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PROF. DR. JÖRG CONRADT

2015-10-01

A D V A N C E D S E M I N A R

Construction of the 3D-world in the brain

Problem description:

Reconstructing the shape of the world from visual information is a highly complex problem. One
important subtask, that must be solved, is finding the distances to objects in the environment. Brains
of several types of mammals have developed the ability to successfully do this using different visual
cues from two eyes with overlapping visual fields. Of these cues, binocular disparity is usually seen as
the strongest one for the estimation of distances. During the last decades there have been multiple
studies on the neural mechanisms behind the distance computing.1,2, 3 For this project, we would
like you to investigate how the brain is able to find depth from disparity and how we can use this
knowledge to improve computer vision: give an introduction to the neurological mechanisms, present
a computational model, find algorithms that take advantage of these neurophysiological findings and
explain how exactly they do it.

• Get familiar with the stereo problem
• Describe how the brain solves this problem
• Present a computational model of how the brain solves it
• Compare cortically inspired algorithms with the biological solution
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Abstract

Reconstructing the 3D-world with only two 2D-projections available is a very chal-
lenging task. Corresponding points within the two images have to be found in order
to compute their disparity. Homogeneous areas or repeating patterns, however, can
pose difficulties for finding these matches. Similar to stereo cameras used in artifi-
cial systems, the human visual system largely relies on this disparity cue. Although
there are also monocular depth cues, navigation or grasping would be arguable more
difficult with only 2D vision available. However, the human brain shows to be re-
markably good in inferring the third dimension. Thus, this report deals with the
question how disparity is computed in the brain and how these insights can be used
in computer vision. To do so, firstly a short introduction on the human visual sys-
tem is given. Neurophysiological findings on how disparity is represented in both
striate and extrastriate cortex are summarized. Moreover, a mathematical model
of the disparity tuning found in the striate cortex is introduced. Finally, cortical
algorithms using the disparity model are analysed.
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Chapter 1

Introduction

The ability to perceive the world in three dimensions has many advantages in our
everyday lives. For example, it is easier to navigate knowing the distance to nearby
obstacles, or to interact with objects. With only 2D information at hand, it would
be arguably more likely to bump into obstacles or to miss the target in an attempt
of grasping. Nevertheless, the projected images on each of our eyes retinas are 2D
at first. Many artificial systems like autonomous robots rely on stereo cameras as
a depth sensor, which also provide a pair of 2D images. Hence, learning from the
processes within the highly accurate human visual system, could help to develop
artificial visual systems. The question is, how the brain is able to infer the third
dimension using two 2D images?
Monocular cues like motion parallax, occlusion or relative size, can help to perceive
depth from each 2D image separately. While being in motion, a closer object ap-
pears to move faster than far ones. Hence, this motion parallax can be used to infer
how far these objects are away. Another cue is given by an object which occludes
another object and thus has to be in front of it. Moreover, while observing two
similar objects, the smaller one has to be further away [Hub95, Pal99]. However,
these monocular cues only provide a crude impression of 3D vision1. To explain the
highly accurate depth perception of humans, binocular disparity is generally seen as
the most important depth cue [Hub95]. Binocular disparity can be defined as the
difference in angle between the two corresponding projections relative to the center
of the retina. As illustrated in Figure 1.1, the eyes are fixated on some point F with
zero disparity. Near points (A) yield a negative (crossed) disparity (αl − αr < 0)
and far points result in a positive (uncrossed) value (βl − βr > 0) [Pal99]. Moving
point A closer to the eyes or point B further away than the fixation plane increases
their absolute disparity. Hence, binocular disparity is directly related to the depth
of the object. Another interpretation is given by the correspondence problem. Con-
sidering both 2D images projected onto the retinas, disparity is the relative angular
shift between the left and right image points. In order to compute this shift, the
corresponding points have to be found, which can lead to confusions if there are sim-

1e.g. try to thread a needle with only one eye opened
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Figure 1.1: Binocular disparity between left and right eye (El, Er). Eyes are fixated
on point F, points before (A), and behind (B) show different projection angles
relative to the center of each retina.

