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Abstract

How does the visual cortex process complex natural scenes? The 3D LAMINART model
has been developed to clarify how laminar cortical mechanisms interact to create 3D
boundary and surface representations that are embodied in conscious 3D percepts, and to
thereby explain and predict data from psychophysical, neurophysiological, and
neuroanatomical experiments. Here the model is applied to show how the same
mechanisms, suitably refined, can generate 3D boundary and surface representations in
response to natural scenes. Model accuracy on tested scenes is comparable to state-of-
the-art results. The 3D LAMINART model does not, however, directly create a disparity
map. Rather, it generates a 3D representation of a scene’s boundary groupings and filled-
in surfaces that can be used to see and recognize objects in it, as well as to derive such a

map for benchmark purposes.
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1. Introduction: Different modeling approaches to representing natural scenes
Understanding how humans and other animals see the world in depth is an essential first
step in understanding many visual behaviors. Many stereo algorithms for natural images
have been developed in the computational community (e.g., Baker and Binford, 1981;
Kanade and Okutomi, 1994; Levine, O’handley and Yagi, 1973; Lloyd, Haddow and
Boyce, 1987, Marr and Poggio, 1976, 1979; Mori, Kidode and Asada, 1973; Xie,
Girshick, and Farhadi, 2016; Zitnick and Kanade, 2000; Zontar and LeCun, 2015). A
comparison of the explanatory range of the 3D LAMINART model proposed herein with
some leading alternative algorithms is provided in Table 1.

Table 1. Properties of several computational and biological stereovision models.

Model Natural 3D Surface Panum’s | da Vinci Dichoptic | Contrast Venetian | Polarity- Sparse Bistable
scenes representation | limiting stereopsis masking variations blind reversed images percepts
case (Nakayama (McKee (Smallman | effect da Vinci (Fang and
and Simojo, | etal, and (Howard | stereopsis Grossberg,
1990; 1994, McKee, and (Nakayama | 2009)
Gillamet al, | 1995) 1995) Rogers, and Simojo,
1999) 1995) 1990)
Bayesian diffusion Yes No No No No No No No No No
(Scharstein and
Szeliski, 1998)
Cooperative Yes No No No No No No No No No
(Zitnick and
Kanade, 2000)
Belief propagation Yes No No No No No No No No No
(Sun et al, 2003)
Semiglobal Yes No No No No No No No No No
(Hirschmuller,
2008)
Disparity energy Yes, No Yes Nakayama No No No No No No
(Chen and Qian, but no and Simojo,
2004; Assee and accuracy 1990 only
Qian, 2007) reported
3D LAMINART Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Area-based methods. These algorithms can be divided into two categories: area-based
methods and feature-based methods. For area-based methods (e.g., Kanad and Okutomi,
1994; Zitnick and Kanade, 2000), a small window centered at a given pixel is chosen as
the basic unit that is matched across two images. A difficulty for this type of method is
how to choose the size of supporting windows. A smaller window is usually desirable to

avoid unwanted smoothing. However, in areas of homogeneity or low texture, a larger




window is needed so that the window contains enough intensity variation to achieve
reliable matching.

In order to obtain a smooth and detailed disparity map, these methods generally use
two basic assumptions: uniqueness and continuity. That is, a pixel in one image can
correspond to no more than one pixel on the other image (uniqueness), and disparity is
continuous for two neighboring pixels (continuity). However, both uniqueness and
continuity assumptions cannot be strictly satisfied in most images. Depth is often
discontinuous across edges, and the uniqueness constraint is not satisfied in response to
many scenes and natural images. These properties are clearly depicted in psychophysical
displays that depict Panum’s limiting case and Da Vinci stereopsis (Cao and Grossberg,
2005, 2012; Grossberg, 1994; Grossberg and Howe, 2003; Grossberg and McLoughlin,
1997; Mckee et al., 1995, 1995; McLoughlin and Grossberg, 1998; Nakayama and
Shimojo, 1990).

Panum’s limiting case illustrates how our brains can binocularly match, and fuse, a
single feature that is seen in one eye with more than one feature that is seen in the other
eye. Da Vinci stereopsis illustrates how part of a depthful scene may be registered by
only one retina due to occlusion by a nearer part of a scene. Despite the fact that the
monocularly viewed part of the scene carries no depth information, it may be seen at a
definite depth due to interactions with parts of the scene that are seen by both eyes. Such
percepts are generated by brain mechanisms that violate uniqueness and continuity
assumptions in multiple ways.

In general, area-based methods work well for some natural images, but they do not
work well for images including large homogeneous regions, such as are found in
numerous smooth human-made objects, and around edges where disparity is
discontinuous.

With the successful recent application of convolutional neural networks (CNN) to
vision problems, CNN-based stereo matching methods have appeared (e.g., Xie,
Girshick, and Farhadi, 2016; Zbontar and LeCun, 2015;). These models first train a deep
convolutional network on ground-truth stereo pairs of small image patches, and then do
inference on other image pairs. Their advantage is the high performance on large datasets

such as the KITTI stereo dataset (Geiger et al, 2013). In this paper, we do not aim at



competing in performance with these deep learning based models that need to train their
networks on large ground-truth datasets first, but rather show that a biologically plausible
laminar cortical model that explains many psychophysiological phenomena (see Table 1)
can also be extended to do stereo-matching on natural images without any prior learning.
Feature-based methods. For feature-based methods (e.g., Sherman and Peleg,
1990), image features are the basic units that are matched. Features can include occlusion
edges, vertices of linear structures, prominent surface markings, and intensity anomalies.
In particular, both edge points and edge contours have been used as matching features. In
edge-based methods, a main type of feature-based methods, one common constraint is
edge consistency. That is, all matches along a continuous edge must be consistent. The
uniqueness assumption is also used. In general, feature-based methods produce only a
sparse disparity map.
3D LAMINART: Laminar cortical model of 3D boundary and surface
formation. Although many stereo algorithms as aforementioned have been developed,
they can neither explain how the visual cortex processes complex natural scenes, nor the
percepts induced by many psychophysical displays. The 3D LAMINART model (Figures
1 and 2) has been developed to explain how the visual cortex sees. In particular, the
model proposes how visual cortical areas are defined in terms of layered circuits,
typically with six characteristic layers (Brodmann, 2009; Felleman and van Essen, 1991;
Martin, 1989; Pandya and Yeterian, 1985), and how these laminar circuits interact using
bottom-up, horizontal, and top-down connections to generate 3D boundary and surface
representations whose properties simulate those of conscious 3D surface percepts. Here
the model is used to show how these mechanisms, properly refined, can explain how the
brain generates 3D boundary and surface representations in response to complex natural
scenes. The model describes how early monocular and binocular cortical cells that carry
out bottom-up adaptive filtering (e.g., latereal geniculate nucleus (LGN) and V1 cortical
cells in Figure 2) interact with later stages of 3D boundary completion and surface filling-
in (e.g., V2 and V4 cortical cells in Figure 2). In particular, the model proposes how
interactions between layers 4, 3B, and 2/3 in V1 and V2 contribute to stereopsis (Figure
1), and how binocular and monocular information combine to complete 3D boundary and

surface representations at subsequent cortical processing stages.
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Figure 1. The 3D LAMINART model circuit diagram. The model consists of a V1 Interblob - V2 Pale

Stripe stream (Boundary Stream, in green) and a V1 Blob - V2 Thin Stripe stream (Surface Stream, in red).
The two processing streams interact to overcome their complementary deficiencies and create consistent
3D boundary and surface percepts. A disparity filter (DF) exists in both V2 pale stripes (boundary network)
and thin strips (surface network), with the gray boxes denoting multiple surfaces which inhibit each other

across depth in V2. The new connections are denoted in dashed lines.
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Since its introduction, the 3D LAMINART model has been incrementally refined
through experimental and theoretical analyses that have led to the discovery of additional
design constraints that explain and predict additional perceptual, anatomical, and
neurophysiological data. Each such embodiment illustrates a “method of minimal
anatomies” wherein every model process realizes functional properties without which
significant bodies of data cannot be explained. By proceeding in this way, as increasingly
complex brain processes are modeled, each model process continues to play clear
functional roles that are tightly linked to data explanations.

