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a b s t r a c t

Transparent motion is perceived when multiple motions are presented in the same part of visual space
that move in different directions or with different speeds. Several psychophysical as well as physiological
experiments have studied the conditions under which motion transparency occurs. Few computational
mechanisms have been proposed that allow to segregate multiple motions. We present a novel neural
model which investigates the necessary mechanisms underlying initial motion detection, the required
representations for velocity coding, and the integration and segregation of motion stimuli to account
for the perception of transparent motion. The model extends a previously developed architecture for neu-
ral computations along the dorsal pathway, particularly, in cortical areas V1, MT, and MSTd. It empha-
sizes the role of feedforward cascade processing and feedback from higher to earlier processing stages
for selective feature enhancement and tuning. Our results demonstrate that the model reproduces several
key psychophysical findings in perceptual motion transparency using random dot stimuli. Moreover, the
model is able to process transparent motion as well as opaque surface motion in real-world sequences of
3-d scenes. As a main thesis, we argue that the perception of transparent motion relies on the represen-
tation of multiple velocities at one spatial location; however, this feature is necessary but not sufficient to
perceive transparency. It is suggested that the activations simultaneously representing multiple activities
are subsequently integrated by separate mechanisms leading to the segregation of different overlapping
segments.

� 2009 Elsevier Ltd. All rights reserved.

1. Introduction

Displays of overlaid patterns moving in different directions or
moving at different speeds are perceived as transparent motion
under certain conditions. In psychophysical experiments random
dot and plaid stimuli have been utilized to investigate the ability
of humans to segregate such motions. Physiological experiments
have helped to reveal the underlying neuronal mechanisms leading
to perceptual representations of transparent motion in primates.
The occurrence of transparent motion is influenced by various
stimulus features and configurational parameters. Still, the param-
eters of motion stimuli that lead to transparency are under detailed
investigation. Critical stimulus parameters studied are (i) the spa-
tio-temporal grouping of different stimulus items (e.g., paring of
dots) (Qian et al., 1994; McOwan and Johnston, 1996), (ii) the stim-
ulus duration and lifetime of moving dots in random dot kinema-
tograms (Felisberti and Zanker, 2005), (iii) the impact of noise,
(iv) the number of multiple coherent motions superimposed (Felis-
berti and Zanker, 2005), (v) the difference in angle and speed of
overlaid motion components (Snowden and Verstraten, 1999;

Braddick and Qian, 2001; Curran et al., 2007; Felisberti and Zanker,
2005; Mestre et al., 2001), and (vi) the impact of attention to sep-
arate a single component of overlaid motions (Treue and Katzner,
2007; Wanning et al., 2007; Felisberti and Zanker, 2005). Also,
the spatial organization of stimulus components influences the re-
sults of transparency perception. While in most cases random dot
stimuli are superimposed in layers, stripes with dots moving in
opposite directions have also been utilized. Here, the visual acuity
in discriminating multiple simultaneous dot motions has been
investigated in Mestre et al. (2001), Braddick and Qian (2001),
and Burr et al. (2006). In these displays dots were arranged in par-
allel juxtaposed stripes of opposite motion direction. Categorical
differences of perceived motion was measured for varying stripe
widths. Particularly, coherent alternating component motion in
opposite directions is perceived for wide stripes, while transparent
motion is perceived for small stripes.

In this contribution, we propose a novel neural model of motion
detection, integration and segregation that is capable of processing
transparent as well as opaque motion. This approach utilizes an
initial stage of motion detection at primary visual cortex (area
V1) feeding forward activations to integration cells at middle tem-
poral (MT) area. Motion representations are built by generating
velocity spaces with polar sampling of directions and logarithmic
sampling of speed components. Motion signals are subsequently
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clustered by matching the large field velocity configurations
against the receptive field weightings of cells with different selec-
tivity. The network architecture follows a general schema of neural
processing previously used for opaque motion detection (Bayerl
and Neumann, 2004), boundary grouping (Weidenbacher et al.,
2006), texture boundary detection (Thielscher and Neumann,
2007), and form-motion interaction (Beck and Neumann, 2010).
As a main contribution, in order to enable the perception of trans-
parent motion, it is proposed how multiple velocities in a log-polar
sampled speed-direction space can be represented at individual
spatial locations and how the neural interactions for this velocity
space are defined. We suggest a local competitive center-surround
interaction mechanism between responses in velocity space that
leads to mutual competition or coexistence of multiple motion rep-
resentatives depending on their separation in velocity space. Un-
like previous neural models (Zanker, 2005; Durant et al., 2006;
Qian et al., 1994; Watanabe and Kikuchi, 2005) this network uses
feedforward and feedback signals to simultaneously integrate
and segregate complex motion input in a cascaded processing be-
tween visual areas with different area specific functionalities. Sim-
ulation results of the neural architecture show that the proposed
model is able to process a wide variety of input stimuli generated
by artificial and real-world image sequences. Furthermore, it is
shown that transparent motion patterns as well as opaque motion
is successfully detected and integrated.

2. Neural computational mechanisms

The model architecture is composed of three hierarchically or-
ganized areas allocated along the dorsal pathway, namely V1,
MT, and medial superior temporal area dorsal (MSTd) for low
and intermediate level motion processing, and is augmented by
the lateral intraparietal (LIP) area for neural decision-making.
Throughout the article we use this mapping of functionalities with-
in the model to their biologically counterpart defined by means of
functionality, connectivity, and anatomically localization in the
brain of primates. Here, area LIP is included because of its proxim-
ity to areas MT and MSTd (Roitman and Shadlen, 2002). To derive
decisions area LIP requires integrated sensory input of mediate
stages. On the other hand, the frontal eye field (FEF) receives early
visual input to decide fast and reactive in dangerous situations, e.g.
escaping by adjusting attention to brief unexpected movements via
the ocular following response (OFC) (Miles et al., 1986). Areas of
motion processing are linked bidirectionally to build a recurrent
scheme of feedforward (FF)/feedback (FB) interaction (see Fig. 1).
Initial motion detection is realized by utilizing extended Reichardt
detectors (Reichardt, 1987) with Gabor filter responses at the input
stage. The input filtering operates at different spatial scales of an
image sequence by correlating these responses in a spatio-tempo-
ral fashion. Neural realizations of these Gabor filters were found in
primate area V1 (Ringach et al., 2002).