ilar features in the scene. The brain, however, is remarkably robust in eliminating
potential false matches [PC01]. The retinal disparity of the corresponding points
then provides an important depth cue to locate the real point in 3D space.
In this report I explain how disparity is represented in the brain and what we can
learn from these neurophysiological findings in computer vision. Firstly, a short
introduction on the human visual system is given, which summarizes essential con-
cepts. This is followed by chapter 3 focusing on the physiological representation
of disparity in the brain. The question how these findings can be mathematically
modelled is answered in 4. Finally, algorithms which are based on the model are
discussed in 5.
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Chapter 2

Human visual system

In order to delve deeper into the question how disparity is represented in the brain,
it is essential to have a sound knowledge of the human visual system. Thus, I will
summarize most important concepts in the following.
Figure 2.1 illustrates a simplified signal flow of the human visual system. From an

Figure 2.1: Simplified pathway of visual signals from eye to striate cortex.

engineering point of view one can consider the eyes as sensors collecting visual in-
formation of the environment and the brain as the processing unit, which interprets
the data.
Let us first consider the first block. The eye’s adjustable lens and pupil take care
that the image is focused on the retina and the right amount of light enters the
eye [Hub95]. The retina translates the light into nerve signals with the help of rods
and cones. Rods are good for vision in dim light, whereas cones are used for color
vision and fine detail [Hub95]. It is important to state that the number of receptors
is not uniformly distributed across the retina. The fovea1 features only cones and
is densely packed [Hub95]. Outside the fovea the receptors are more sparsely dis-
tributed and rods are more common than cones. This means that the sharpest vision
is found within a small region around the center of the retina. The visual signals are
processed and passed to retinal ganglion cells. These cells feature center-surround

1small area at the center of the retina
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receptive fields2 (RFs). This means that each cell either responds to a white spot on
black ground (on-center) or a black spot on white (off-center) as illustrated in figure
2.2a. Covering all receptors within the receptive field with light will give no response

Figure 2.2: Illustration of receptive fields. a) on-center and off-center RFs of ganglion
or LGN neurons. b) elongated and oriented RFs of simple cells with distinctive
excitatory ”+” and inhibitory zones ”-”.

due to the fact that the inhibitory and excitatory synapses counteract. Thus, at this
stage, the neurons are already only sensitive to relative lighting changes within the
scene. The output of the ganglion cells is transmitted through the optic nerve and
nerve fibers of the left and right eyes are joined at the optic chiasm. The left visual
hemifield is transmitted to the right half of the brain and the right visual hemifield
to the left one [Kan13].
In each half of the brain, 90 percent of the retinal axons terminate in the lateral
geniculate nucleus (LGN) [Kan13]. The LGN neurons also feature center-surround
receptive fields and the information of left and right eye is still separated. Fur-
thermore, the projection from ganglion cells to LGN is orderly (retinotopic), which
means that nearby neurons in LGN correspond to nearby receptive fields [Kan13].
The output of LGN cells is passed to the primary visual cortex3. It consists of six
layers of cells, with the inputs of LGN arriving in layer four. Unlike in LGN, the
receptive fields of neurons in layers above or below are not center-surround any-
more, but respond best to linear, elongated stimuli [Hub95, BR02] as illustrated in
figure 2.2b. Moreover, there are many cells which respond to stimuli presented to
the left and the right eye [LT99], hence the binocular information is fused. Two
major groups of cells are differentiated: simple and complex [Hub95]. Simple cells
are tuned to a specific orientation and respond well to bar stimuli. Like center-
surround receptive fields, simple cells have excitatory and inhibitory parts in their

2A receptive field (RF) of a neuron is defined as the area on the retina which can influence
the firing frequency of the cell [Hub95]. This should not be confused with the visual field, which
describes the actual scene seen by both eyes [Hub95].

3also called V1 or striate cortex, 2mm thick outer layer at the back of the brain [Kan13]
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fields and thus the stimulus position and shape is important for the cell’s response.
One explanation for this behaviour is that simple cells get their input from many
LGN neurons with overlapping circular fields. Complex cells, in contrast, do not
have specific excitatory or inhibitory zones, and thus are not dependent on the exact
position of the stimulus. Nevertheless, complex cells are also tuned to orientation.
Besides orientation, simple and complex cells can also be tuned for their preferred
spatial frequency, which can be done using sinusoid-gratings [BR02]. A complex cell
has a larger receptive field than a simple one and thus it is likely that it receives
input from many simple cells with same orientation and frequency but with slightly
shifted receptive field positions [Hub95].
Like in LGN, the organisation in V1 is orderly. Columnar structures, perpendicular
to the cortical surface, group cells with similar features. Cells within orientation
columns prefer the same orientation. Many of such columns next to each other pro-
vide sensitivity to all orientation for a certain region in space [Kan13].
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Chapter 3

