z (excitatory additive constant)
z (inhibitory additive constant)
wii (intra-channel inhibitory weight)
wij (inter-channel inhibitory weight)
k (scaling factor)

0.31
0.08
2.59
2.00
9.32
12.21
0.37
0.15
1.54

0.25
0.10
4.99
2.75
31.39
14.80
0.48
0.54
1.82

0.09
0.07
3.31
2.44
19.76
12.09
0.81
0.02
6.95

Note. Only free parameters are shown.
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such as a random dot stereogram, the image would activate all spatial
frequency channels, with stronger activation in the channels close to the
designated disparities in the stimulus. Thus, the disparity averaging
operation needs to deal with all disparity channels even when there is
only a single disparity at each location in the stimulus. We then ask
whether a standard disparity energy model followed by a disparity
averaging operation can account for our data as a function of luminance
contrast. If the weights were determined by contrast only, any change in
contrast would have the same impact on all disparity channels. As a
result, any contrast effect resulting from Eq. (13) would be canceled out
in the averaging process, and the peak disparity for a given stimulus
would remain the same regardless of contrast. Therefore, this model also
predicts no luminance contrast effect on perceived depth from disparity.
To illustrate this result, we fitted a model with the energy channel
response (Eq. (13)) and the disparity averaging pooling rule (Eq. (10)) to
the data. We assumed the same disparity channels as noted above.
Fig. 4B shows the least square fits of this model for observer CPY. Data
for the other observers are similar. The disparity energy model followed
by the disparity averaging operation explained 62.77% of variation in
the data for CPY, 66.42% for CHT, and 54.04% for LSY. The RMSEs of
this model were 5.96, 8.63, and 7.47 mm, respectively (compared with
RMSEs of 2.51, 4.18, and 3.81 mm for our gain-control model). Model
comparison statistics using the Bayesian information criteria (BIC) also
suggested that the performance of this model was significantly worse
than our gain-control disparity processing model for all the three ob
servers (ΔBIC = − 103.67, PrBIC (H0 |D) < 0.001 for CPY; ΔBIC = − 82.82,
PrBIC (H0 |D) < 0.001 for CHT; and ΔBIC = − 75.12, PrBIC (H0 |D) < 0.001
for LSY).
Compared to the fits of the standard disparity energy model
(Fig. 4A), this model does better in capturing the smooth increase of
perceived depth with disparity manipulation and the decrease of
perceived depth at larger disparities. This improvement in fit confirms
that perceived depth is determined by the averaged sum of multiple
channels rather than a single response channel (Rohaly & Wilson, 1994).
Also, the disparity averaging operation may provide a sufficient means
of encoding perceived depth with a limited number of disparity chan
nels. However, as mentioned above, the standard disparity energy model
followed by a disparity averaging operation again fails to account for the
luminance contrast effect on perceived depth. A model where the
weighting for each channel is dependent both on luminance contrast and
disparity is necessary (see Fig. 2). To achieve this goal, the contrast gain
control mechanism is indispensable in disparity processing.

pairs of spatial-frequency-tuned channels with peak sensitivities at 1.5,
2, 3 and 5 cy/deg for stereoscopic depth perception (although their
models did not account for the contrast dependence of the present data).
Therefore, based on the phase-encoding form of the disparity energy
model, in which the disparity tuning peak, δi , is equal to 1/4 wavelength
of the Gabor filters (Sanger, 1988; Ohzawa et al., 1990; Fleet et al.,
1996), there should be disparity channels tuned to disparity at least at
±3, ±5, ±7.5 and ±10 arc min. Under our model structure, we can say
that such a set of four channels is insufficient to account for the long tail
of the data at large disparities, but it is possible that other sets of
disparity channels could do so, if they also incorporated a mechanism for
the variation of perceived depth with contrast.
3.3. Position-based and phase-based disparity encoding
In our model, we focused on the phase-based disparity encoding.
That is, there are multiple channels each tuned to a different disparity,
each determined by a π/2 phase shift between the two receptive fields or
1/4 wavelength of the Gabor filter. Hence, the disparity sensitivity of a
channel depends on its spatial frequency selectivity. It should be noted
that Kontsevich and Tyler (1994) analyzed a wide range of published
data on stereoacuity and suggested that there are no stereo channels
peaking below 2.5 cy/deg in the fovea. However, if the lowest spatial
frequency for stereo channels is 2.5 cy/deg, the phase-based disparity
encoding would predict that the largest disparity in the fovea that can be
encoded by the visual system would be 6 arc min, which is much smaller
than the largest depth-evoking disparity in the empirical data (Fig. 3).
On the other hand, while binocular neurons with phase difference be
tween the left and right eye receptive fields were found in both cat and
macaque visual cortexes, these phase differences were not restricted to
π/2 (Ohzawa, DeAngelis, & Freeman, 1996; Prince et al., 2002; Tsao,
Conway, & Livingstone, 2003). Instead, there was a wide range of phase
differences between the two eye receptive fields, which ranged contin
uously from − π/2 to π/2. Such a lack of an exact π/2 phase difference
does not imply that the phase-based disparity energy model is inap
propriate. In fact, most of these binocular neurons had both a phase-shift
and a position-shift between the two receptive fields (Ohzawa et al.,
1996; Prince et al., 2002; Tsao et al., 2003), which suggests that our
model could be improved by combining position-based and phase-based
disparity encoding. Incorporating position-based disparity encoding
would allow for the units proposed by Kontsevich and Tyler (1994) to
respond to a wider range of disparities, consistent with the present data,
without extending the peak tunings below 2.5 cy/deg. Nevertheless, the
key feature of our gain control model for disparity processing is that it
provides a good approximation to the pronounced contrast effect on
perceived depth.