2.1. Population code for direction and speed selectivity

The topography of the velocity space representation samples
speed and direction features in a log-polar fashion (Nover et al.,
2005). This definition reflects the speed and direction selectivity
of MT cells (Rodman and Albright, 1987). A comparison between
motion selectivity of MT neurons and the definition of the log-po-
lar velocity space within our model is given in Fig. 2. For the inter-
action of different velocities we utilize Gaussian kernels K which
are separately and appropriately defined for the codomain of direc-
tions and speeds. Speeds are defined on a logarithmic codomain,
whereas Gaussian kernels are adapted to the logarithmic scale.
On the other hand, the codomain of directions is cyclic and equidis-

tant. Processing steps within the model employ different opera-
tions on the velocity space. A velocity blurring includes two
Gaussian kernels Kb

vel, one for each codomain. More elaborated
operations, like center-surround mechanisms utilize four Gaussian
kernels Kþ;�vel , two for the center and surround, each.

2.2. Cascaded processing in model areas

Each model area is described by a hierarchical three-level cas-
cade of processing stages. In this cascade cell activity is described
by the membrane potential subject to changes given external
excitatory and inhibitory synaptic input. This leads to the dynam-
ics denoted by the following membrane equation (assuming zero
resting level)

C _x ¼ �A � xþ ½x� Eþ� � Iþ � ½x� E�� � I�; ð1Þ

where x denotes the activation as a function of t; Iþ;� denote time
dependent conductances corresponding to the exitatory and
inhibitory input, respectively. Eþ;� denote reversal potentials for
the excitatory and inhibitory input channels, respectively, and C
is the capacity of the membrane. Incorporating nonlinear and cou-
pled dependencies among time dependent conductances, this
membrane Eq. (1) was proposed by Hodgkin and Huxley to de-
scribe cells’ spikes (Hodgkin and Huxley, 1952). In our model
we keep the general format of Eq. (1) to describe neural activation
in formal terms by utilizing single compartment cell models with
gradual activation dynamics (rate coding) to represent the cells’
firing rate. Modeling of a gradual activation is an abstraction with
respect to the spiking model (Herz et al., 2006). The three-level
cascade which describes the computations in each model area,
namely V1, MT, and MSTd, is formally described by variants of
the membrane Eq. (1). We get

_xð1Þ ¼ �xð1Þ þ ½xFFin �b � Kb
vel; ð2Þ

_xð2Þ ¼ �xð2Þ þ xð1Þ � ½1þ cðxFBin �KFBÞ�; ð3Þ

_xð3Þ ¼ �A � xð3Þ þ ðB� Dxð3ÞÞðxð2Þ �KþvelÞ � ðC þ Exð3ÞÞðxð2Þ �K�velÞ; ð4Þ

with constants A; B; C; D; E; c, and b. The velocity blur is de-
noted by the kernel Kb

vel. The mechanism of center-surround inter-
action uses separable Gaussian kernels with rþs < r�s and rþd < r�d .
Parameter settings for areas V1 and MT are given in Appendix A.
xFFin and xFBin denote activations of the driving forward stream
and the modulatory feedback stream, respectively, and � denotes
the convolution operation. In our simulations all equations were
solved at steady-state for computational efficiency. The first stage
denoted by Eq. (2) consists of an initial (linear or nonlinear) filter-
ing stage and subsequent velocity blurring which leads to activity
integration and suppression of small activations. At the second
stage in Eq. (3) a modulatory coupling of driving FF activations
with FB signals enhances the bottom-up input stream (linking
principle) (Eckhorn et al., 1990). This mechanism ensures that FB
signals from stages at higher processing levels cannot generate
any activation at lower levels without coexisting non-zero bot-
tom-up activation. The spatial spread of FB connections is formally
described by a Gaussian kernel KFB. In the present model simula-
tions we restricted the feedback modulation to a single location by
setting KFB ¼ d. The third stage realizes an activity normalization
achieved by a stage of center-surround shunting inhibition, de-
noted in Eq. (4).

In detail, for driving feedforward processing a spatial integra-
tion with a ratio of 1:5 between areas V1 and MT is assumed. Tak-
ing this integration into account the generic format in Eq. (2) now
instantiates to

_xMT;ð1Þ ¼ �xMT;ð1Þ þ frsp ;rsp ð½xV1;ð3Þ�bÞ � Grb
d
� Grb

s
; ð5Þ
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with rsp ¼ 5 and appropriate spatial Gaussian smoothing with
rsp ¼ 5 px to avoid aliasing. Processing of a full FF/FB cycle is as-
sumed to take approximately 20 ms as indicated by measurements
of V1-MT interactions in monkey (Vanni et al., 2004) (compare with
Bayerl and Neumann, 2004).

A key ability of the model is the representation of multiple acti-
vations in the log-polar velocity space in model area MT. This is
modeled by utilizing a stage of center-surround shunting inhibi-
tion at the output of model area MT

_xMT;ð3Þ ¼ �A � xMT;ð3Þ þ ðB� DxMT;ð3ÞÞðxMT;ð2Þ � Grþ
d
Þ

� ðC þ ExMT;ð3ÞÞðxMT;ð2Þ � Gr�
d
� Gr�s Þ ð6Þ

where Gr�
d

denotes Gaussian kernels for directions and Gr�s a Gauss-
ian kernel for speeds. These Gaussian kernels are defined with stan-
dard deviation r and expectation value l ¼ 0. This inhibition
mechanism has the effect that nearby directions and speeds have
a strong competition and far distant directions and speeds are in
a weak competition. With this interaction three concepts are
brought together. First, detected motion signals which can be noise
are integrated into a single Gaussian shaped activity profile. More-
over this interaction has a similar effect like the motion blurring in
Eq. (2). Second, similar motion directions with a deflection angle
smaller than 30� are fused together, whereas for deflection angles
in the interval from 30� to 90� a gradual change from an unimodal
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specific decisions. The model overview shows the cascaded processing in a recurrent neural architecture including visual areas V1, MT, MSTd, and decision-making area LIP.
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into a bimodal peaked direction histogram takes place. For deflec-
tion angles above 90� a clear segregation of both peaks in the histo-
gram occurs. The Gaussian kernels of center-surround interaction
are parameterized to describe the same qualitative behavior of
the activity profile as reported by Treue et al. (2000, their Fig. 2).
Third, the input signal xð2Þ is normalized by the interaction between
the exitatory center and inhibitory surround, where the size of the
surround is larger than the center.