Representation of disparity in the
cortex

After covering the neurophysiological basis on the human visual system in 2, the
present chapter deals with the question how disparity is represented in the brain.
Besides frequency and orientation tuned cells, do neurons exist which are sensitive
to disparity as well?
In short, yes, disparities sensitive cells are found in primary visual cortex and in
many higher cortical regions [Par07]. Figure 3.1 illustrates the visual areas of the

Figure 3.1: Illustration of a human brain with striate cortex V1, extrastriate cortex
V2-V5(MT) with dorsal and ventral pathways. (from [Par07])

brain. From early primary visual cortex V1 through V2 the dorsal and ventral path-
ways lead to the higher areas V3-V5(MT). The first section describes the physiolog-
ical findings on disparity tuned cells within V1. Insights on the role of extrastriate
areas are given in the second part.
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3.1 Striate cortex

As explained in chapter 2, most connections of the lateral geniculate nucleus (LGN)
terminate at the fourth layer of the primary visual cortex. Moreover, most simple
and complex cells are binocular, which means that they respond to stimuli presented
to both eyes. The question is, how these binocular cells respond to binocular stimuli
which are shifted and thus lead to shifted projections on the retinas. To answer this
question, single neurons were recorded from paralyzed animals like cats [FK79] or
awake monkeys [LT99], which were trained to fixate their eyes. A stimulus is then
presented to each eye and shifted to vary the disparity. The resulting curve is called
the disparity tuning curve and if it is not constant, the corresponding cell is said
to be disparity selective (see figure 3.2). However, early studies mainly relied on

Figure 3.2: Disparity tuning curve of a cell recorded from a monkey using random
dot stereograms. (from [Par07])

bar stimuli, which also change the monocular responses while shifting the stimu-
lus [CD01]. As explained in the previous chapter, this is especially true for simple
cells, which feature distinct inhibitory or excitatory parts within their RFs. Thus, a
change in response does not necessarily point to disparity selectivity. This problem
was solved by using random dot stereograms (RDS) as illustrated in figure 3.3. The
monocular images are randomly distributed and only the center region is shifted
with respect to the surround. In that way the monocular response only changes
marginally between stimuli with varying shift. Presented to both eyes separately,
the center region is seen in front or behind the background depending on the shift
direction.
In general, three different types of tuning curves are distinguished in the literature
[FK79, CD01]. Tuned excitatory cells show maximum response to zero or near-zero
disparities and a symmetrical profile. This group can be further subdivided in tuned
near (peak for crossed disparity), tuned far (peak for uncrossed disparity) and tuned
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Figure 3.3: 200x200[px] random dot stereogram (RDS). The center 100x100[px] area
of the right image is shifted 5[px] to the left. When presented to the left and right
eye separately, the central square is seen before the background.

zero (peak for zero disparity). Tuned inhibitory cells show an inverted behaviour
with the lowest response near zero disparity. Lastly, asymmetric response profiles
have been found for near or far disparities [CD01]. How these tuning characteristics
can be modelled is further explained in chapter 4 focusing on the mathematical de-
scription.
As mentioned in chapter 2, complex cells do have larger receptive fields than simple
cells indicating some sort of pooling mechanisms. At the same time, the cells are
tuned to frequency, orientation and disparity, which raises the question how this
pooling is done. Spatial pooling could be done combining neighboring cells with
equal tuning characteristics, which increases their receptive fields [QZ97]. Addi-
tionally, there are indications that something like spatial frequency pooling or a
coarse-to-fine disparity detection is performed. A recent study [BSO15] found pool-
ing across different spatial frequencies for complex cells, yielding more broadband
RFs. For most cells the preferred disparity does not change across different spatial
frequencies, indicating that these pooled cells could play a role in disparity detec-
tion. Considering the timing of the response, cells that prefer low frequencies have
a short response delay, whereas cells that are sensitive to high spatial frequencies
have a larger latency [MF03]. This could mean that the coarse outputs (low fre-
quency) are passed on to the fine cells. As pointed out in chapter 2, many orientation
columns provide sensitivity to different oriented stimuli projected onto the retina.
Additionally, these cells with varying orientation are also tuned for disparity, which
also suggests a pooling across different orientations [CQ04].
Interestingly, complex cells also respond to anti-correlated RDS1 but with inverted
tuning curve [Ohz98, PC01]. Hence, there is a peak where there was no response
and a minimum at the former peak. However, humans do not perceive the depth
indicated by the inverted disparity peak [Par07]. Therefore, it is unlikely that the
disparity tuned complex cells are directly responsible for the perception of depth.
The result rather indicates that the cells perform something similar to local cor-
relation within their receptive fields, because an inversion of the stimuli yields an