Complementary boundaries and surfaces and complementary consistency. The
3D LAMINART model builds upon the discovery that the visual cortical streams that
process perceptual boundaries and surfaces obey computationally complementary laws
(Figure 3; e.g., Grossberg, 1994). In particular, boundaries are completed inwardly
between pairs of similarly oriented and collinear cell populations (the so-called bipole
grouping property; see Section 2.4 and equation (26)). This inward and oriented boundary
process enables boundaries to complete across partially occluded object features.
Boundaries also pool inputs from opposite contrast polarities, so are insensitive to
contrast polarity. This pooling process enables boundaries to form around objects that are
seen in front of backgrounds whose contrast polarities with respect to the object reverse
around the object’s perimeter (e.g., Figures 3a and 3c). Because boundaries pool across
opposite contrast polarities (e.g., light-to-dark and dark-to-light contrasts), they give up
the ability to represent visible contrast comparisons (e.g., lighter vs. darker), and thus
cannot represent visual qualia. This conclusion can be vividly summarized as the claim
that “all boundaries are invisible”, or amodal, within the boundary cortical stream, which
proceeds from the LGN through the interblobs of cortical area V1, then through the pale
stripes of cortical area V2, and on to cortical area V4 (Figure 1)

If all boundaries are invisible, then how do we see the world? The 3D LAMINART
model proposes that “all visible percepts are surface percepts” formed within the surface
processing stream that passes from the LGN through the blobs of V1, then through the
thin stripes of V2, and on to V4 (Figure 1). Within this stream, surface brightness and
color fill-in outwardly in an unoriented manner until they reach object boundaries or

dissipate due to their spread across space (Figure 3; Grossberg and Todorovic, 1988).



This filling-in process is also sensitive to contrast polarities because it subserves all

conscious visual percepts.

BOUNDARY COMPLETION SURFACE FILLING-IN
oriented unoriented

inward outward

insensitive to contrast polarity sensitive to contrast polarity

Figure 3. Examples of complementary boundary and surface processes. The square
illusory contours in (a) and (b) illustrate that boundaries form in an oriented way
inwardly between pairs or greater numbers of boundary inducers. Figures (a) and (c) also
illustrates that boundaries can be completed between opposite contrast polarities, and thus
that they combine opposite contrast polarities at each position, thereby becoming
insensitive to contrast polarity. Figures a, b, and d illustrate how surface brightnesses and
colors can fill-in outwardly in an unoriented way, spreading in all directions, until they
hit a boundary or are attenuated by their spatial spread. These surface brightnesses and

colors can be seen, and thus are sensitive to contrast polarity.

These computational properties of boundaries and surfaces (inward-outward,
oriented-unoriented, insensitive-sensitive) are manifestly complementary (Figure 3).
Cross-stream interactions between boundaries and surfaces at a series of processing

stages (Figures 1 and 2) overcome their complementary deficiencies and generate



consistent percepts of objects in the world, a property called complementary consistency
(Grossberg, 2008).

Adapting 3D LAMINART to process incomplete 3D boundaries in natural
scenes. Two major challenges for processing natural scenes are that pictorial and scenic
boundaries are often incomplete, and cluttered scenes incorporate many possibilities of
false binocular matches (see Figures 4, 12 and 13). In order to deal with these challenges,
the main new developments in the current enhanced model are (see Figures 1 and 2):

(1) Interactions occur from V1 binocular boundaries to V1 monocular surfaces.
They help with initial depth assignments (see Section 2.3).

(2) Feedback interactions occur between V2 binocular boundaries and V2
monocular surfaces. In particular, surface contour feedback signals from V2 surfaces to
V2 boundaries (signals S-to-B in Figure 2) had earlier been used to explain data about 3D
figure-ground separation, among others (e.g., Grossberg, 1994, 2016; Grossberg and
Yazdanbakhsh, 2005). Herein, such signals also help to deal with broken boundaries and
to eliminate false binocular matches (see Sections 2.4 and 2.5).

By (1) and (2), both VI and V2 now exhibit more homologous interactions
between their boundary and surface representations.

(3) A disparity filter (DF in Figure 1) is defined in both the boundary and surface
processing streams in V2, rather than just in the boundary stream of previous model
instantiations. Together, they help to solve the Correspondence Problem and generate
correct 3D surface representations by inhibition along lines-of-sight (see Sections 2.4 and
2.5).

These refinements together create a more symmetric set of interactions within and
between the various boundary and surface processing stages of the model. They are used
to clarify how the brain may complete the broken boundaries that are often generated by
natural images. They do not, however, affect the model explanations of psychophysical
percepts that were given in Cao and Grossberg (2005, 2012), which did not require the
completion of broken boundaries. The model hereby provides a unified approach to
providing both a quantitative explanation of perceptual and neurobiological data about
3D boundary and surface perception, as well as a system for 3D processing of natural

scenes in computer vision applications.
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Besides overcoming the uniqueness and continuity constraints, and hereby
explaining psychophysical data such as those that arise when viewing displays of
Panum’s limiting case and Da Vinci stereopsis, the 3D LAMINART model also shows
how cortical interactions between boundary and surface representations overcome the
problem of choosing the size of windows that is faced by area-based stereo methods,
thereby avoiding unwanted smoothing across edges, and achieves edge consistency, as
sought by edge-based stereo methods. Furthermore, the model generates a 3D surface
percept of natural images (e.g., Figures 8 and 11). Alternative stereo algorithms instead
have aimed at primarily generating a dense disparity map. Also relevant are explanations
and simulations of 3D surface percepts in response to both dense and sparse stereograms,
including definite depth assignments to the large ambiguous surface regions in the latter
whose uniform white color provides no cues to depth, and figure-ground percepts in
response to dense stereograms that represent partially occluded objects, despite the fact
that the boundaries that are needed to complete the partially occluded object occur across
an occluding gap that is much larger than the defining features of the stereogram (Fang

and Grossberg, 2009).

2. Model description

It is known that the visual cortex consists of several parallel processing streams (DeYoe
and Van Essen, 1988). As noted in Section 1, 3D LAMINART models two of these
streams: a boundary stream and a surface stream. Figure 1 describes an anatomically
labelled laminar cortical circuit diagram of the model. The boundary stream passes from
the lateral geniculate nucleus (LGN) through the V1 interblobs and then to the V2 pale
stripes and V4 to select and complete 3D boundary groupings. The surface stream passes
from the LGN through the V1 blobs and then to the V2 thin stripes and V4 to fill-in 3D
surface representations of depth, lightness, and color. The two streams interact to
overcome their complementary computational deficiencies and thereby create consistent
3D boundary and surface percepts (Grossberg, 1994). Figure 2 provides a block diagram
of the model that labels the boundary and surface processing stages that correspond to the
anatomically labeled stages in Figure 1. In particular, the boundary stream has five

component networks: V1 monocular boundaries, V1 binocular boundaries, and V2
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binocular boundaries. The surface stream has three component networks: V1 monocular
surfaces, V2 monocular surfaces, and V4 binocular surfaces. A mathematical description
of model equations and parameters is provided in Section 4.

A heuristic functional description of these processing stages is provided in this
section. This description also includes the equation numbers of the corresponding model
equations in Section 4 to facilitate comparison of these functional and mathematical
descriptions. The mathematical variables are also provided in Figure 1 to facilitate
visualization of the flow of information throughout the model architecture.

2.1. V1 monocular boundaries

The left and right retinal images are first processed by LGN cells that use on-center off-
surround networks whose cells obey membrane equation, or shunting, dynamics to
compensate for variable illumination levels (i.e., “discount the illuminant”) and contrast
normalize the response to scenic contrast (Grossberg, 1973, 1980). These equations are
solved at equilibrium (equations (2)-(6)), as are various other model processes that
represent fast dynamics. LGN cells then input into oriented polarity-selective filters that
model monocular simple cells in V1 layer 4 (Hubel and Wiesel, 1968). Simple cells with
odd and even symmetry are simulated at six different orientational selectivities
(equations (7)-(10)). Due to their polarity-selectivity, simple cells are sensitive to either
dark-light or light-dark contrast polarity, but not both. They mutually inhibit one another
across orientation and position, hereby contrast normalizing their responses (equation
(11); Grossberg and Mingolla, 1985a, 1985b; Heeger, 1992). This divisive normalization
process helps to enhance weak boundaries. Simple cells at the same position that are
sensitive to the same orientation but opposite contrast polarities generate outputs to
monocular complex cells in V1 layer 2/3 (equation (15)). Monocular complex cells in
layer 2/3 sum these inputs to implement contrast-invariant boundary detection.