Model MT integration cells were proposed to generate local
velocity space representations which are subsequently processed
by large-field integration cells (at model area MSTd) which, in turn,
enhance compatible input activities via FB signals. The same FB
mechanism is employed to integrate attentional signals at the
stage of model area MT. For example, this signal can be deployed
to pre-select certain motion features (compare Fig. 4). Interactions
of activities representing motion with the attentional signal are
motivated by recent reports. Treue and Katzner discuss that the
perception of (transparent) motion stimuli is driven by feature-
based and spatial attention to bind spatial regions which are de-
fined by coherent motion (Treue and Katzner, 2007). This state-
ment is grounded by the study of a complex visual task including
different transparent overlays (Wanning et al., 2007). In this inves-
tigation a neural correlate for so-called surface-based attention
was found as early as in monkey area MT. In accordance our atten-
tional signal is employed in area MT and can modulate features
and spatial locations as well as combinations of them to realize a
surface-based attention mechanism.

2.3. Motion pattern cells

Motion pattern cells in area MSTd are found to be selective for a
variety of global optical flow patterns. These flow patterns are
caused by a 3-d observer motion along the optical axis, which gives
rise to an expansive or contractive flow or to clockwise (cw) or
counterclockwise (ccw) rotational flow for rotation around the
optical axis. Flow patterns of 2-d observer motion are caused by
rotations around and translations along the two axes which span
the image plane. Such motions mainly lead to laminar optic flow
fields, whereas flow caused by 3-d motion contains information
about the direction of ego-motion (focus of expansion, center of
rotation). Cells in MSTd have been identified that respond specific
to the location of the stimulus placement within the receptive
field, i.e. the center of motion (COM). Because of this selectivity this
class of cells is well suited to contribute to the analysis of self-mo-
tion in navigation tasks (Duffy and Wurtz, 1995). On the other
hand a different population of cells in area MSTd is invariant to lo-
cal stimulus configuration, i.e. the COM (Geesaman and Anderson,

1996; Graziano et al., 1994). The functional role of these cells is less
clear. We suggest that these cell types contribute to the represen-
tation of simultaneous motions over a larger spatial neighborhood
which can occur at different image locations. In the current model,
we included only MSTd cells which are spatially invariant and
which integrate over the total visual field represented in model
area MT. Furthermore, modeled MSTd cells were only sensitive to
motion direction while neglecting the speed diversity within vari-
ous large-field motion patterns. This simplification is related to
findings of (Tanaka et al., 1989) who identified a far stronger rele-
vance of direction information than of location and speed features
in the input stimulus. A speed insensitive response is realized by
summing activations of all different speeds (see Eq. (7)). Thus, pat-
tern selectivity

xpatternðaÞ :¼
X
~x;/

pð~x;/;aÞ �
X

s

xinð~x;/; sÞ
 !

ð7Þ

reduces to the ‘matching’ against different pre-defined motion pat-
terns pð~x;/;aÞ, where ~x ¼ ðx1; x2Þ denotes a spatial position in the
visual field in cartesian coordinates, / the preferred direction, and
a specifies the pattern type. Here, motion patterns are defined by

pð~x;/;aÞ :¼maxðcosð/� að~xÞÞ;0Þ; ð8Þ

and direction selectivity of these pattern cells is adjusted by the rec-
tified cosine tuning function. Table 1 shows the relationship be-
tween the parameters of að~xÞ and different types of motion
patterns.

The mechanism described in Eqs. (7) and (8) defines the stage of
input integration in the cascaded processing, corresponding to the
mechanism depicted in Eq. (2). Again, input is processed through
different stages of the cascade. So far, no modulatory FB for model
area MSTd is integrated. As a consequence the second stage of the
cascade in model area MSTd (Eq. (3)) simply amounts to an iden-
tity operation in which xð2Þ ¼ xð1Þ at equilibrium. Finally, activa-
tions undergo center-surround competition and normalization
(compare to Eq. (4)). Competition for cells coding opponent motion
patterns is employed, in detail between expansion/contraction
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Fig. 2. Relationship between (a) speed and direction selectivity of MT neurons (reprinted from publication Rodman, H.R., Albright, T.D. Coding of visual stimulus velocity in
area MT of the Macaque. Vis. Res. 27 (2), p. 2044. Copyright 1987, with permission from Elsevier) and (b) the log-polar velocity space used in our model.

Table 1
Relationship between pattern type and parameter að~xÞ.

Pattern type að~xÞ

Expansion/contraction ±arctan 2ðx2; x1Þ
Counterclockwise/clockwise rotation ±arctan 2ðx1;�x2Þ
Up/down 1

2 p= 3
2 p

Left/right p=0
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motion, clockwise/counterclockwise rotation, left/rightwards mo-
tion and up/downwards motion, respectively. All Gaussian kernels
Kb

vel; Kþvel, and K�vel operate over the domain of motion patterns. De-
tails about their parameterizations are given in Appendix B.

2.4. Perceptual decision-making realized by model area LIP

Mostly, perception of motion in transparent displays is evalu-
ated in a two alternative forced choice (2AFC) experiments where
subjects arrive at a perceptual decision concerning the qualitative
properties of transparent motion. For example, in an experiment
with transparently overlaid motions perceptual performance of
these motions is tested. Usually, this perceptual performance is
measured by determining the psychometric function crossing the
75% correct detection level. We suggest that performance in a
2AFC task can be simulated by probing a simplified model of area
LIP which consists of two pools of competing neurons which inte-
grate activation from MSTd pattern selective cells. Neurons in area
LIP of rhesus monkeys showed a steeper rise in spike rate for stron-
ger stimuli (Roitman and Shadlen, 2002). In their interpretation of
these observed neural activations the authors suggested a thresh-
old value applied to the temporal increase of activation which ad-
justs the tradeoff between speed and accuracy of decision-making.
In a similar fMRI study for a similar task high activation in the pos-
terior intraparietal sulcus (pIPS) was identified. Regions within this
sulcus area are assumed to realize similar functionality as monkeys
area LIP, during decision-making that triggers saccadic eye move-
ments Tosoni et al., 2008, see their Fig. 2. Both reported studies
conclude that sensory input is temporally integrated gaining evi-
dence towards a decision. Appliance of a threshold value to the
integrated task-specific activation gives rise to a perceptual deci-
sion. Following this general process area LIP gets neural input acti-
vation from area MSTd and temporally integrates this signal. This
is described in more formal terms by

xLIPðs;CÞ :¼
Z s

t0

f ðxCðtÞÞdt; ð9Þ

where f ð�Þ denotes a function selecting or weighing task specific in-
put and features indicated by C (e.g., motion directions). Temporal
integration is calculated starting by t0 (e.g., motion onset of the
stimulus) and ending at time s. To derive a decision dC for the fea-
ture C (e.g., left/right motion direction) within a certain temporal
period D ¼ s� t0 a threshold h is applied to the feature specific
activity xLIPðs;CÞ. Formally this is described by

dC :¼ 1 if ðxLIPðs;CÞ > hðDÞ ^ s� t0 < DÞ
Uð0;1Þ otherwise

�
;

