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ABSTRACT  
In this work we present a neural model simulating parts 
of the motion and the form pathway of the visual 
cortex. It is shown how the visual features motion, 
disparity, and form that are represented in a distributed 
way in areas V1, V2, and MT mutually interact at 
several levels to share information without the need of 
explicit place-like coding. In particular, we address the 
issue of 2D extrinsic motion cues generated at 
occlusions that have to be treated differently than 2D 
intrinsic motion features of the same object. We suggest 
that here information of the form channel, namely the 
indication of a junction, is necessary to achieve a 
correct percept in the motion pathway. Furthermore, we 
investigated the question of how a percept of either 
pattern or component motion is generated in a scenario 
of moving bars that only differ in the presence or 
absence of occlusions, like in the chopstick display. 
Therefore, we propose different roles for various kinds 
of MT cells that are involved in the interactions with the 
form pathway, simulating purely integrative cells tuned 
to motion and to motion and stereo, but also contrast 
cells responding strongly to opponent motion in the 
surround. The model simulations reproduce 
psychophysical and neurophysiological results of the 
chopstick as well as of the barberpole illusion. The 
temporal course of the dominant motion percept 
generated by the iterative interplay between motion and 
form pathway is in line with data of ocular following 
responses in primates and humans. 
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1.  Introduction  
Surfaces moving in space are characterized by feature 
conjunctions of lightness, velocity, relative depth, etc. 
Related feature detection processes activate certain 
representations in the brain whose structure as well as 
the possible interaction of the underlying neural 
processes is a topic of intense investigation. Evidence 
suggests that early and mid-level processing in area V1, 
V2, and MT of static and dynamic visual information is 
organized along parallel streams with mutual 
interactions at different levels [1]. One avantage of this 
architecture is that features can be coded in a basically 
distributed fashion while mutual connections between 
processing stages allow the exchange of information. In 
MT for example, cells tuned to both motion and 

disparity exist [2]. Ponce et al. [3] showed that when 
areas in the form pathway (V2/V3) are deactived, the 
disparity tuning of these MT cells is largely reduced, 
which is a clear hint to the interactions between the two 
pathways. The corresponding roles that different cell 
types found in MT play in this context is not yet clear. 
There are several problems to solve, like the 
segmentation of the objects of a scene while at the same 
time integrating regions that belong together. The 
representation in lower areas should remain spatially 
localized despite feedback of higher areas with larger 
RF fields. Furthermore, ambiguous motion cues that 
appear along a 1D structure have to be resolved 
(“aperture problem”). At 2D structures, where 
unambiguous motion estimates can be computed, 
another difficulty appears: If the structure is intrinsic, 
i.e. belonging to the object, the motion estimated there 
is reliable and helps to solve the aperture problem. 
However, if the termination is extrinsic and thus 
belonging to a different object surface because of an 
occlusion, the feature response needs to be suppressed, 
as measured by [4]. We suggest that these issues can be 
solved by appropiate interactions between the two 
pathways, as presented in the following chapters. Also, 
the contribution of different kinds of MT cells within 
these mechanisms is addressed. We suggest how 
different percepts of global motion are generated for 
stimulus configurations in changing contexts, like in the 
chopstick experiment [5]. In model simulations we 
show how feedback from MT to V1 cell populations 
and mutual form-motion interactions between V2 and 
MT influence the generation of global percepts.  
The question of how motion estimates for stimuli 
formed by several components is computed is also 
connected to the generation of ocular following 
responses (OFR). Evidence exists that they are directly 
influenced by cortical motion processing in areas 
MT/MST [6, 7]. Our model presented here represents a 
possible basis for motion segmentation to explain the 
time course of human and primate OFR for moving 
stimuli perceived as pattern motion like in the 
barberpole experiment [8, 9, 10].  
 