2.2. V1 binocular boundaries

V1 binocular boundaries start to get computed by successive processing stages in layers
4, 3B, and 2/3 in the interblobs of V1. Left and right eye monocular simple cells in layer
4 with the same orientational selectivity and contrast polarity (equation (12)) are
binocularly fused in layer 3B to give rise to disparity-selective binocular simple cells

(Poggio and Fischer, 1977; Poggio et al., 1988). These binocular simple cells are
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selective for both binocular disparity and contrast polarity. The latter property is said to
satisfy the same-sign hypothesis (Howard and Rogers, 1995). The layer 4 cells also
activate inhibitory interneurons in layer 3B (equations (13)-(14)) whose inhibition of
each other and of the binocular simple cells ensures that binocular simple cells respond
only when their left and right eye inputs are approximately equal in magnitude and of the
same contrast polarity. This is called the obligate property (Poggio, 1991). The same-sign
and obligate properties help to avoid false binocular matches—that is, binocular matches
that do not correspond to the same object boundary—and thereby to help solve the
correspondence problem (Howard and Rogers, 1995; Julesz, 1971). They are not,
however, sufficient to completely solve the correspondence problem. For this, more
interactions are needed in cortical area V2, as summarized below.

Layer 3B binocular simple cells that are sensitive to the same position and
disparity but opposite contrast polarities pool their signals at layer 2/3 binocular complex
cells (equation (18)). These binocular complex cells also pool inputs from nearby depths
and positions to as part of the process whereby a finite number of cell populations can
support percepts of depth that change continuously across a scene (equations (16)-(17)).
As in the monocular cases in Section 2.1, layer 2/3 binocular complex cells implement
contrast-invariant boundary detection, in addition to being disparity selective.

2.3. V1 Monocular Surfaces

V1 monocular surfaces start to get processed in the V1 blobs. The V1 left (right) surface
receives lightness signals from left (right) LGN cells. These surface cells also receive
modulatory signals from V1 binocular simple cells, which enhance the activities of
surface cells at the corresponding positions (equations (19)-(23)). These interactions help
to guide initial depth assignments. A surface filling-in process may exist in V1 (Huang
and Paradiso, 2008; Fang and Grossberg, 2009), but it is omitted here for simplicity.
However, adding such a process will not undermine the current results.

2.4. V2 boundaries

V1 boundaries accomplish the first stages of binocular fusion, but do not carry out
spatially long-range boundary completion, which begins in the V2 pale stripe region and
is completed in V2 layer 2/3. This layer 2/3 boundary completion process receives its

inputs from V2 layer 4, which combines monocular and binocular inputs from V1 layer
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2/3 (equation (24)). In particular, pale stripe V2 layer 4 cells receive inputs from
binocular complex cells at the corresponding position, as well as from left and right
monocular complex cells, all from V1 layer 2/3. Since the monocular cells are not
associated with a particular depth plane, their outputs are added to all depth planes in V2
layer 4 along their respective lines-of-sight. The combination of monocular and binocular
information helps to complete depthful percepts at all positions in response to many
scenes wherein part of the scene can be seen by only one eye due to occlusion by nearer
objects. Such percepts are often described under the rubric of da Vinci stereopsis
(Nakayama and Shimojo, 1990). Several different examples of da Vinci stereopsis have
been simulated (Cao and Grossberg, 2005, 2012; Grossberg and Howe, 2003).

The V2 layer 4 cells also receive feedback signals from left and right V2
monocular surfaces that are formed in the V2 thin stripe region (equations (24) and (25)).
These surface-to-boundary feedback signals help to select consistent percepts despite the
computationally complementary laws of boundary completion and surface filling-in
(Grossberg, 1994). These feedback signals modulate V2 layer 4 cells in the following
way: the activity of an active layer 4 cell is enhanced if it receives either a left or right
surface-to-boundary excitatory feedback signal, or both. Its activity is suppressed
otherwise. These surface-to-boundary feedback signals play an indispensable role in
explaining percepts of some stereo displays, and in figure-ground separation (Cao and
Grossberg, 2005; Fang and Grossberg, 2009; Grossberg and Yazdakbakhsh, 2005; Kelly
and Grossberg, 2000). They are called surface contour signals because they are generated
by contrast-sensitive on-center off-surround networks across space and within disparity
that respond only at the bounding contours of successfully filled-in surfaces within the
V2 thin stripes; that is, surfaces that fill-in within closed boundaries that can contain the
filling-in process.

As noted in Section 2.2, V1 layer 3B binocular cells attempt to match every edge
in one retinal image with every other like-oriented edge in the other retinal image within
its disparity range that has the same contrast polarity and approximately the same
magnitude of contrast. These same-sign and obligate properties help to reduce the
number of false matches that are computed in V1. However, not all false matches are

eliminated in V1. Figure 4 shows nine possible matches if each eye sees three bars. Only
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the three matches in the fixation plane are correct (three solid black ellipses), and the
others are false. Such false matches are suppressed in V2 via a disparity filter (Cao and
Grossberg, 2005; Grossberg and McLoughlin, 1997). The disparity filter works as
follows: The solid lines in Figure 4 depict the monocular lines of sight of the contrastive
inputs from the left and right eyes. The disparity filter encourages unique matching by

generating line-of-sight inhibition from each neuron to all other neurons that share either

of its monocular inputs.

Left Eye View Right Eye View

Fixation Plane

Figure 4. The V2 disparity filter. In response to this image, the V1 boundary network
creates nine matches. Only the three matches (filled dots) in the fixation plane are true,
others (open dots) are false. These false matches are suppressed by the disparity filter in
V2, wherein each neuron is inhibited by every other neuron that shares a monocular line-

of-sight represented by the solid lines.

The model proposes that the disparity filter occurs in V2 layer 2/3 (DF in Figure
2), where it is part of the inhibitory interactions that control boundary completion, also
called perceptual grouping, by long-range horizontal connections in V2 layer 2/3. The
model hereby parsimoniously combines suppression of false matches, and thus a solution
of the correspondence problem, with the process of long-range perceptual grouping (Cao
and Grossberg, 2005, 2012).

Perceptual grouping is achieved by binocular complex cells in V2 layer 2/3 whose

collinear, coaxial receptive fields excite each other via long-range horizontal axons.
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These excitatory interactions are balanced by short-range disynaptic inhibition via
inhibitory interneurons (Figure 1). This balance of excitation and inhibition helps to
control grouping by implementing the bipole property (Grossberg, 1999; Grossberg,
Mingolla and Ross, 1997; Grossberg and Raizada, 2000; Grossberg and Williamson,
2001). The bipole property ensures that grouping can occur inwardly in response to pairs,
or greater numbers, of approximately collinear cells whose orientational tuning is
sufficiently similar, but not outwardly in response to individual cell activations.