ð10Þ

where Uð0;1Þ denotes a binary random variable with uniform dis-
tribution. hðDÞ is the threshold level which depends on the duration
D to succeed the task. The interpretation of the outcome dC is given
as value ‘1’ which indicates success and value ‘0’ which indicates
failure. Note, when the decision threshold is not reached during
an appropriate temporal interval D, a randomized decision is re-
turned according to an expectation value 0.5. This decision function
in Eq. (10) is designed for a 2AFC experiment.1

Here, only a simplified version of the temporal evolution of acti-
vation xLIP is chosen, because our main focus is to define a decision
variable dC and derive a response distribution for multiple trials. A
more detailed computation of the activation potential xLIP which is
in accordance with neurophysiological recordings can be found in
(Grossberg and Pilly, 2008).

3. Results

The model is probed with different test stimuli which consist of
different motion patterns with transparent surface arrangements.
Here, grating acuity (Mestre et al., 2001; Burr et al., 2006) and
the influence of attention (Felisberti and Zanker, 2005) is investi-
gated. To comply with the psychophysical experiments random
dot kinematograms (RDKs) of size 256 � 256 px and 10% dot den-
sity are employed. The radius of dots is determined by a morpho-
logical operation (dilation) around seed points of 1 px size with a
circular structured element of 7 px in diameter and post-smooth-
ing by a Gaussian with standard deviation of 2 px. Dots move with
a speed of 5 px/frame. In order to demonstrate the generic compu-
tational competency, the model is also probed with test sequences
from 3-d scenes and test scenes with opaque surface
arrangements.

3.1. Motion segregation

Psychophysical studies investigated the segregation of trans-
parent motion patterns in RDKs consistent of stripes with alternat-
ing motion direction (Mestre et al., 2001; Burr et al., 2006; Durant
et al., 2006). In our computational experiments stripe widths in
RDKs varied from 8 to 64 px. Fig. 3 shows cell activations in MT
velocity spaces as a function of the specified stripe width. In case
of a stripe width of 8 px fully transparent motion is represented
in area MT as signaled by the bimodal distribution of activity. For
an increased stripe width the distribution of activities in velocity
space gradually change into an unimodal distribution in model
area MT, cells code one motion direction. We suggest that integra-
tion cells at model area MT with kernel diameter of 21 px2 pool
motion information over a broad range of directions. When stripe
widths are small relative to the MT cell receptive field size motion
signals are integrated by velocity selective cells over a mixture of
motion directions. In the corresponding velocity space representa-
tions multiple peaks are established by cells of different direction
selectivities. In the case of increased stripe width input on average
drives only cells with similar direction selectivity. In this case only
one dominant peak in the velocity space distribution is established.

3.2. Attentional priming

It has been demonstrated that the number of transparent mo-
tion directions is limited to two to three different directions dis-
played simultaneously (Mulligan, 1992). To overcome this
limitation, selective attention may help to focus processing on
the relevant stimulus components in a specific task (Rothenstein
and Tsotsos, 2008). A more recent study shows that the number
of distinguishable transparent motion directions can indeed be sig-
nificantly increased by attending to pre-selected directions (Felis-
berti and Zanker, 2005). Here, we demonstrate computationally
how the influence of a signal generating an attentional prime for
a selected motion direction can help to improve direction selectiv-
ity. In the proposed model an attention signal is assumed to be de-
ployed after stabilization of the motion percept. The attentional
prime is assembled by a proper activation in working memory
and delivered via a top-down excitatory feedback signal. It should
be emphasized that such an attention signal utilizes the same cir-
cuits as the inter-areal sensory FF/FB interactions at earlier stages
of cortical processing (compare Bayerl and Neumann, 2007).

In computational terms the feature attention signal is intro-
duced at the fifth iteration of simulating the network dynamics.

1 The concept is general such that other more complex decision tasks can be
formally treated as well.

2 The Gaussian kernel applied before sampling between V1 and MT has a standard
deviation of r ¼ 5 px. A cut-off at 2 � r is performed to construct a finite Gaussian
kernel. This gives a diameter of 21 px choosing the next odd number.
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Thus Eq. (3) for model area MT becomes an additional summand,
the attentional signal xatt . With this summand the second factor
in Eq. (3) reads as ð1þ cðxFBin �KFB þ xatt �Katt

velÞÞ. Here, the atten-
tional signal is defined as xatt ¼ 2 at all spatial locations and votes
for a motion speed of approx. 5 px/frame. The primed motion
direction changes between experiments, see Fig. 4. This attentional
signal has an uncertainty in the velocity space which is modeled by
convolving by a Gaussian with ratt

d ¼ 22:5� for directions and a
Gaussian on the log-speed codomain with ratt

s ¼ 0:2 px=frame.
Again the previously described RDKs served as input. Fig. 4 shows
that the attentional priming signal can enhance activation at area
MT to enforce a decision with respect to a given motion direction.
In a control experiment, we show that this is only the case, when
the motion direction was initially present in the input to generate
an activation in the corresponding velocity space representation.
The model behavior is consistent with findings using fMRI which
show that feature-based attention enhances the activation of neu-
rons that are selective for the attended feature (Serences and Boyn-
ton, 2007). In our model, this is expressed by the enhancement of
activations shown in the response histograms.

3.3. Coherent motion and decision-making

To show the robustness of the model in case of noisy input mo-
tion we tested the perceptibility of a planar motion of moving dots
superimposed with a given percentage of randomly moving dots.