1black pixels in the left image are white in the right one.
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inversion of disparity tuning. Moreover, complex cells in V1 are only sensitive to
absolute disparity, whereas the human perception of depth is mainly dependent
on relative disparity2 [CD01]. Hence, disparity tuned cells in V1 can be described
as local absolute disparity detectors which could contribute to vergence control or
perception of depth in further stages within the visual cortex [Par07].

3.2 Extrastriate areas

As described in the previous section, disparity tuned cells in V1 are only tuned to
absolute disparities and most likely are not directly responsible for depth percep-
tion. Thus, the function of other cortical areas within the visual cortex has to be
examined. The most important questions are whether there is a region which is
responsible for depth perception outside V1 and if there are cells tuned to relative
disparity. Furthermore, it would be interesting to know what the roles of the dorsal
and ventral pathways are. The characteristics of each region is analysed with single
neuron recordings or with fMRI3 [GPK+09]. In that way, certain specializations of
extrastriate regions have been found.
A cortical region responsible for depth perception should show no or a greatly re-
duced response to anti-correlated RDS compared to V1. In V2 and in the dorsal
stream (V5, MST4) the amplitude of the response is comparable to V1. In the ven-
tral stream (V4, TEs5), however, a decreased or complete suppressed response to
anti-correlated RDS was found. Moreover, the corrective vergence eye movements
while changing the disparity of the RDS are also inverted [Par07, CD01].
In the search of areas tuned to relative disparity it is important to distinguish the
spatial configuration in depth of the stimulus. For instance some cells may respond
to the relative disparity of a slanted plane but not to a center-surround6 configura-
tion. Sensitive neurons to center-surround stimuli are found in V2 [PC01] and V4,
surface separation in depth is found in MST, V5 and relative disparity sensitivity
to surface slant is found in V5 [Par07]. In areas TEs and V3 also a sensitivity to
surface curvature (second-order disparity) has been identified [GPK+09]. Hence,
these neurons could represent the 3D-shape of an object.
To come back to the initial questions, there are neurons tuned to a specific type of
relative disparity in dorsal and ventral areas, however all of them are sensitive to
absolute disparity as well [Par07]. The dorsal pathway seems to rely on something
similar to binocular cross-correlation, due to the response to anti-correlated RDS
(like V1). Additionally, only rather simple relative disparity computation (slant of

2Relative disparity is the difference between the absolute disparities of two features. In contrast
to absolute disparity, the value does not change with vergence eye movements [CD01].

3Functional magnetic resonance imaging, a method to measure the neural activity of brain
regions.

4medial superior temporal area
5areas in the anterior inferior temporal cortex [Par07]
6center of RDS has different absolute disparity than surround
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surface, depth segregation) is performed. Thus, vergence eye movements could be
controlled by signals from the dorsal areas. In the ventral areas, in contrast, more
sophisticated computation are performed. There is a reduced or no response to
anti-correlated RDS and sensitivity to 3D-shape of objects. Hence, both pathways
perform different kind of computations and may both contribute to the perception
of depth [Par07]. Interestingly, regions in V5 have been identified, which either
prefer near or far disparities. The preferred disparities change only along the sur-
face of the area but not perpendicular to it, suggesting a columnar organisation
[CD01]. During a near-far discrimination task, microstimulation of the near regions
in a monkey’s brain induced it to decide more often for near depth and vice versa
[PC01]. However, more research is needed to fully understand how the extrastriate
areas contribute to the perception of depth.
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Chapter 4

Mathematical disparity model

This chapter deals with the mathematical description of the neurophysiological find-
ings described in the previous chapters. How can simple and complex cells be mod-
elled and how can the preferred disparity be obtained? Moreover, the biological
plausibility of the model is discussed in section 4.2. Finally, in 4.3, the model is
compared to standard cross-correlation.