2. Model  
Our model consists of areas V1, V2, and MT to present 
the first stages along the dorsal and the ventral pathway 
as depicted in Fig. 1. We build upon the components of 
a previously developed model of motion processing 
using feedforward and feedback interaction between 
areas V1 and MT [11]. This model suggests a possible 
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explanation how the motion aperture problem is solved 
[12]. In the extended model proposed here, MT contains 
two kinds of integration cells, MT Motion cells that are 
only tuned to motion and MT Motion+Stereo cells 
tuned to both motion and disparity [2]. In addition, MT 
Motion contrast cells are included utilizing a center-
surround mechanism with opposite direction tuning. 
These cells respond strongly if the velocities in the 
surround differ from the movement that is found in the 
center. The mainly integrative fashion of the forward 
processing in the motion path is indicated by 
increasingly larger receptive field sizes, with a ratio of 
approximately 1:5 for V1:MT Motion and MT 
Motion+Stereo and 1:1.25 for MT Motion : MT Motion 
contrast.  
The stages along the form pathway, namely model areas 
V1 and V2, are modelled on the basis of a former model 
of long-range grouping and texture boundary formation 
[13]. Both form and disparity tuned cells are simulated. 
V1 Form cells detect local luminance gradients of eight 
different orientations, V1 Stereo cells are activated by 
shifts in horizontal direction between the left and the 
right input image based on the responses of a 
correlation-based disparity detector (similar to the 
Reichardt detector used here for motion detection) that 
is tuned to different horizontal disparities. V2 Form and 
Stereo cells are then integrating the corresponding V1 
inputs using bipole filters. Multiplicative combinations 
of V1 and V2 Form cells allow the detection of end-
stop positions and possible X- or T-junctions (see Fig. 1 
right, ratio of RF size V1:End-stop and V1:Bipole 
approx. 1:4). Model areas are modular in the sense that 
they are all built by a cascade of processing stages, 
including a filtering stage for driving input, a feedback 
signal path to modulate the input, and a stage of center-
surround shunting competition. The dynamics of the 
individual stages is defined formally by first-order 
ordinary differential equations, utilizing single-
compartment neuron models at the individual 
processing stages. In particular, we have 
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The terms �(1), �(2), and, �(3) denote the activity within 
the three stages of the model area, the term sFF in (1) 
denotes the driving input signal, while zFB in (2) is the 
modulatory feedback signal; the functions Λ and Ψ in 
(1) denote weighting kernels in the spatial and the 
velocity domain, respectively, * denotes the 
convolution operator, x the spatial position, φ  denotes 
velocities, and the constants A, C, and E in (2) and (3) 
adjust proper activity decay and strengths of feedback 
and lateral inhibition. In the results presented here, the 
steady-state-solutions of Eq. (1)-(3) are used to compute 
the neural activity. For this reason, we do not take into 
account the delay of neural responses between the 
different model areas. 

We suggest that the mutual cross-pathway interactions 
between selective representations of motion and 
form/disparity, namely bidirectional V1/V2-MT and 
MT-V1/V2 processing, are based on modulatory 
interactions. The bidirectional mutual interactions 
between V1/V2 Stereo  and MT Motion+Stereo, the 
feedback from MT Motion contrast cells, and the input 
from end-stop activity to MT Motion using a gain 
enhancement such as denoted in Eq. (2) all follow the 
linking principle proposed by Eckhorn et al. [14]. 
Further interactions between form and motion pathway 
are the input at possible X- and T-junctions. A tonic 
input that is not velocity selective is added to MT 
Motion cells after the feedback step – the net effect is a 
suppression at these positions due to the subsequent 
normalization process (see [15]). The influence of this 
interaction is still modulatory in a way that the activity 
is only reduced, but not completely inhibited. V2 Form 
information also influences the integration process in 
MT Motion. This means, that the feedforward activity 
of V1 is not simply added up in an isotropic way, but it 
is weighted according to the strength of the form 
activity in V2.  
The model was tested with input images of size 120x90 
pixels. For motion cells, we represented neurons 
responding to a spatial shift from -6 up to +6 pixels in 
both x and y direction, stereo cells were only separated 
in two layers for near and far stimuli, 8 different 
orientations were used in the form channel.  
 