This combination of excitation and inhibition in V2 is homologous to the one in
V1 that realizes the obligate property (Figure 1). It remains to be determined whether
both processes have a similar phylogenetic ancestor. This boundary grouping process,
together with contrast-invariant boundary detection and the suppression of false binocular
matches, allows consistent and connected object boundaries to be formed even in
response to noisy textured backgrounds (equations (26)-(37)).
2.5. V2 monocular surfaces
The network that forms V2 monocular surfaces is located in the V2 thin stripes, which
receive binocular boundary signals from the V2 layer 2/3 pale stripes and monocular
lightness and color signals from the V1 blobs (Figure 1). The boundaries define the
regions within which filling-in of lightness and color can occur (Figure 5). Multiple
boundary representations exist that are formed in response to image properties are
different depth ranges. Each of them attempts to capture monocular surface signals that
abut and are collinear with them. This process of surface capture enables the surface
signals from V1 to be selectively filled-in within depth-selective Filling-In DOmains, or
FIDOs (Grossberg, 1994). Previous simularions have illustrated how 2D surfaces
(Grossberg and Hong, 2006; Grossberg and Mingolla, 1985b; Grossberg and Todorovic,
1988) and 3D surfaces (Fang and Grossberg, 2009; Grossberg, 1994, 1997; Grossberg
and McLoughlin, 1997; Grossberg and Swaminathan, 2004; Grossberg and
Yazdanbakhsh, 2005; Hong and Grossberg, 2004; Kelly and Grossberg, 2000) may be
generated by such a boundary-gated filling-in process, and have thereby explained and
predicted many psychophysical and neurobiological data about how the brain sees 2D
and 3D surfaces. Psychophysical data (e.g., Paradiso and Nakayama, 1991; Pessoa and
Neumann, 1998; Pessoa, Thompson and Noe, 1998) and neurophysiological data (e.g.,

16



Lamme, Rodriguez-Rodriguez and Spekreijse, 1999; Rossi, Rittenhouse and Paradiso,

1996) have supported the existence and predicted properties of such a filling-in process.

a) Depth 1 b) Depth 1

Depth 2 Depth 2
K
28

Figure 5. (a) Open and connected boundaries; (b) Filling-in of surface lightness. The
connected boundaries in Depth 1 can contain filled-in lightness signals, but open

boundaries in Depth 2 cannot.

The filling in process is here, as is often the case, modeled by a boundary-gated
diffusion equation (Grossberg and Todorovic, 1988; however, also see Grossberg and
Hong (2006) for a much faster filling-in process). The 3D LAMINART model clarifies
how only perceptual regions that are surrounded by a closed and connected boundary can
become part of a conscious 3D surface percept (Figure 5) due to the fact that surface
contour feedback signals are not generated around regions where filling-in spills out of a

large open boundary, as illustrated in Figure 5 by the incomplete Depth 2 boundary
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(Figure 5a) and uncontained filling-in (Figure 5b). This fact highlights the importance of
correctly completing perceptual boundaries.

One reason for broken boundaries in response to natural images is that the object
contours at corresponding positions along an object seen in depth may have opposite
contrast polarities. This is illustrated in Figure 10 below as part of the analysis of how the
model processes such images. By the same-sign hypothesis, such contour positions
cannot be binocularly fused. Bipole binocular boundary completion is thus not sufficient
to complete binocular boundaries across all such positions. It has already been noted,
however, that the model adds V1 monocular boundaries to the V2 layer 2/3 binocular
boundaries that gate the V2 monocular surface filling-in process (Figures 2 and 11).
These monocular boundaries can provide boundary inputs even at positions where the
same-sign hypothesis is violated.

However, this addition adds monocular boundaries to a/l depths within the surface
stream. These boundaries can potentially capture monocular surface information from V1
at multiple depths, thereby creating the same kind of correspondence problem in the
surface stream that the disparity filter helps to solve in the boundary stream. A disparity
filter in V2 is thus added to the surface stream as well to cope with this surface-based
correspondence problem.

In summary, as noted in Section 2.4, within the boundary stream, a V2 disparity
filter is needed to eliminate spurious boundaries at the incorrect depths. In the current
model, a V2 surface disparity filter is introduced to eliminate filled-in surface signals at
incorrect depths. In other words, each V2 surface cell inhibits all other surface cells that
shares one of its monocular lines-of-sight (equations (39), (44) and (45)). This V2 surface
disparity filter, together with the filling-in process, creates the 3D monocular surface
representations that are captured at different depths by binocular boundaries in the V2
thin stripes.

Thus, the current model embodies a more symmetric organization which includes
interactions between boundaries and surfaces in both V1 and V2, and disparity filters in

both the boundary and surface streams.
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Figure 6. University of Tsukuba scene (courtesy of the University of Tsukuba). Left: Left
input image; Right: Right input image.

Successfully filled-in monocular surfaces in V2 then send their surface contour
signals—that is, contour-sensitive surface-to-boundary feedback signals—into V2 layer 4
(Figure 2, equations (48)-(50)). These surface-to-boundary signals modulate the activities
of V2 boundary cells so that the boundaries that surround the successfully filled-in
surfaces are enhanced and other boundaries are suppressed. See equations (38)-(50) for
mathematical details.

2.6. V4 surfaces

Area V4 receives boundary signals from the V2 layer 2/3 pale stripes and lightness
signals from the LGN, which are modulated by signals from the V2 thin stripes
(Appendix equations (52)-(54)). In particular, successfully filled-in features in the V2
thin stripes are subtracted from farther depths (surface pruning) in V4 to ensure that
opaque objects do not look transparent (Fang and Grossberg, 2009; Grossberg, 1997,
Figure 21). The V4 binocular surface representation then fills-in the final visible depth-
selective surface representation (Appendix equations (51)-(56)).

3. Results
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The model’s ability to process natural images is illustrated using three benchmark images

that illustrate different combinations of computational problems.

a) b)

Figure 7. (a) Ground truth disparity map for University of Tsukuba scene (courtesy of the
University of Tsukuba); (b) Disparity map found using our 3D LAMINART model; (c)
Disparity map found excluding the new connection from V1 monocular boundary to V2
monocular surface (c.f. Figure 2); (d) Disparity map found excluding the new connection

from V1 binocular boundary to V1 monocular surface (c.f. Figure 2).

3.1. University of Tsukuba Scene with Ground Truth

The University of Tsukuba's Multiview Image Database is a famous benchmark that
provides real stereo image pairs of a complex scene along with ground truth data. Figure
6 shows the stereo image pair, with the ground truth data shown in Figure 7a. Figure 8

summarizes a computer simulation of the model’s 3D surface lightness representation.
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Disparity 14 Disparity 11

Disparity 10 Disparity 8

Disparity 6 Disparity 5

Figure 8. 3D surface representation for University of Tsukuba scene found using the 3D

LAMINART model.

Each major part of the scene (lamp, statue of head, bottle, table, camera, bookcase
and other background featural details) are correctly separated in depth and filled-in. In
order to compare with the ground truth data in Figure 7a, a disparity map of this surface
representation is provided in Figure 7b. For each point in the reference image (the left

image of Figure 6), its disparity value is computed as the depth (disparity) that has the
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maximal lightness signal strength along the left line-of-sight. The accuracy is 96.2%, in
which an error is counted when the disparity difference between the resulting disparity

map and the ground truth data is greater than one pixel.

Disparity 14 Disparity 11

L — . Spa _ , 7 -3 — 1
j o8]
Disparity 10 Dispartty. 8
- | . '|. %

. - | Y

; .
.. I P - o) :ﬁi
’ v v i
3 : 31 3

Figure 9. V2 layer 2/3 binocular boundaries for University of Tsukuba scene before the new connections
are added. The dotted circles in Disparity 14 and Disparity 8 emphasize some incomplete boundary regions,
and the dotted circle in Disparity 6 shows a false match. The incomplete binocular boundaries in circled
regions are mainly due to unmatched contrast polarities of left and right monocular boundaries which are
caused by cluttered background (cf. Figure 12). In particular, the false match in the circled region in

Disparity 6 is created by a same-polarity match between the right edge of the top bottle on the desk in the
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left image and the left edge of the poster in the background in the right image. They have the same contrast

polarity (cf. Figure 12).

The accuracy is comparable to state-of-the-art stereo algorithms. For example,
Zitnick and Kanade (2000) report an accuracy of 98.6%, but only after excluding
occluded pixels that are seen by only one eye. In contrast, the current algorithm counts all
pixels. The occluded pixels amount to about 2.2% in the current scene. Figure 7c shows
the estimated disparity map without the new connection from the V1 monocular
boundary to the V2 monocular surface (Figure 2). Here, the accuracy is 91%. Figure 7d
shows the estimated disparity map without the new connection from the V1 binocular

boundary to the V1 monocular surface (Figure 2). The resulting accuracy is then 90%.