4.1 Derivation

Let us first consider the modelling of a simple cell. As explained before, binocular
simple cells are sensitive to RFs in both left and right eyes. Moreover, they have
well defined inhibitory and excitatory areas within their elongated RF and are tuned
to a preferred frequency. These features can be well described by Gabor functions1

[FO90]. In order to simplify the derivation, only one dimension of a vertically
oriented RF is considered for now.

fl = exp

(
− x2

2σ2

)
cos(ω0x+ Φl) (4.1)

fr = exp

(
−(x− s)2

2σ2

)
cos(ω0(x− s) + Φr) (4.2)

with spatial position x and Gaussian standard deviation σ, spatial frequency ω0,
phase offsets Φl,Φr and spatial shift s. The size of the RF is determined by the σ of
the Gaussian envelope and the preferred frequency by ω0. Positive values correspond
to excitatory and negative to the inhibitory parts of the RF. An example of a Gabor
function is illustrated in figure 4.1a. A difference in the profiles, which is essential to
relate any disparity, can be achieved in two ways. Either the phase is shifted between
the left and right sinusoid with identical Gaussian envelope (s = 0,Φl 6= Φr), or the
phase is equal (Φl = Φr = Φ) with shifted Gaussian envelope (s 6= 0). The position-
shift approach assumes two shifted RF profiles with equal shape (see figure 4.1b).

1Gaussian function multiplied with sinusoid
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The phase-shift model, in contrast, leads to a relative displacement of the sinusoid
and a difference in shape (see figure 4.1c). The response of a binocular simple cell

Figure 4.1: a) Gabor function with Gaussian envelope; b) Position-shift model:
s = 1,Φl,r = 0; c) Phase-shift model: s = 0,Φl = π

2
,Φr = π

4
; Values: σ = 2, w0 = 1

can then be modelled as the linear combination of the filtered left and right images
[FO90].

rs =

∫ ∞
−∞

(fl(x)Il(x) + fr(x)Ir(x)) dx (4.3)

with the previously defined RF profiles fl(x), fr(x) and the retinal images Il(x), Ir(x).
However, for different RDS, the resulting disparity tuning curves rs(s), rs(∆Φ) do
not have the same peak location for neither the position nor the phase-shift model
[ZQ96]. This is due to the fact, that the response is strongly dependent on the
Fourier phase of the stimulus, which is also the case for real simple cells (see chap-
ter 2). Thus, one simple cell alone cannot be enough for disparity detection [ZQ96].
Therefore, a complex cell is modelled as the sum of two squared simple cell responses,
which are related by a phase shift of π

2
(quadrature pair).

rq = r2s1 + r2s2 (4.4)

with the simple cell responses rs1, rs2, which are related by Φl2 = Φl1 + π
2
,Φr2 =

Φr1 + π
2
. In that way, the response is not dependent on the monocular Fourier phase

anymore, because either the first or the phase shifted second simple cell contribute
to the response. Only a binocular phase difference influences the cell’s response.
This behaviour is also observable for real complex cells, which do not depend on the
spatial position of the stimulus. Due to the fact that a complex cell has a larger
receptive field than simple cells, a spatial pooling between neighboring quadrature
pairs is introduced [ZQ96].

rc = rq ∗ w (4.5)

with weighting function w and convolution operator ∗. The described response
model of a complex cell is also called energy model within the literature [Ohz98,
MG10, CQ04].
Based on a general stimulus image shifted horizontally Il(x), Ir(x + d), it can be
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shown [CQ04, ZQ96] that the preferred disparity of a complex cell can be well
approximated by the RF parameters of the simple cells.

dpos ≈ s (4.6)

dphase ≈
∆Φ

ω0

∈ [− π

ω0

,
π

ω0

] (4.7)

Hence, in case of the position-shift model, the preferred disparity of the complex cell
is equal to the shift between the RFs of its simple cells. For the phase-shift model,
the disparity depends on the phase difference ∆Φ and the preferred frequency ω0.
Furthermore, the range of disparities is restricted to [−π