3.2. Selection of disparity channels
We demonstrate that our model for disparity processing, in which the
perceived depth is determined by the weighted average of an array of
nonlinear contrast-gain-control mechanisms, each with a different
disparity selectivity, can account for the remarkably powerful effect of
luminance contrast on perceived depth from disparity (Chen et al.,
2016). However, the selection of disparity channels we used in the
modeling may not be the only solution. An earlier study on depth
perception of stereoanomalous observers (Richards, 1971) proposed
that there are only three groups of disparity-tuned channels for near, far
and zero disparities. However, psychophysical evidence suggested that
there are many more than three channels in human disparity processing.
Stevenson, Cormack, Schor, and Tyler (1992) and Cormack, Stevenson,
and Schor (1993) found that Richards’ (1971) three-channel model is
inconsistent with the disparity tuning functions measured with psy
chophysical paradigms, such as disparity adaptation (Stevenson et al.,
1992) and disparity masking (Cormack et al., 1993). Instead, these
studies suggested that disparity information is encoded by a continuum
of overlapping narrow disparity-tuned channels (although it is still
possible that they can be disabled in groupings corresponding to those
found by Richards, 1971). Yang and Blake (1991) and Shioiri, Hatori,
Yaguchi, and Kubo (1994) provided evidence for the existence of four

3.4. Disparity processing in anti-correlated stereograms
One may wonder whether our gain control model for disparity pro
cessing can deal with anti-correlated random-dot stereograms, that is,
the pixels in the image in one eye has a luminance that is in opposite sign
from the corresponding pixel in the other eye (Julesz and Tyler, 1976).
We applied our model to such images. The disparity sensitivity curve of
each channel for the anti-correlated stereogram, derived from the
excitation of the linear operators (Eq. (3)), was inverted and had smaller
amplitude than the one for the correlated stereograms. This result is
almost identical to the single-cell recording data from the monkey pri
mary visual cortex (Cumming & Parker, 1997), which showed that, for
most disparity-selective neurons, the disparity tuning profiles to anticorrelated stereograms were an inverted version of that to correlated
stereograms, but with lower sensitivity.
For perceived depth contrast, our model would predict that,
compared with a correlated stereogram, substantial depth would be
perceived depth in anti-correlated stereograms, though smaller in
magnitude and of opposite sign. Conversely, it has previously been
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shown that human observers have difficulty perceiving any stereoscopic
depth at all in anti-correlated stimuli (Cumming, Shapiro, & Parker,
1998; Hibbard, Scott-Brown, Haigh, & Adrain, 2014; Julesz & Tyler,
1976; Zhaoping & Ackermann, 2018). Thus, there is the same discrep
ancy between our model predictions and human depth perception as
there is between the neurophysiology of V1 disparity detectors and
human depth perception (Cumming & Parker, 1997; Cumming et al.,
1998). Such a discrepancy between human depth perception and our
model predictions might be because the responses of disparity detectors
in the primary visual cortex are not directly used for solving the corre
spondence problem in depth perception. It is possible that in addition to
binocular cells, there are cells detecting interocular correlation in the
two eye’s images, which send opposite-contrast signals to higher visual
cortices to override the binocular depth signals coming from the primary
visual cortex, for example. (See also Tyler, 1991 for a different proposed
mechanism.) Future studies are needed to explore such mechanisms in
depth perception.
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4. Conclusion
While existing disparity models predict that perceived depth from
disparity is invariant with luminance contrast, the empirical data on the
issue show that luminance contrast has a profound effect on perceived
depth as well as on the disparity detection thresholds. We describe a
model for disparity processing that incorporates a contrast gain control
stage into the disparity energy computation, followed by a disparity
averaging operation. This model provides a good account (~90% of the
variance) for large variations in perceived depth with both luminance
contrast and disparity. The contrast gain control mechanism captures
the variation in perceived depth with luminance contrast, while the
disparity averaging operation accounts for the inverted U-shaped rela
tion between perceived depth and disparity, for both near and far
disparity manipulations. Objects in the world can vary enormously in
luminance contrast, especially under foggy or hazy conditions. The highquality model performance captures the important role that processing
of luminance contrast plays in estimating the physical depth of objects in
the world from the available disparity information.
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