2) b)
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Figure 10. VI monocular boundaries for University of Tsukuba scene (a) Left eye image;

L =i L

(b) Right eye image. Some investigated boundaries are colored to show their contrast
polarities. Red denotes a dark-light polarity and green a light-dark polarity. Only
boundaries with the same contrast polarity can be matched in V1 binocular cells

according to the same-sign rule.

The University of Tsukuba image illustrates key additional challenges for
processing natural scenes; namely: (1) 3D boundaries are often incomplete, either due to
noise in the acquisition of the images, or due to unavailability of like-polarity matches at
some boundary positions; and (2) cluttered scenes incorporate many possibilities for false

binocular matches. For example, V2 layer 2/3 binocular boundaries for the arms of the
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lamp (see the circled region of Disparity 14 in Figure 9) and the right edge of the top
bottle on the desk (see the circled region of Disparity 8 in Figure 9) are incomplete. This
can cause lightness signals to flow out of their respective image regions during the
filling-in process. The incomplete binocular boundaries in these circled regions are
mainly due to unmatched contrast polarities of left and right monocular boundaries that

are caused by the cluttered background (cf. Figure 10).

Figure 11. The completed boundaries to the V2 left monocular surface filling-in domain

after the new connections are added.
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In particular, a false match in the circled region in Disparity 6 is created by the
same-polarity match between the right edge of the top bottle on the desk in the left image
and the left edge of the poster in the background in the right image. They have the same
contrast polarity (cf. Figure 10).

Additional interactions (Figure 2, dashed arrows) were proposed herein within the
3D LAMINART model to overcome these challenges. These interactions led to a more
symmetric anatomical organization for the model as a whole, while also elaborating how
boundary and surface representations interact to overcome each other’s complementary
deficiencies. Figure 11 shows the boundaries that are completed by these additional
interactions, leading to simulation results, as summarized above, that are comparable to
state-of-the-art stereo algorithms, with the additional advantage of the current model that
it also generates a 3D surface representation of the consciously seen percept.

Input Left Input Right

Figure 12. Pentagon scene. Left: Left input image; Right: Right input image.

3.2. Pentagon Images

Figure 12 shows a pair of Pentagon images. No ground truth disparity map for the
Pentagon images is available in its public database. Figure 13 shows the model
simulation. It can be seen that the Pentagon is actually tilted in this photo, with the

highest region being in the lower corner and the lowest being in the upper-left corner of
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the Pentagon images. The resulting disparity map from the simulation is shown in Figure
14.

Disparity 8 Disparity 6 Disparity 4

Figure 13. 3D surface representation for Pentagon scene found using the 3D LAMINART

model.

It should be noted that the 3D LAMINART boundaries that are modeled in this
article are not designed to represent objects that are tilted in depth. Grossberg and
Swaminathan (2004) have modeled how tilted boundaries and surfaces can be completed

and filled-in, respectively, in depth. Their results include a simulation of the classical
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bistable 3D Necker cube percept, including how two 3D boundary and surface
representations can form in response to the 2D Necker cube image and switch
spontaneously through time from one to the other. These augmented laws for tilted
boundary and surface representations can be added to the current model without

disrupting how it works in response to 3D scenes that are not tilted in depth.

Figure 14. Disparity map found using our 3D LAMINART model for Pentagon scene.

3.3. Barn Images

Figure 15 shows a pair of Barn images (Scharstein and Szeliski, 2002;
http://vision.middlebury.edu/stereo/data/scenes2001/data/barn2/). The ground truth map
is shown in Figure 16. Figure 17 shows the different disparity-sensitive 3D V2 binocular
boundaries that are computed by our model, and Figure 18 shows the 3D surface
representations that are captured in depth by these boundaries. The estimated disparity
map is shown in Figure 19. Its accuracy is 92%. These images include another example

where tilted boundaries occur. Including the capacity for representing such boundaries
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should increase the accuracy of the resulting 3D boundary and surface representations,

and the disparity map that is derived from them.

Input Left Input Right

Figure 15. Barn scene. Left: Left input image; Right: Right input image.
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Figure 16. Ground truth disparity map for Barn scene.
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Figure 17. V2 layer 2/3 binocular boundaries for Barn scene.

Digparity 9 Disparity 8 Disparity 7 Dispatity B

Disparity 5 Disparity 4 Disparity 3 Disparity 2

Disparity 1

Figure 18. 3D surface representation for University for Barn scene.
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Figure 19. Estimated disparity map for Barn scene using our 3D LAMINART model.

4. Model Equations
This section describes the model equations. The equations (11), (19)-(23), and (38)-(47)
represent model refinements to deal with additional computational challenges that are
posed by natural images. In particular, equations (19)-(23) represent the new connections
from V1 binocular boundaries to V1 monocular surfaces, which help with initial depth
assignments. Equations (38)-(47) represent the new connections from V1 monocular
boundaries to V2 monocular surfaces and to the new V2 surface disparity filter, which
help to complete incomplete binocular boundaries and to eliminate spurious monocular
boundaries from 3D monocular surface representations. Figure 7c and 7d show how the
simulated results are weakened without these new additions.

Each neuron is typically modeled as a single voltage compartment in which the
membrane potential v is given by

%:—AV+(B—V)gexcil_(C+v)ginhib’ (1)
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where 4 is a constant decay rate, B is the maximum membrane potential, C is the
minimum membrane potential, g, . is the total excitatory input, and g, ,. is the total
inhibitory input.

The new refinements to Cao and Grossberg (2005) are almost all within surface system,
which aim at dealing with the broken boundary problem occurred in natural images. As a
result, it does not affect the model explanation to psychophysical displays explained in

Cao and Grossberg (2005), which has no a broken boundary problem.

LGN. The LGN cells obey membrane equations that receive input from the retina and are
assumed to have circularly symmetric on-center, off-surround receptive fields. When
these fields are approximately balanced, the network discounts the illuminant and

contrast-normalizes its cell responses (Grossberg and Todorovi¢, 1988). The LGN cell

membrane potentials, x,f "% obey the following differential equation.

For a LGN on cell,
E+CLR _gL/R It
L/R,+ J )
x0T =5 -0.12 1, (2)
[/ L/R L/R
! { 1+C; " +8; |
and for a LGN off cell,
= L/R L/R It
xpR = {E G ) o, 3)
y L/R L/R ° ?
1+C;"" + S, |

where L/R designates that the cell belongs to the left or right monocular pathway, indices
i and j denote the position of the input on the retina, on baseline level activity E=0, off

baseline level activity E =1, total center input

L/IR _ L/R e
Gy =21;"G, (4)
pPsq
and total surround input
LIR _ LIR s
Sij _zlij quij’ (5)
p.q

with / UL '® is the luminance of the left or right retinal image and G ,,; 1s a Gaussian kernel
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_(P—i);+gq—j)z} ©

v 1
qui/’ = —2€Xp(
2ro, g,

where o, =0.3 and o, =2, with the kernel size of center 2 and of surround 6.

V1 Layer 4 simple cells. All cells in V1 layer 4 are modeled as monocular simple cells
that are sensitive to either dark-light or light-dark contrast polarity, but not both,

depending on their receptive field structure. At steady-state, the membrane potentials,

~ L/R,odd/even,+/—
ijk

, of odd and even simple cells that respond to dark-light (+) and light-dark

(-) contrast polarity are given by:

- a9+

~ L/R,odd/even,+ __ odd | even L/R+ _ _LIR-

Sijk - Z quk (xi+p,j+q Xivp.jtq > (7)
L P9
- 7+

~ L/R,odd/even,— __ odd | even L/R~ _ _L/R+

Siik - Z quk ( i+p,j+q  itp,jtq )| (8)
L 29 _

where index & denotes orientation. Six orientations were used in these simulations, the

threshold linear function [x]+ = max(x,O) and K is a Gabor function representing the

pak

simple cell receptive field kernel. For a horizontal orientation,

1 . 27(p—-0. 1 -0.5)* -0.5)
K(ZZ{ — sin ﬂ-(p 0 5) eXp - (p (15) + (q 025) , (9)
2710'pa T 2 o, o,
2 2
Ko = ! cos 27p exp 1 P9 , (10)
pak 2 2
27Z'O'p(7q T 2 o, o,

where o, =127, o, =2, T = r for an odd cell in (9). The parameters for an even cell

in (10) will be defined later when they are used in (22). Kernels for other orientations are

obtained by appropriate rotation.