Using these input stimuli, we devised a 2AFC decision task.
Here, stimuli with motion coherence levels 0%, 3%, 6%, 13%, 26%
and 51% were employed (compare with Roitman and Shadlen,
2002) and a decision is generated for one of two opponent motion
directions (e.g., left vs. right) when a threshold criterion is ex-
ceeded as described in Section 2. Neural activation generated by
area xMSTd cells encoding motion patterns for left/right planar trans-
lation serves as input xCðtÞ ¼ xMSTd;ð3Þ in Eq. (9) for model area LIP.
The time to arrive at a decision is not restricted in this experiment
ðD! þ1Þ and the threshold value is set to h ¼ 0:5. Fig. 5d shows
results of the decision-making process for different coherence lev-
els (50 trials). The data was fitted by a cumulative Weibull distri-
bution with two parameters a (threshold) and b (steepness). For
comparison, we included results from monkey experiments (Roit-
man and Shadlen, 2002, their Fig. 3A).
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3.4. Three-dimensional surface arrangements and realistic scenes

The segregation of transparently overlaid motions is investi-
gated for different scenarios. Consider, for example, the configura-
tion shown in Fig. 6. Here the background with the facial image is
translating to the left while the foreground an earth globe rotates
clockwise. Iterative computation with recurrencies between model

areas V1 and MT as well as between MT and MSTd generate stable
motion representations. In this experiment we tested the influence
of MSTd motion patterns on earlier motion representation in mod-
el area MT. Therefore, we calculated motion with and without the
feedback link between MSTd and MT. As described above cells in
area MSTd are selective to canonical flow patterns such as expan-
sion, contraction as well as clockwise and counterclockwise rota-
tion (3-d motion), while a different population is selective to
planar translational motion (2-d motion) (Graziano et al., 1994).
The results show that the two transparent motion patterns gener-
ate dominant activations in those cells with pattern selectivity cor-
responding to the input, see Fig. 6b and c. Additionally, local
pooling for spatial regions indicated by small circles in Fig. 6a
and identified by numbers 1.–5. results in the directional histo-
grams in Fig. 6d without feedback from MSTd to MT and Fig. 6e
with feedback. Employing feedback from MSTd in pools identified
by numbers 1., 2., and 5. two separate peaks are clearly formed,
and in pools 3. and 4. a more compromised direction is encoded,
shifting activation from diagonal parts more to horizontal parts.
Therefore, we suggest that recurrent interaction between areas
MT and MSTd stabilizes velocity estimates and contributes to the
segmentation of transparent motion patterns. In this setting, we
assume that the constant cMT that amplifies the feedback signal
is rather strong ðcMT ¼ 102Þ. This strong feedback signal can be ex-
plained by the object recognition of categorial parts, the surface of
the earth globe in the foreground and the facial texture in the
background.

In order to demonstrate that the model is also capable to pro-
cess sequences of realistic scenes, slanted transparent surfaces
were rendered by using a computer graphics ray-tracer. In Fig. 7
the processing results show that the overlaid motion generated
by the transparent region can be properly segregated. The two
textured surfaces moved in different directions as well as with
different speeds. The important observation is that in the overlap-
ping part (center of image) the two opposite motions can be estab-
lished such that the motions along individual directions can be
grouped and clearly separated from each other. To calculate errors
as shown in Fig. 7h we used an appropriate read-out strategy of
neural activity. This strategy includes, first, an interpolation of
activity in model area MT to the full image size. This is necessary
because ground-truth data is specified with respect to the original
image size while the model MT computation operates on a 1:5
sampled resolution. Next, interpolated activities are interpreted
by weighted vector summation, where weights are specified by
the activation and vectors by the speed and direction coding of
velocities. For multiple layers of motion we restricted this vector
summation to a region in velocity space which is located around
the maximal activation. Then, read-out around a maximal activa-
tion is processed for each layer. For example, for two layers we ex-
pect two maxima to exist in the velocity space, which are
iteratively read-out. After weighted vector summation for each
maxima we have a vector field for each layer as estimate.3 To report
the deflection between estimates and ground-truth values three er-
ror measures are utilized. These error measures are identified as (i)
the angular difference, (ii) the absolute value of speed differences,
and (iii) the angular error. The angular error is widely used and
was first defined in Barron et al. (1994). In this scenario the medium
value of errors calculated over spatial locations is much better than
the mean value of errors. This can be explained by the outliers gen-
erated by the fuzzy textures, sometimes only the foreground or
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Fig. 5. (a) 50% of all dots, randomly selected in each frame, perform a temporally
coherent rightward motion, other dots appear at random position. Due to the
symmetry among leftward and rightward motion within the model only rightward
motion is tested. (b) Activation of area MT for different coherence levels. The
strength of activation is encoded by intensity denoted by colorbars. Note, intervals
of colorbars differ within one decade approximately. Bilinear interpolation is used
to draw values continuously. (c) Activation of different MSTd motion pattern cells
for 2-d motion, here global laminar translational flow. (d) Activation of MSTd
motion pattern cells for 3-d motion, defined as translations along and rotations
around the optical axis. (e) Psychometric function fitted to decisions driven by a
temporal integrating threshold function which integrates activation of motion
patterns. All activations shown in (b) are the mean over 50 trials and all spatial
locations, and in (c) and (d) the distribution of activities is characterized by the
mean and ±standard deviation for 50 trials.

3 This strategy bears some resemblance to the probabilistic representation of
sensory input and Bayesian computation (e.g. Knill and Pouget, 2004). Here, we treat
the neural response distributions as likelihood to estimate motion responses and to
separate distinct motions from multimodal velocity distributions.
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background is visible. Also, this can be observed in Fig. 7f and g as
cloudy activity coding rightwards/leftwards motion.

Finally, we investigated the processing of test sequences com-
posed of opaque object surfaces only. This demonstrates that the
proposed model architecture is still capable of processing input
which contains stimuli generated by moving object surfaces and
their occlusions. We utilize the Yosemite flight through sequence
with clouds (available via anonymous ftp from ftp.csd.uwo.ca in
the directory pub/vision). To compare ground-truth optical flow
with estimates a similar procedure of read-out is applied as de-
scribed above. Here, the activity encoded in one velocity space is
assumed to be unimodal. Thus, as read-out mechanism a weighted
vector summation including all activity encoded in one velocity
space is used. Again the angular difference, the absolute value of
speed differences, and the angular error are used to report deflec-
tions between estimate and ground-truth, see Fig. 8c. A variant of
the Horn and Schunck algorithm achieves a mean angular error of
9.78� for 100% density (Barron et al., 1994, compare with their Ta-
ble 7). Our model estimates motion with a mean angular error of
approximately 10�. Modern regularization methods in computer
vision achieve a mean angular error of 1.78� (Papenberg et al.,
2006). However, these methods cannot handle transparency nor
do they account for potential neural mechanisms underlying mo-
tion perception. The results generated by the proposed model
shows that the scope of the model is broad enough to successfully
deal with various surface configurations by reliably generating ro-
bust motion feature representations.