ω0
, π
ω0

], due to the periodicity of
the cosine function. Hence, larger disparities can be covered with a smaller preferred
frequency ω0.
Instead of separating the position and phase shift approach, also a hybrid model
can be stated [ZQ96]. In this case, the shift s of the phase-shift model is not zero
anymore and thus the preferred disparity is found as the linear combination of both
models [ZQ96].

dhybrid ≈ s+
∆Φ

ω0

∈ [s− π

ω0

, s+
π

ω0

] (4.8)

Hence, the position and phase-shift model can also be interpreted as specializations
of the hybrid model for ∆Φ = 0 or s = 0 respectively.
As described in chapter 2, the RF of a real simple cell is not one dimensional but
two dimensional with a preferred orientation. However, the above derivations can
be extended to the 2D case. The left and right vertically oriented RFs are now
modelled as 2D Gabor functions (see Eq. 4.1).

fl = exp

(
− x2

2σ2
x

− y2

2σ2
y

)
cos(ω0x+ Φl) (4.9)

fr = exp

(
−(x− s)2

2σ2
x

− y2

2σ2
y

)
cos(ω0(x− s) + Φr) (4.10)

with horizontal shift s and horizontal phase offset ∆Φ = Φl−Φr. An illustration of a
2D Gabor function is given in figure 4.2 with black corresponding to -1 and white to
1. The preferred orientation can be set by rotating the above vertical RFs by an angle
(Θ−90◦). A horizontal disparity d in a stimulus can then be split into a component
parallel dpara = cos(Θ)d and perpendicular to the orientation dperp = sin(Θ)d. As
it can be seen in figure 4.2, the RF profile parallel to its orientation changes very
slowly, thus this component can be neglected [CQ04]. The preferred disparities (Eq.
4.6) can now be rewritten as [CQ04]

dpos ≈
s

sin(Θ)
(4.11)

dphase ≈
∆Φ

sin(Θ)ω0

∈ [− π

ω0

,
π

ω0

] (4.12)
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Figure 4.2: Illustration of a vertically oriented (left) and rotated (right) 2D Gabor
function. Black values correspond to -1 and white values to 1. Values: w0 = 1, σx =
4, σy = 8, left: Φ = 0,Θ = 90, right: Φ = π

2
,Θ = 30.

with orientation Θ defined relative to the positive x-axis (Θ = 90◦ yields original
vertical RFs).

4.2 Biological plausibility

Both, position and phase shift representations of RFs are biologically plausible mech-
anisms found in real complex cells. Thus, it is likely that both approaches contribute
to disparity coding [CD01].
The question is, how well this model predicts a real disparity tuning curve of a com-
plex cell as described in chapter 3? Studies have shown, that the model is capable
of yielding similar tuning curves with respect to random dot stimuli [ZQ96, Ohz98].
Furthermore, the three different types of tuning curves can be described by position-
and phase-shifts. Tuned excitatory cells correspond to complex cells with no phase-
shift, which leads to symmetric responses. Furthermore, inhibitory cells can be
described by a phase shift of π, yielding a zero response at the preferred disparity.
Finally, asymmetric cells can be reproduced with a phase-shift near ±π

2
. With this

reasoning, it seems more intuitive to describe the different response profiles as a con-
tinuum [CD01]. On top of that, the model also predicts the inversion of disparity
tuning for anti-correlated RDS [Ohz98].
However, it is also important to state the limitations of the model. The model
predicts, that the inverted disparity tuning curve for anti-correlated RDS should
have the same amplitude as in the correlated case with a phase shift of 180◦. Real
complex cells, in contrast, show a much weaker response (smaller amplitude) for
anti-correlated RDS [Ohz98]. This could be fixed by introducing a non-linearity in
the monocular stages before combining them to a simple cell. However, the extended
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model would lose its simplicity, as more computational steps are required [PC01].
Furthermore, the model only describes how absolute disparity is detected in V1 but
does not predict the behaviour of higher cortical areas. Further research is needed to
expand the model to extrastriate areas and relative disparity. One possible approach
would be to use the response of two V1 complex cells to create relative disparity
sensitivity found in higher cortical areas [Par07].