Divisive Normalization. A Divisive normalization is applied to enhance weak boundaries:
—L/RA+/—\2
L/RA+/— _ 20 Sijk )

S.. = s
ijk 1+ Z[(EL/R,+)2 +(§L/R,—)2]G

par pqr pay

(11
pgr

where E;,C/R’”’ = [Eiﬁc/R’”dd’”’ —0.2]" and G, ; is 6x6 kernel with all value 1.
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V1 Layer 3B binocular simple cells. The layer 3B binocular simple cells receive
excitatory input from layer 4 and inhibitory input from the layer 3B inhibitory

interneurons that correspond to the same position and disparity. The membrane

potentials, bﬁ; =, of layer 3B simple cells obey the equations:

d  p.- e iz -

b = bl + (-t )([S;,é ) P —9]‘) )
“allot T +lata ) a4l T )

j ‘]lfk;/ _72‘:751{;/ +[ UL/;/ HT /B([qlfk;/ T+[Q;éd /+]* [qULdeT) (13)

jQ§k;/_ qusz;/ +[S(Ift;;k 9] ﬂ([quk;/ +[qi]L‘1;c;/+:| +[szkd/+] ) (14)

where y,, a, y,, B and @ are constants (0.01, 1.01, 1, 0.9, 0) representing the rate of

decay of the membrane potential (y,,7,), the strength of the inhibition («, ) and the

L/R+/-

signal threshold (@), g;;, ' are the membrane potentials of inhibitory interneurons in

layer 3B, d is the disparity to which the model neuron is tuned and index s is the
positional shift between left and right eye inputs that depends on the disparity (shifting
one pixel for each increase in disparity). Since the ground truth data is based on the left
image, in order to make proper comparison with it the left image is not shifted as is

usually done in simulations of biological data (e.g., Cao and Grossberg, 2005). Term

B,+/— L/R+/- B.,odd ,+ /- L/R odd .+ /— B,even,+/—
(byy  and s ) can be either ( by and s, ) or (D and
L/R /= .
Sy ") to denote odd and even cells respectively.

V1 Layer 2/3 monocular and binocular complex cells. V1 layer 2/3 consists of both
monocular and binocular complex cells, which pool the cell membrane potentials of
monocular/binocular layer 3B simple cells of like orientation and both contrast polarities
at each position.

For a monocular cell, its activity obeys

cLIR Z‘ LIRodd + _ (LI Rodd,~ (15)

yk qu qu
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For a binocular cell, its activity obeys

it = 2 W i g +02b5 g 1y +02b 50 11), (16)
p9q
where W, . is the spatial pooling Gaussian kernel
1 N2 Y
W= exp -] 2 L (17)
270 0, 2 o, o,

with o, =1, o, =1, size of kernel 3, and

EB

pakd

_ ‘bB,odd,+ _bB,oddﬁ" (18)

pakd pakd

V1 Surfaces. The activity of V1 left/right surface cells yULd/ K are modulated by binocular

cells:
yi?d :lej(0.2+bifd), (19)
y;d = Xiljs,j (0-2 + bgfd :, (20)

where X UL '® is large scale LGN cell output, which can be approximated (Grossberg and
Hong, 2006) as

X =1, 21)
with / UL '® is the luminance of the left or right retinal image, and

by = 20 2 (b (m) + by (m)), (22)
m k

which sums over all orientations (k) and scales (m). Equation (22) was simulated with

three scales m and the parameters for even cells in (10) defined as o,(m)=m,
o,(m)=3m, T(m)=3m with m =1,2,3. Figure 20 shows the estimated disparity map

for University of Tsukuba scene, where the accuracy is 95.5%. In vivo, the number of
cell scales can be greater than three and with various possible kernel sizes. Hence, this
test result is not necessarily optimal.

The improved benchmark of 96.2% in Figure 7b can be achieved with a

computationally simpler single-scale binocular boundary, defined as

b2 = exp(—(10(7, — 17 ) /(107 +1F,+ 17, )F), (23)

i-s,j
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where / ;/R is the luminance of the left or right retinal image, respectively, and index s is

the positional shift between left and right eye inputs that depends on the disparity d as
defined in Equations (12-14).

Figure 20. Estimated disparity map for University of Tsukuba scene using equation (22)

instead of (23).

V2 Layer 4 cells. The left and right monocular inputs are combined in layer 4 of V2.
Since the monocular inputs do not yet have a depth associated with them, they are added
to all depth planes along their respective lines-of-sight. The V2 layer 4 cells also receive

feedback signals from the left and right V2 monocular surfaces (to be defined later)

operating from V2 thin stripes to pale stripes. At steady-state, v;;, is defined by:

Vika = ([Cffkd —-0. 1]+ + ([szk]+ + [C<If‘—s>_/‘1c]+»1 + fia )(5 +(1-0 )h(fz/kd))’ (24)
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where « ,1s a constant (1.0) that scales the strength of surface-to-boundary feedback

/

signals, and 9 is a constant (0.2) that scales the activities of layer 4 cells. 4 is the signal

function with 2(x)=1if x>0, 0 otherwise. f,, is the total V2 surface-to-feedback signal,

foa =Sk —0.03] +[f, —0.03]". (25)

V2 layer 2/3 complex cells. The V2 layer 2/3 cells receive input from V2 layer 4. The

bipole cells in V2 layer 2/3 implement perceptual grouping by long-range horizontal

connections, as well as the disparity filter. The membrane potential, g,,, of the bipole

cell in V2 layer 2/3 at position (i,j) that codes orientation k and disparity d obeys the

equation:

d E, 1, :
E 8ika = " 8ijka T (I- 8ijka ){Ifkd + IO{Z Hg'jl:dv - Hg'/‘kdi| ]

(26)
-(02+g ijkd )(Glﬁd + G;kd + G;kd)
where 1, is the input signal from V2 layer 4 that is given by:
L = I'. (27)

The V2 layer 2/3 collinear bipole cells receive long-range input from other (almost)

collinear and coaxial bipole cells at nearby positions with the same disparity preference.

Term H ;fdv is the input from branch v of the bipole cell at position (7,j), orientation k and

disparity d-
Hzf;flv = Zngqijkv[gqud —005]+ H (28)
rq

where the long-range connection weights (W ,,) for the horizontal orientation (k=1) are

defined as follows (v=1 for left branch and v=2 for right branch):

ngqzjkl = {sign(i -p) eXp[_[(if)z + U —zq)z D] ) (29)
o

p q

and
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quykz [Slg”(p Z)GXI{ ((i_f)z +(j_;])2 ]H ) 30)
o, o,

where sign(x)=1 if x>0, -1 if x<0, and O otherwise. The parameters
0,=20, o0,=0.2, and the spatial connection range (diameter) is 11. The connection

weights for other orientations are obtained by appropriate rotations.

Term H ;‘;’d is the inhibitory input from the inhibitory interneurons, defined by:

HiE =Y [sbal 31)

v

with the activity, s}, , of the inhibitory interneuron for branch v being defined by:

S8 = (=B, +[B,  +4nH % )/ 21, (32)
where
B, =1+n(H, —Hs), (33)
with u, v are the two branches of orientation k, and parameter 1 =100.

Term Gijokd is the inhibition across orientation within depth and position:

GO, = o.z(z sin? & ;{’")’” (2 —0.03]*} (34)

r#k
where K is the number of total orientations.

Term G;kd is the inhibition across space within depth:

Gia =20 D W, (80 —0.03]", (35)

P#ELG#E] "

where the weight W, for horizontal orientation is defined by

1 i-p)? (-9’
qul,-k=2—expu( A ') ]] 36)
7ZO'pO'q (o2 (o2

p q

with o, =1.5, o, =1.5 with the kernel size 9. The weights W, for other orientations

are defined by appropriate rotations.
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Each V2 layer 2/3 bipole cell also receives inhibitory input from other bipole cells

that share either of its monocular inputs (line-of-sight competition). Term G;;d in (26) is

the inhibition across disparities along the lines-of-sight:

G;;cd = 2002([gijkd' —ﬂgT +[g(i+s'—x)jkd' —ﬁg]+), (37)

d'#d
where [g, —B,1" and [, s — B, 1" are V2 layer 2/3 bipole cell inhibitory inputs

along the left and right lines-of-sight with positional shifts s and s’ and inhibitory signal
threshold 3, (0.03).