4. Discussion

The processing of motion in a situation where two or more
overlaid patterns move transparently over each other is still a big
challenge for modelers of biological as well as computational mo-
tion perception (Snowden and Verstraten, 1999). In this paper, we
propose a neural model for the perception of transparent motion.
The proposal makes several new main contributions, namely (i)
the reliable processing of transparent motion stimuli by suggesting
an ON-center/OFF-surround interaction mechanism in a velocity
space representation of model MT utilizing a log-speed/direction
representation, (ii) the augmentation of an attentional priming sig-
nal utilizing the circuitry of bottom-up and top-down signal flow
for stabilizing motion feature detection and integration, and (iii)
the incorporation of pattern motion cells in model MSTd to segre-
gate global transparent motions into separate surfaces.

4.1. Previous approaches of transparent motion detection

Previous neural models studying transparent motion can be cat-
egorized as models of initial motion detection (Zanker, 2005; Dur-
ant et al., 2006) and as models with successive motion integration
(Qian et al., 1994; Watanabe and Kikuchi, 2005). Altogether these
models detect and implicitly represent transparently superim-
posed motions. This implicit representation means that velocities
for different motion directions at the same spatial location are
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as texture) is moving to the left while the foreground layer (globe texture) rotates clockwise. Responses of MSTd pattern cells pooling over the total image display. Pattern
cells were modeled by separate pools with (b) expansion/contraction/rotation and (c) laminar translational motion selectivity. Leftward translation and clockwise rotation
generate the dominant pattern responses. Shown are mean values and ±standard deviation of nine successive frames. (d) Histograms of direction specific neural activity
pooled over regions indicated by the circles in (a). (e) Same pools as in (d) but this time feedback from motion pattern cells in area MSTd is incorporated. As key effect multiple
activations became more prominent (1., 2., and 5.), or activity is shifted into a compromise direction (3. and 4.).

78 F. Raudies, H. Neumann / Journal of Physiology - Paris 104 (2010) 71–83



Author's personal copy

b) back plane

front plane

a)

x [m]

z [m]

(0,0)
camera

back plane

front plane

10

6

45°

90

0

90

0

c) d)

e) f) g)

0 5 10
0

5

10

15

20

3.36
2.46 2.10 1.85 1.76

8.99

7.35
6.71 6.42 6.09

iteration

m
ea

n 
di

ffe
re

nc
e 

an
gl

e 
[°]

angular difference

0 5 10
0

0.1

0.2

0.3

0.4

0.27
0.26 0.26 0.26 0.260.27

0.19 0.20
0.22 0.22

iteration

m
ea

n 
ab

s 
sp

ee
d 

er
ro

r [
px

]
speed error

 

 

background, mean
background, median
foreground, mean
foreground, median

0 5 10
0

5

10

15

20

10.83

9.41 9.33 9.34 9.259.17

7.24 6.76 6.62 6.40

iteration
m

ea
n 

an
gu

la
r e

rro
r [

°]

angular error
h)

Fig. 7. Motion signals generated by slanted transparent surfaces moving fronto-parallel to the observer (camera position). The backplane is moving rightwards, the front-
plane is moving leftwards. (a) Geometry of the scene layout and surface motions in the sensing range of the camera. The front-plane has a transparency of 60%. (b) Display of
the seventh frame of the image sequence where borders of the front-plane are highlighted. (c and d) Summed activities for the spatial region of the front-plane and backplane,
respectively, each presented in a direction histogram of neural activity in velocity space (sixth iteration). (e) Summed activity for all directions excluding activity for the
leftwards and rightwards direction. (f and g) Activity for leftwards/rightwards direction. In all plots (e–g) the mean activity for different speeds is shown. (h) Error for
different motion layers. Note, that the mean is calculated over the spatial region of the target motions.

a) 1st frame of 'Yosemite' b)  error between estimated and ground-truth flow

iteration 1 iteration 2 iteration 3

c)  estimated optical flow

0 5 10 15
0

5

10

15

11.29

6.65

4.90 5.17 5.02 5.11 5.255.61

2.85
2.27 2.57 2.40 2.34 2.36

iteration

m
ea

n 
di

ffe
re

nc
e 

an
gl

e 
[°]

angular difference

mean
median

0 5 10 15
0

0.1

0.2

0.3

0.4

0.5

0.6

0.50 0.52 0.52 0.49 0.49 0.50 0.50

0.35
0.29 0.28 0.27 0.29 0.30 0.31

iteration

m
ea

n 
ab

s 
sp

ee
d 

er
ro

r [
px

]

speed error

mean
median

0 5 10 15
0

5

10

15

13.03

11.57
10.9310.6110.5610.4810.4810.83

8.52
7.69 7.60 7.85 7.94 8.13

iteration

m
ea

n 
an

gu
la

r e
rro

r [
°]

angular error

mean
median

Fig. 8. Processing of an opaque motion sequence. (a) First frame of the ‘Yosemite’ image sequence (with clouds). (b) Errors between estimated flow and ground-truth flow.
Errors are reported for optical flow with 100% density and no boundary region is excluded for the evaluation. (c) Estimated flow derived from read-out of neural activities in
model area MT. Velocities are color coded with direction (hue) and speed (saturation).

F. Raudies, H. Neumann / Journal of Physiology - Paris 104 (2010) 71–83 79



Author's personal copy

coded by a distribution of velocities. On the other hand, computa-
tional methods include explicit mechanisms to handle transpar-
ency in motion. In this context the term explicit means that
additional (iterative) mechanisms are employed to achieve multi-
ple motion estimates at a single location. Several of these methods
assume that the observed spatio-temporal gray-value changes are
defined by a superposition of different motion vectors (Black and
Anandan, 1996; Ramirez-Manzanares et al., 2007). Integration
and linkage of single vector components to be combined can be
realized via clustering, e.g. using m-functions for robust estimation
(Black and Anandan, 1996). Other computational approaches,
including computer vision algorithms, attempt to optimize repre-
sentations with respect to single velocities and investigate the nec-
essary conditions in representing multiple motions corresponding
with transparent layers (Snowden and Verstraten, 1999; Durant
et al., 2006; Watanabe and Kikuchi, 2005).

In particular, Qian et al. proposed a two-stage FF model of V1
and MT processing (Qian et al., 1994). In this model motion energy
(Adelson and Bergen, 1985) is detected and rectified at the level of
V1 and subsequently integrated at the stage of MT assuming oppo-
nent direction inhibition within subfields. In our model we also
utilize inhibition between subunits and also emphasize the role
of shunting inhibition. Unlike their model, however, we propose
that opponent inhibition operates on the full velocity space and
the activation represented therein. This enables the selective tun-
ing to multiple motions and allows the fusion of motion directions
along similar directions represented by a compromise direction.
Furthermore, the iterative interaction of FF and FB activities dem-
onstrates how initially ambiguous and unreliable estimates can be
disambiguated, and how attentional priming can bias and selec-
tively enhance activations.