4.3 Relation to cross-correlation

In the previous chapter 3, the neurons in V1 are described as local absolute disparity
detectors, performing something similar to cross-correlation. Does this also become
apparent in the model?
The simple cell response can be written as

rs = L+R (4.13)

with the filtered left and right images L,R. The complex cell is built from two simple
cells in quadrature and hence

rq = (L1 +R1)
2 + (L2 +R2)

2 (4.14)

The squaring yields two cross-terms which determine the cells disparity tuning be-
haviour [QZ97].

rq ≈ const + 2L1R1 + 2L2R2 (4.15)

Hence, the cross-terms in the model relate the filtered left and right images by
multiplication, similar to cross-correlation. However, compared to the standard
cross-correlation between two images

r(d) =

∫ ∞
−∞

∫ ∞
−∞

Il(x, y)Ir(x− d, y)dxdy (4.16)

the images are filtered with the receptive fields before. Also, there are two cross-
terms in the cortical approach compared to one in the standard formulation. Fur-
thermore, in equation 4.16 the whole image patch is integrated, while in the cortical
model L and R are scalars [QZ97].
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Cortically inspired algorithms

The disparity model, introduced in chapter 4, is a good approximation for the re-
sponse of a disparity tuned complex cell. The question is, how this could be used in
computer vision?
In order to compute disparity maps of binocular stimuli, not a single disparity tun-
ing curve of a complex cell is of interest but the response of a population of cells
[CQ04]. At each spatial location (e.g. pixel) there are many complex cells with dif-
ferent properties (frequency (scale), orientation, phase offset, position offset) leading
to various preferred disparities. Given binocular stimuli, the response of each pop-
ulation of cells is used to estimate the disparity. The question is, how the complex
cells at each location should be chosen (model, orientation, frequency) and how the
disparity can be estimated accurately from the responses.
Hence, cortically inspired algorithms to compute disparity maps using the disparity
model are explained in section 5.1. Their biological plausibility is assessed in 5.2.

5.1 Algorithms

A simple algorithm to compute disparity maps of RDS was proposed by Quian et
al. [QZ97] (see figure 5.2A). One-dimensional vertically oriented Gabor functions
and 8 complex cells in each location were used. The 8 cells vary in phase difference
or in position offset for each model respectively. Before the disparity estimation,
the spatial pooling described in equation 4.5 is applied. In order to account for
the sparse population of tuned complex cells, parabolic interpolation is used for
estimation [QZ97]. The peak response then yields the disparity estimate. For this
specific approach, the phase and position approach yield similar results. However,
the RFs of real complex cells are two dimensional and not always vertically oriented.
Additionally, natural scenes have different characteristics than synthetic RDS.
To tackle these limitations Chen et al. suggested another approach [CQ04] (see figure
5.2B). In contrast of using only the phase or position-shift model, both are combined
in a coarse-to-fine approach. They found that the population response using the
phase shift-model is more reliable and accurate for small stimulus disparity than
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the position-shift model. However, the accuracy decreases with increasing disparity,
hence an iterative algorithm is proposed. At first, the disparity is estimated using
the phase-shift model and no position shift (s = 0), yielding an estimate d0. This
value is used as a position shift (s = d0) to decrease the disparity of the stimulus
and an estimate d1 is computed again using the now shifted population of complex
cells. This is repeated iteratively with s = di and dest = d0 + ...+di. On top of that,
2D Gabor functions with different orientations and scales are considered in each
location. To do so, there is a population of complex cells with different orientation
and phase difference, whereas the shift s and the scale are fixed in each iteration.
After each update, the shift is set to the current estimate and the scale is decreased
(w0 gets larger and Gaussian envelope σ smaller, w0σ = π). Furthermore, spatial
and orientation pooling is applied before estimation to gain more robust results.
The algorithm is applied to both, synthetic RDS and natural images. Figure 5.1
illustrates how the iterative algorithm refines the resulting disparity map in each
step.