V2 thin stripe monocular surfaces. V2 surface cells implement the surface filling-in
process. The model adds both V2 layer 2/3 binocular boundary and V1 monocular
boundary together to form the connected boundaries as resistive barriers to the filling-in
process in response to complex natural scenes. At the same time, each V2 surface cell
inhibits all other cells that shares one of its monocular lines-of-sight. The V2 surface
disparity filter and together with the filling-in process create 3D monocular surface

representations in V2 thin stripes. The equations describing the above processes are as

follows
d LIR _ L/R L/R LIRNgL/R L/R
EF;/d E/d + Z (F pqd Eid )P pqid + jd (38)
t (p.9)EN;
d ok L/R L/R L/R yL/R
T E F:/d = _QZE/d + E/d F:/d Jz/d 2 (3 9)

where decay rates o, =1, a, = 107, 7 > lis a temporal scale constant to be defined later,

and

1
D = \ (40)
pqijd 1+100(gl]Ld/R L/R)

pqd

where gUL.d/ * is the resistive barrier defined by

gzjd ZCU{O l+{[gykd o1 +OIZ([gykd 9&T)H ) (41)

d'<d

g,,d ch v1k|:0 1+{[gykd 01" +0. IZ([g(l s4s") jkd" Hg]+)H ) (42)

d'<d
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L/R

where ¢, is the left/right monocular boundary, and g, is the V2 binocular boundary.

Initially the input / ;d/ K= yifd/ * where yifd/R is the V1 surface signal.

Then after the first iteration,

Ly" = )y, 43)
where f'is a signal function defined by
Ix” . . . D .
f(x)= e with f=1.5, and when I" >> x” we have f(x)= x”, which is used in
+x

the simulation.

Terms J lfd/ ®in Eq. (39) is defined by
Jia = 2 F (44)
Jg'jl'zd = ;Efwrs',_/,d' H (45)

where FZLJ o and FS ;o are V2 surface cell inhibitory inputs along the left and right

S

lines-of-sight with positional shifts s and s .

Solving the above equations at equilibria we get

I;/R+ ZFL/Rq)L/R

ijd pagd = pqijd
L/R _ (p.q)eN;
E'jd - 1+ Z(DL/R 4 (46)
pqijd
(p.9)eN;
and
L/R
~ i
FL/R _ 1,] . (47)

ijd - _

R (OBt ot
The equilibrium Egs. (46) and (47) were used in the simulations. The 7 in Eq. (39) is
chosen such that doing 100 iterations for (46) for each iteration of (47).

Surface-to-boundary feedback signals. The V2 monocular surfaces in the thin stripes
generate surface-to-boundary feedback signals to the V2 pale stripes to modulate the
activities of corresponding V2 layer 4 cells. Output signals from the filled-in activities in

the V2 thin stripes are derived from oriented filters
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ﬁ“—ZKWLynA, (48)

Sl = ZKWhﬂuAU (49)

where the Gabor kernel K, is defined in equation (9).

The surface-to-boundary signals fi,%R are finally defined by
fud* =L 1+ T (50)

V4 surfaces. V4 receives boundary signals from V2 layer 2/3 and lightness signals from

the LGN coupled with the signals from the V2 thin stripes.

Zija + Z pqd pqijd

(p.9)eN;;
Wia = 5 (S1)
’ 1+ Z (I)pqijd
(p.9)EN;;
where
2y =Yy + Y, (52)
with
x#%ﬁ%—Z%}, (53)
d'<d
R R
Y;jd = (z s)Jj |:Ejd dz;i (i—s+s')jd' :| b (54)

where X UL '* and E.JZ/R are defined in Eq. (21) and Eq. (46), respectively. In Equations

(53) and (54), successfully filled-in features in V2 thin stripes are subtracted from farther
depths (surface pruning) in V4 to ensure that opaque objects do not look transparent. This
process, first proposed in Grossberg (1994), was simulated in several subsequent articles
to generate various 3D percepts; e.g., Grossberg and McLoughlin (1997), Grossberg and
Yazdanbakhsh (20050, and Fang and Grossberg (2009).

In Eq. (51), term
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1)
1+p(g!7d +§pqd)’

where the spread scale parameter ¢ = 1, the blocking scale parameter p =1000,

(35)

o paijd

and the resistive boundary barrier
gijd :gijL'd +g;da (56)

with gUL.d/ R are defined in Eqs. (41) and (42)

5. Discussion

The 3D LAMINART model was developed to explain and predict perceptual and
neurobiological data in terms of how laminar cortical mechanisms interact to create 3D
boundary and surface representations. The article proposes several refinements whereby
to better meet the challenges for processing natural scenes; namely, (1) 3D boundaries are
often incomplete, either due to noise in the acquisition of the images, or due to
unavailability of like-polarity matches at some boundary positions; and (2) cluttered
scenes incorporate many possibilities for false binocular matches. The enhanced model
has a more symmetric global anatomical organization, with interactions between blobs
and interblobs in V1, as well as between thin stripes and pale stripes in V2, and disparity
filters in both the thin stripes and pale stripes of V2.

The existence of disparity filters, in particular, stands as a prediction. It is known,
however, that there are long-range bipole-like interactions in V2 (von der Heydt,
Peterhans, and Baumgartner, 1984; Peterhans and von der Heydt, 1989), as well as a
complex organization of shorter-range recurrent inhibitory interactions (Lund, Yoshioka,
and Levitt, 1993; Tamas, Somogyi, and Buhl, 1998) that are consistent with the needs of
both bipole grouping and the disparity filter requirements for inhibition along lines-of-
sight of spurious boundaries. These various interactions, taken together, propose how the
boundary and surface cortical streams may interact to overcome each other’s
complementary computational deficiencies (Grossberg, 1994, 2017), and to thereby
generate a conscious visual percept that realizes the property of complementary
consistency.

Some other biological models of various aspects of 3D vision have also been

proposed (Parker, 2007). The well-known energy model includes binocular complex cells
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in V1 and predicts the shape of the binocular receptive field of complex cells in the cat
(Fleet, Wagner, and Heeger, 1996; Ohzawa, 1998; Ohzawa, DeAngelis, and Freeman,
1990). Although variants of the energy model, including both phase and positional shifts
to compute disparities, have been successfully used to provide the front end for some
stereo computations (Assee and Qian, 2007; Chen and Qian, 2004; McLoughlin and
Grossberg, 1998; Qian and Zhu, 1997), such models are insufficient to explain how 3D
boundary groupings and surface representations form and lead to conscious percepts,
including surface percepts of random dot stereograms, da Vinci stereopsis, Panum’s
limiting cases, transparency, and bistable percepts, percepts that 3D LAMINART can
explain and simulate (Cao and Grossberg, 2005; Fang and Grossberg, 2009; Grossberg
and Howe, 2003; Grossberg and Swaminathan, 2004; Grossberg and Yazdanbakhsh,
2005; Grossberg, Yazdanbakhsh, Cao, and Swaminathan, 2008). The V1 binocular cells
in our model are similar to those of the energy model, but our model goes far beyond that
to propose how 3D boundary and surface representations are generated by laminar
cortical circuits in V1, V2, and V4. Chen and Qian (2004) have proposed a coarse-to-fine
disparity energy model that is capable of estimating disparity maps for natural images,
but no estimate of accuracy is reported for their model. See Table 1 for a comparison of
various computational and biological stereovision model properties.