The model of Zanker utilizes a network of orthogonally oriented
extended Reichardt detectors for initial motion detection (Zanker,
2005). For different input displays with two and multiple transpar-
ent motions (global) motion vector histograms have been gener-
ated using the detector network. The number of individual
maxima in the distributions is taken as indicator of perceptual sep-
arability of transparent motions. Recent work (Durant et al., 2006)
have shown, however, that multimodal velocity distributions (his-
tograms) are not sufficient to indicate transparency percepts, also
compare to our first computational study depicted in Fig. 3. While
the computational model of Zanker reveals basic mechanisms in
motion detection it does not include an explanation of how the dif-
ferent motion directions are detected and then segregated after-
wards to build stable transparent motion representations. Unlike
our model explains how different motion directions can be segre-
gated computationally based on generic neural interactions using
the neural representation of velocities in area MT. When these
velocities are integrated and further processed at the stage of
MSTd, coherent motion patterns can be segregated and repre-
sented at the same spatial location. The proposed mechanisms at-
tempt to develop a cortical model network architecture for motion
perception in which different processing stages provide different
competencies. The interaction between different network stages
enables to generate the neural representations of single or possibly
multiple overlapping surface motions.

A computational method proposed by Mota et al. (2004) utilizes
the generalized structure tensor as a framework which is defined
as the tensor product of the Nth order partial space-time deriva-
tives of the input stimulus. The rank of these generalized tensors
determines the number of motion directions. In their model, to
identify these motions, the input pattern is transformed into the
Fourier domain, where motion is represented as plane/line which
is then mapped by a projective transform. Using the duality of
the projective plane gives the velocity or set of possible velocities.
We emphasize the neural mechanisms involved in this processing.

At the moment, it remains how the gradual changes in perceiving
transparent and non-transparent motion in parallel stripes of
opposite motions can be generated using global Fourier transform
or how attention is incorporated in such a model. We have pro-
posed a testable mechanism that demonstrates successfully mo-
tion detection and integration for transparent as well as opaque
surfaces. Feedback signal enhancement and feedback that is delib-
erately supplied to focus attention on a particular motion direction
is handled using the same model mechanisms.

4.2. Does transparency perception rely on multimodal velocity
distributions?

Several investigators analyzed whether the representation of at
least two motions at the same location is sufficient or necessary for
the perception of transparent motion. From the perspective of neu-
rophysiology, characteristic single or multiple direction responses
of neurons in area MT depends on the angular difference between
motion layers that were transparently overlaid to build the input
stimulus (Treue et al., 2000). This finding is indicative for a gradual
process – instead of an all-or-none decision – that distinguishes
between opaque and transparent motion perception. Neural
modeling investigations show that multiple peaks are only an indi-
cator but not sufficient to clearly identify transparency in motion
(Durant et al., 2006). Recent psychophysical results agree with
these findings (Curran et al., 2007). In accordance, we suggest that
transparent surface motions are detected and represented by
separated clusters of velocity specific neural responses at an early
cortical level of motion processing. We suggest that velocity space
representations in area MT already hold the separable feature rep-
resentations. However, the segregation to build up simultaneous
motion representations appears through further processing along
the cascaded motion processing hierarchy. Thus, pattern motion
selective cells at the stage of MSTd make an important contribu-
tion. Cells tuned to different motion configurations selectively
integrate MT cell responses of spatially varying tunings. Support
for our suggestion comes from an fMRI study which found that
hMT+/V5 plays a central role in the discrimination between trans-
parent and opaque motion (Muckli et al., 2002). Furthermore, we
assume that feedback signals enhance simultaneously active cells
such that multiple motion responses are further stabilized. This
is mainly supported by findings with patients who suffer from vi-
sual deficits due to dyslexia (Hill and Raymond, 2002). In a group of
adult subjects the experience of global motion direction from
coherent unidirectional stimulus motion was unimpaired while
for the perception of transparent motions large deficits were ob-
served. These findings gave ample evidence in favor of an extrastri-
ate origin for integration and segmentation of complex motion
signals. We do not claim, however, that such segmentation pro-
cesses occur exclusively at the level of area MSTd. Such cells do
have the functional properties to be involved in such mechanisms.
We appreciate that this segregation is probably even more com-
plex which can be seen in displays of three-dimensional transpar-
ent surface motions that, in turn, is related to the problem of
structure from motion perception (Treue et al., 1995; Caudek and
Rubin, 2001).

4.3. Critical parameters in stimuli of transparent motion

Psychophysical studies report that the ability to perceive trans-
parent motions (i) depends on the angle between the discriminat-
ing motion directions and (ii) increases with higher speeds of
motion (Mestre et al., 2001; Felisberti and Zanker, 2005). Both
findings directly refer to the properties of the velocity space and
the shunting mechanism employed in the suggested model. For
small difference angles and small speeds the resulting activations
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mutually compete and this results in a low activation of MT cells.
In contrast, motions with a high discriminating angle or speed will
be represented with a stronger activation. Thus the model makes
the prediction of a systematic dependence between angular differ-
ence, motion speeds and the acuity to perceive transparent motion.
We have proposed a center-surround shunting mechanism defined
in velocity space and demonstrated that this computational mech-
anism is robust against different noise influences. A decision-mak-
ing process has been simulated in which an observer selects a
motion direction between two opposite directions (2AFC task)
based on the ratio of velocity responses pooled over a spatial re-
gion. The fitted psychometric functions for different threshold set-
tings correspond to the results of a direction discrimination task
(Roitman and Shadlen, 2002). This demonstrates that the gener-
ated model representations provide results that are comparable
with animal behavior in decision-making.

The acuity to discriminate between dots moving in opposite
directions which are located in stripes of varying width have been
investigated (Mestre et al., 2001; Braddick and Qian, 2001). Cate-
gorical differences were observed such that transparent motion is
perceived for small stripes while for wide stripes coherent compo-
nent motion alternating in opposite directions is perceived. This
categorical difference is also reflected in our model, compare
Fig. 3. Functional mechanisms which allow such a behavior are
the possibility to represent activations for multiple velocities at
the model stage of area MT, the spatial integration between areas
V1 and MT (ratio 1:5), and the recurrent FB mechanism between
areas V1 and MT. Altogether those mechanisms allow for small
stripe widths that multiple activations are generated in a dense
pattern across the spatial domain represented in all over area
MT. For large spatial stripes however, spatial integration and FB
does not establish a dense field of multiple peaked activations
but enhances those single directions of coherent motion.