 
 
Fig. 1. Left: Neural model. Motion and form pathway are 
modelled simulating area V1, V2, and MT. Feedforward 
interactions are indicated using light gray arrows, modulatory 
interactions using dark gray arrows. The input to V1 subareas 
is the correlation response of an elaborated Reichardt detector 
in V1 Motion and V1 Stereo and oriented luminance contrasts 
for V1 Form. Right: Cell types. V1 cells simply integrate over 
a small area, V2 RFs have the shape of a bipole. End-stop 
positions and T-junctions are indicated by the multiplicative 
combination of the depicted subfields. In MT, both Motion 
and Motion+Stereo cells are integrating their input (influence 
of V2 Form on MT Motion not depicted here), whereas the 
Motion contrast cells have a different velocity tuning in the 
center and the surround. 
 
Altogether, in different model areas according to their 
resolution and the tunings of the neurons, large numbers 
of neurons would have to be simulated. We used the 
principle of rank-/latency coding to achieve a sparse 
representation and an efficient computation of the 
neural activity [16]. To reduce the number of active 
neurons after every processing stage only the neurons 
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with a latency smaller than a certain threshold were 
kept for the simulations (only approx. 1% of the neural 
activity had to be represented in each layer). The 
latency of the neurons was computed using the model 
of quadratic integrate and fire neurons of Izhikevich 
[17]. Our results show that such a representation is 
sufficient to get simulation results corresponding to 
psychophysical and neurophysiological experiments. 
 
3. Results  
The complementary interaction of the processing 
streams in the model were initially tested using input 
sequences with two bars aligned like an “X” moving 
horizontally in opposite directions. This configuration is 
interesting because when two horizontal occluders are 
added at top and bottom of the bar endings the stimulus 
leads to a different percept switching from component 
motion to pattern motion. The bars are no longer 
perceived as two independently moving objects, but as 
one pattern moving in a coherent way. This effect, 
called the “chopstick illusion” [5], can be explained by 
the mutual interactions between the motion and the 
form pathway. In the first experiment we show the 
result for the chopstick illusion without occluders, 
where two bars are moving in the same depth plane in 
opponent directions.  
 

 
Fig. 2. Experiment 1: Mean velocity of area MT motion. Left: 
After the first iteration, only the line endings indicate the 
correct motion, along the edges normal flow is estimated 
indicated by the arrows orthogonal to the line contrasts. At the 
crossing upward motion is estimated due to the local 
movement of the junction formed by the two bars. Right: 
After 7 iterations MT Motion cells clearly achieve a 
segmentation and indicate the two correct independent motion 
directions of both bars. The two stimuli are segregated in two 
objects, one moving to the left, the other one to the right while 
the pattern motion at the crossing is suppressed. Note that no 
depth information is included in the input images. Therefore, 
at the crossing all the neurons tuned to one of the two 
component movements respond. As the sum of the left and 
right movement add up to a mean velocity of approx. 0, these 
positions are indicated in white/light gray (center right). 

Initially, the motion estimates in area MT shown in Fig. 
2 represent the true bar movement only at the bar 
endings. The 2D intrinsic terminators there achieve a 
correct motion estimate. In contrast, along the edges at 
the beginning normal flow is indicated, in the center the 
locally measured pattern motion is represented, the 
upward motion of the crossing itself. But during several 
iterations, the strong activity at the bar endings can 
propagate along the bars (Fig. 2 right). This effect is in 
particular facilitated by two mechanisms: First, the 
contrast cells respond strongly at the bar endings. In the 
center of the RF high input activity is present due to the 
unambiguous activity at the bar ending. In the large 
surround, the opponent motion of the other bar further 