Model extensions: Towards conscious seeing and recognition of 3D scenes. Our
results could be improved using several model refinements that have been used in other
modeling studies of biological vision. One such refinement would be to incorporate
boundary and surface computations that can represent tilted and slanted surfaces in depth.
Grossberg and Swaminathan (2004) have shown how, in particular, bipole cells can be
generalized to model disparity gradient cells that can represent a boundary which spans
more than one depth, and angle cells that are selectively activated by particular angles
between straight edges. Interactions of disparity gradient cells and angle cells can
disambiguate tilt in response to otherwise ambiguous 2D pictures and 3D scenes. This is
a natural generalization of the bipole cell concept if only because bipole cells that
represent straight contours within one depth, disparity gradient cells that represent
contours that cross several depths, and angle cells can all develop using the same learning

laws. This becomes clear when one considers that a perceptually straight edge is not
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straight when it is represented in the visual cortex after the cortical magnification factor,
or log polar map, transforms its retinal image (Daniel and Whitteridge, 1961; Drasdo,
1977; Schwartz, 1977). Even a straight bipole cell is an "angle cell" within such a cortical
map. In like manner, bipole cell connections across cortical map positions that represent a
single depth must be learned in just the same way as the connections across map
positions of disparity gradient cells that span several depths.

Incorporation of spatial attentional and eye movement control mechanisms for
active scanning of a scene may also improve the model's explanatory power. In
particular, the brain uses spatial attention and eye movements to fixate areas of interest in
a scene. Due to the cortical magnification factor, extrafoveal regions do not provide high
resolution vision. The foveal area uses the cortical magnification factor to provide much
higher resolution to fixated areas. One of the computational limitations of the current
model is the small number of pixels devoted to resolving locally ambiguous pixels and
binocular matches in a complex natural scene. For example, local contrasts for the arms
of the lamp in the University of Tsukuba Scene are weak (see Figure 7). Foveation can
devote more pixels to areas of interest, and spatial attention is known to enhance
perceived image contrast (Carrasco, Penpeci-Talgar, and Eckstein, 2000; Reynolds and
Desimone, 2003). The ARTSCAN neural model, and its subsequent refinements, uses a
log polar mapping to process imagery, followed by a simplified 3D LAMINART front
end, to simulate how our brains learn invariant object category representations for object
attention, recognition and prediction (Cao, Grossberg, and Markowitz, 2011; Chang,
Grossberg, and Cao, 2014; Fazl, Grossberg and Mingolla, 2009; Foley, Grossberg, and
Mingolla, 2012).

In particular, ARTSCAN and its extension to the positional ARTSCAN, or
pARTSCAN, model (Cao, Grossberg, and Markowitz, 2011) and the ARTSCAN Search
model (Chang, Grossberg, and Cao, 2014), proposed how spatial and object attention
work together to search a scene with eye movements, thereby bringing the fovea and its
magnified representation onto regions of interest, and to learn view-, position-, and size-
invariant object category representations during such free viewing. Grossberg (2007,
2009) predicted, and Fazl et al. (2009) first simulated, how surface-fitting spatial

attention, or an attentional shroud, can modulate view-invariant learning by ensuring that
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only views of the same object can associated with an emerging invariant object category
representation. Grossberg and Huang (2009) showed how the gist of a scene can be
rapidly learned as a large-scale texture category, and how attentional shrouds can
improve the recognition that gist classification alone can achieve by focusing on, and
classifying, a few additional scenic textures.

An attentional shroud is part of a surface-shroud resonance that arises due to
feedback interactions between a surface representation (e.g., in cortical area V4) and
spatial attention (e.g., in posterior parietal cortex, or PPC), which focuses spatial attention
upon the object to be learned. ARTSCAN and its generalizations predict that we
consciously see surface-shroud resonances; that is, we see the visual qualia of a surface
when they are synchronized and amplified within a surface-shroud resonance. This
concept helps to explain a wide range of challenging psychophysical and neurobiological
data (for reviews, see Grossberg, 2013, 2017).

A different kind of resonance supports conscious recognition of visual objects and
scenes. Such a resonance is called a feature-category resonance. Such a resonance may,
for example, occur between a distributed feature pattern that represents an object (e.g., in
cortical areas V2 and/or V4) and a recognition category that classifies it (e.g., in
inferotemporal cortex, or IT). When a feature-category resonance synchronizes with a
surface-shroud resonance via its shared visual cortical representations, then the object can
simultaneously be consciously seen and recognized. A feature-category resonance can be
used to recognize objects and scenes whose consciously seen surface representations may
be quite incomplete.

The above models used simplified 2D boundary and surface representations to
achieve their goals. 2D boundary and surface representations have been used to enhance,
and to incrementally learn to recognize, images of natural scenes that have been
processed by multiple kinds of artificial sensors, including LADAR, SAR, multispectral
IR, and night vision sensors. Adaptive Resonance Theory, or ART, algorithms processed
these images and learned to classify the textures, objects, and scenes. Many of these
applications were developed in collaborations between Gail Carpenter and Stephen
Grossberg and their colleagues with MIT Lincoln Laboratory in the 1990s. Synthetic

Aperture Radar, or SAR, images, remote sensing images, and natural textures were given
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particular attention in order to provide effective solutions for normalizing input dynamic
range, reducing noise, and overcoming the highly pixelated and discontinuous nature of
the images by completing coherent boundaries between statistically correlated pixels and
filling in surface contrasts within the resulting multiple-scale boundary webs, before
inputting them to an ART algorithm for classification (Asfour, Carpenter, and Grossberg,
1995; Bhatt, Carpenter, and Grossberg, 2007; Carpenter, Gjaja, Gopal, and Woodcock,
1997; Carpenter, Gopal, Macomber, Martens, and Woodcock, 1999; Grossberg,
Mingolla, and Williamson, 1995; Grossberg and Huang, 2009; Grossberg and
Williamson, 1999; Mingolla, Ross, and Grossberg, 1999). 3D generalizations of these
boundary and surface properties may also process this expanded range of challenging
images.

Other image processing applications using the same model foundations have
focused on refining the models' ability to compensate for variable illumination conditions
and to automatically anchor the resultant image; that is, use its full dynamical range to
create an absolute representation of the color "white" that is perceived in a scene. This
Anchored Filling-In Lightness Model, or aFILM, is also generalized to process color
images under variable illumination conditions and with a much faster mechanism of
filling-in (Grossberg and Hong, 2006; Hong and Grossberg, 2004). These generalizations
may also be consistently embedded within the current model.

The 3D ARTSCAN model has extended the competence of 3D boundary and
surface computations to an active vision framework wherein eye, or camera, movements
freely scan a 3D scene while perceiving and learning to recognize it. These extensions
may also be consistently embedded within the current model (Grossberg, Srinivasan, and
Yazdanbakhsh, 2014). In particular, 3D ARTSCAN simulates how binocular fusion can
be maintained even as the eyes scan a 3D scene and learn invariant object categories in it.
The 3D ARTSCAN model uses a process of predictive remapping to maintain the
stability of key brain representations during scanning eye movements. These include both
the stability of binocularly fused boundaries and the stability of attentional shrouds
during eye movements. The ARTSCAN model had previously used predictive remapping
for the latter purpose. In order to achieve the stability of 3D percepts as the eyes freely

scan a 3D scene, successive eye movements predictively update 3D boundaries that are
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computed in head-centered, or spatial, coordinates. Coordinate transformations between
spatial and retinotopic coordinates using these remapped binocular boundaries can
preserve previously established binocular fusions of object surfaces that are seen in depth
within the scene, even though their retinotopic positions have changed, at the same time
that predictive remapping of the coordinates that maintain an active shroud in spatial
coordinates support learning of invariant 3D object categories as the eyes scan different
object views in depth. 3D ARTSCAN hereby clarifies how surface-shroud resonances
can support conscious percepts of 3D scenes as the eyes scan and learn about a scene.
Although 3D ARTSCAN was used to learn categories of objects from the Caltech 101
image database, these objects were not represented or learned as part of a cluttered scene.
This is another useful next step of model development.

In summary, future research can benefit from using the more highly developed 3D
boundary and surface representations of the current model, combined with
generalizations to tilted and slanted images, spatial and object attention, eye movements
and the cortical magnification factor, to provide higher resolution 3D representations of
salient scenic objects and textures with which to categorize and understand natural

Scenes.
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