The discrimination of motion directions in regular displays has
been investigated demonstrating that motion directions which dif-
fer less than 10� are perceived in a compromise direction (Treue
et al., 2000). For transparent displays this critical deflection angle
increases to 60� in a pre-cued condition (where persons know
which direction they should attend to) and increases to 120� with-
out any cues (Felisberti and Zanker, 2005). Attention deployed to
certain motion directions can thus improve human performance
in segregating up to six to eight simultaneously presented trans-
parent motion directions in comparison to two to three directions
in unattended stimuli (Felisberti and Zanker, 2005). Such an
improvement has been attributed to a selective tuning mechanism
that improves selectivity of visual processing (Rothenstein and
Tsotsos, 2008). In our model attention is incorporated at model
stage MT (Wanning et al., 2007) and can selectively enhance fea-
tured-specific activation, spatial-specific activation, as well as
combined activities, see Fig. 4.

5. Conclusion

We have presented a neural model to account for the main pro-
cessing steps underly the perception of transparent motion. The
model is based on low and intermediate processing stages along
the cortical dorsal pathway in primates, namely areas V1, MT,
and MSTd, as well as their inter-areal cortico-cortical interactions.
The model builds upon and extends a previously proposed model
by Bayerl and Neumann (2004) of the V1-MT interactions that suc-
cessfully explained the disambiguation of ambiguous motion esti-
mates from opaque surface motions.

Here, we propose an extended version of the basic model frame-
work to explain the processing and representations involved in the
perception of surface motions that occur at the same spatial

position, and, thus, may establish candidates for transparency per-
ception. We built upon experimental investigations of the critical
features that eventually lead to transparency perception. Our mod-
eling investigation makes two major claims that have not so far
been considered in previous modeling attempts. First, lateral cen-
ter-surround interactions in the spatial as well as in the velocity
(speed and direction) domain are suggested to define the key
underlying mechanisms to allow simultaneous representation of
multiple velocities at one spatial location. Similarity between
two motions in speed and direction determines whether two peaks
in activations will be segregated or smoothed and integrated into
one compromise motion. Thus, the result of combined or segre-
gated motion responses is not an all-or-none process of low-level
decision-making based on input feature processing. Second, we ar-
gue that the simultaneous representation of multiple motions is a
necessary but not a sufficient condition for motion transparency
perception. We propose that such initial feature representations
will be subsequently integrated at an intermediate stage of motion
processing; cells in area MSTd with large-field pattern selectivity
integrate MT cell motion responses with matching velocity profile.
Multiple transparent motions are then represented, and segregated
at the same time, by simultaneous activation of distinct pattern
motion cells.

The proposed model mechanisms have been demonstrated to
successfully explain motion computation of transparent as well
as opaque surfaces. Attentional priming of selected motion direc-
tions lead to enhancements in the representation of movement re-
sponses as if the corresponding responses were of higher
perceptual contrast. This is coherent with the biased competition
theory that we claim builds upon a key set of mechanisms at var-
ious levels in the cortical hierarchy. We believe that the mecha-
nisms underlying the segregation of multiple motions and the
perception of motion transparency will help to steer the learning
to improve performance in speed and direction discrimination
tasks. The latter topic will be investigated further.
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Appendix A. Model areas V1 and MT

Table A.1 describes the set of parameter values in the three-le-
vel processing cascade of model area V1 and MT, respectively. The
convolution in the directional codomain is applied with cyclic
boundary conditions. Convolutions in the other codomain for
speed and spatial dimensions are applied with Neumann boundary
condition. To specify ‘filter kernels’, we used the symbol d to de-
scribe a Dirac pulse and �P to describe the calculation of the mean
value over all values in the finite codomain. Additionally, we spec-
ified Gaussian filter kernels by the standard deviation r and expec-
tation value l ¼ 0. To construct Gaussian kernels of finite support
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the cut-off value is set to 2r. The standard deviation in the direc-
tional codomain is specified in degrees. Note, that this specification
is independent of the number of discrete directions employed. For
example, if we double the number of directions employed in the
model from at the moment 16 to a value of 32, values of r in de-
grees remain unchanged. Values for model area MSTd are not in-
cluded in Table A.1, since we were using a different feature
space, namely the space for types of motions að~xÞ (see Appendix B).

Appendix B. Model area MSTd

Since the features changed from velocities to motion patterns
we detailed the description of the first equation of the processing
cascade in model area MSTd by

_xMSTd;ð1ÞðaÞ

¼�xMSTd;ð1ÞðaÞþ
X
~x;/

pð~x;/;aÞ �
X

s

½xMT;ð3Þð~x;/;sÞ�b
 !( )

�Kb
pat: ð11Þ

First, a nonlinear enhancement of input activation is applied, which
is denoted by the exponential b ¼ 2. A summation over all speeds
follows. Next, the direction specific activation is matched against
a set of motion patterns pð~x;/;aÞ defined in Eq. (8) and blurring
Kb

pat over the feature space of motion patterns is applied, subse-
quently. Because of the sparse sampling of pattern types in our
model, however, we have omitted blurring in our model implemen-
tation such that Kb

pat ¼ d. Together this forms the ‘input’ of the first
equation in the processing cascade.

At the moment no feedback signal is incorporated for area
MSTd. This leads to c ¼ 0 and the kernel KFB has no relevance here.
Generally, such a signal could enhance different motion patterns
independent of their spatial position (Graziano et al., 1994).

Referring to Eq. (4), constants for center-surround interaction
are chosen as A ¼ 0:01; B ¼ 1; C ¼ 1; D ¼ 0, and E ¼ 1. Time
dependent exitatory and inhibitory conductance, were defined by
Iþ ¼ xð2Þ �Kþ and I� ¼ xð2Þ �K�, respectively, where Iþ specifies
the pattern type of the target cell under consideration and I� de-
notes the opponent pattern type (Kþ ¼ d and K� ¼ d).

The feedback signal from MSTd to MT is constructed by a
weighted summation of patterns,

xðMSTd;FBÞð~x;/Þ ¼
X

a
ðxMSTd;ð3ÞðaÞ � pð~x;/;aÞÞ; ð12Þ

where the weight is given by the activity of MSTd patterns. xMSTd;ð3Þ

denotes activation at the end of the processing cascade in model
area MSTd. This feedback signal is equally propagated to all neurons
of different speed selectivity in model area MT.
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