Figure 5.1: A) RDS used; B) true disparity map C) iterative result using coarse-to-
fine approach (rearranged from [CQ04])

In [TS09] a Bayesian approach for estimating the disparity is introduced (see figure
5.2C). Instead of using the peak (P ) or average (M) of a population response as
an estimate, they propose a normalized response R = P−M

M
, which is approximately

linear dependent on the log Bayes factor1. In that way they use the value of R as a
scaled measure of the evidence. Moreover, compared to the coarse to fine method,
they only use one preferred frequency (scale), five different orientations and the hy-
brid energy model. Hence, in each location there are complex cells with varying
position- and phase-shift, orientation but equal standard deviation and frequency.
Like in the other algorithms, spatial pooling is applied between complex cells with

1The factor indicates whether the hypotheses that the population disparity is close to the true
value or not is valid.
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equal position, phase-shift and orientation. The normalized response R is then com-
puted for each phase-shifted population at a fixed position-shift s ∈ {0, 1, ..., 127},
and fixed orientation. To accumulate the evidence across the orientations, the nor-
malized responses are pooled. The position-shifted population with maximum nor-
malized response R is chosen as disparity estimate. As R is normalized, it can also
be used to detect occluded areas, which yield small responses below a threshold.
This approach is extended in [MG10], which also includes pooling across two differ-
ent scales of normalized responses R after orientation pooling. For an overview of
all presented algorithms see figure 5.2.

Figure 5.2: A) [QZ97] Peak of spatially pooled response of 8 complex cells with
position or phase-shift yields estimate; B) [CQ04] Coarse-to-fine, iterative compu-
tation with reduced scale; C,D) [TS09],[MG10] Hybrid population, estimate found
choosing the maximum normalized response, scale pooling only in algorithm D).

In order to compare the performance of these cortical algorithms it is interesting to
discuss their performance on the well-known Middlebury College data sets. Figure
5.3 shows the resulting disparity maps of the ”Cones” and ”Teddy” test images as
well as the ground truth. Disparities are horizontal and in the range of {0, 1, ..., 127}.
The percentage of false disparity values within the non-occluded areas is lowest for
the normalized response algorithm with scale pooling [MG10] (5.3D), followed by
the similar approach without pooling [TS09] (5.3C). The coarse to fine approach
yields a higher error rate [TS09], which likely is due to the rather large range of
disparities within the test-sets (5.3B).
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Figure 5.3: B) Coarse-to-fine algorithm [CQ04]; C) Normalized response algorithm
[TS09]; D) with scale pooling [MG10] (rearranged from [TS09], [MG10])

5.2 Biological plausibility

Although it is not yet known how the brain decides for a specific disparity value given
a population response, all described algorithms are biologically plausible. Pooling of
cells with nearby spatial locations, different orientation and frequency are possible
computations performed by real cells. Additionally, there is also evidence for the
coarse to fine approach as described in chapter 3. However, it is clear that the
disparity tuned cells in V1 are not the final processing stage for depth perception
and hence the cortical algorithms also have to be evaluated this way. They provide
a proof of concept for the local detection of absolute disparity in a biologically
plausible manner. A more detailed understanding of the further cortical processing
stages is needed to derive improved algorithms more closely related to the actual
perception of depth.
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Conclusion

In this report, the question how the 3D-world is constructed in the brain is answered
with focus on binocular disparity. There are neurons tuned to binocular disparity
in V1 and most other areas of the visual cortex. Cells in the striate cortex can be
described as absolute local disparity detectors, whereas neurons in extrastriate areas
are also sensitive to relative disparity. The disparity model has shown to be a good
approximation for disparity tuned complex cells in V1, which is used by cortically
inspired algorithms for disparity estimation. However, it is still not clear how the
binocular disparity information is transformed into actual depth perception.
The human eyes, converge on a point of fixation, which defines zero disparity. Thus,
without knowing the distance to the fixation plane, the perceived depth of an object
would change with viewing distance. The vergence signal of the eyes could provide
crucial information for depth perception and constancy [MWTR00]. However, as
pointed out before, there is evidence that corrective vergence movements are driven
by absolute disparity computations before depth perception. Anti-correlated RDS
do not result in depth perception but yield inverted vergence movements [MBM97].
Moreover, a recent study showed that depth can even be recovered under diplopia1

[LWAH14], which also argues against a strong involvement in depth perception.
Thus, vergence may only be seen as mechanism to fuse binocular images and to
limit the range of possible disparities.
Further research is needed to fully understand how the brain provides a 3D-world
from two 2D images. The disparity sensitive cells in V1, which respond to anti-
correlated RDS, cannot fully describe our perception of depth. Hence, the role of
extrastriate areas has to be better understood. A detailed knowledge of the different
cortical processing stages beyond V1 may then be useful to derive enhanced models
and cortical algorithms for artificial vision systems.

1left and right images are not fused, double vision
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