strengthens the activity. The strong activity of the 
contrast cells is fed back to MT integration cells and 
strengthening the component motion of each bar. 
Second, the activity in the central part indicating motion 
in upward direction is weakened due to input from V2 
grouping cells indicating that at this position an X-
junction appears. 
We now add static occluders to the input images 
(experiment 2), to investigate the influence of the form 
channel when occlusions appear in the image. The 
human perception for this scenario is that the whole 
pattern formed by the two bars is moving in a coherent 
way. This phenomenon is replicated by our model 
results: As represented in Fig. 3 the overall motion after 
7 iterations (right image) shows a uniform upward 
movement. Which mechanisms contribute to this effect 
leading to a completely different percept compared to 
experiment 1? After the first iteration (Fig. 3, left) the 
motion at the bar endings is already less pronounced 
than in experiment 1. The T-junction formed by the bar 
endings and the occluders leads to strong activity in the 
form channel that has an additive input in MT Motion 
for all velocities at this position. After the normalization 
in MT Motion, this results in reduced activity for the 
component motion. At the same time, MT contrast cells 
receive less input from the bar endings and, hereby, the 
feedback supporting the component motion is only 
small. These changes allow the pattern motion to 
propagate along the edges and hence to dominate the 
whole percept. 

 
Fig. 3. Experiment 2: Mean velocity of MT Motion cells after 
1 (left) and 7 (right) iterations for the chopstick scenario with 
occluders. At the beginning, the response of the MT Motion 
neurons is very similar to the case without occluders (cmp. 
Fig. 2), but there is less activity at the bar endings. After 
several iterations the pattern movement that both bars form 
together dominates the percept of the whole scenario. 
 
The suggested model utilizes independent pathways and 
complex interactions, both within and across the 
pathways. In order to investigate the individual 
contributions of the components and their interactions 
in more detail we can selectively lesion the network 
model. Such lesions involve (a) the silencing of 
particular areas or sub-systems (by eliminating their 
computations and the resulting representations) and (b) 
the selective cutting of connections or reducing their 
impact in the simulations. Due to size limitations we 
cannot present a systematic evaluation of all individual 
contributions. We focus here on systematic impairments 
of computations by cutting modulatory feedback 
connections in model simulations and compare the 
results with those achieved by the intact model. For 
example, in Fig. 4 the results for experiment 1 and 2 are 
shown with feedback from MT Contrast cells having 
been eliminated. These cells respond strongly if 
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opposite motion directions are found in area MT in their 
RF center and surround. For the chopstick experiment 
with occluders the effect is negligible (Fig. 4 right), 
again global movement for the whole stimulus is 
indicated. However, without occluders the results look 
different: When the additional strengthening from top 
for the two bars moving in different directions is 
missing, the motion segregation is not successful. In the 
center, the pattern motion is still indicated, in the other 
regions the true motion direction is only partly 
achieved. This is an indicator for the functional role of 
the contrast cells in the model. We also tested the 
influence of V2 Form cells (results not shown). Here, 
the modulatory connections have been weakened by a 
factor of 0.2. Results look similar to those without MT 
contrast cell feedback depicted in Fig. 4. The model is 
no longer able to segregate two bars as the center 
motion is not suppressed sufficiently. 
 

 

Fig. 4. Experiment 1 (left) and 2 (right) with feedback 
connections from MT contrast cells having been eliminated. 
The mean velocity estimated in MT is shown for the two 
pattern configurations after 7 iterations. For experiment 1, in 
contrast to the results with the full model connections, no 
clear segmentation of the two independently moving bars is 
achieved. The result for experiment 2 without this feedback is 
very similar to the former results (cmp. Fig. 3 right) indicating 
global motion for the whole stimulus. 

In the third experiment we want to demonstrate the 
effects of the complementary interactions between 
disparity and motion coding. When the two bars are 
presented in two different depth planes, the bar in front 
should determine the motion in the center. At the same 
time, the bar in front should be presented as a 
continuous object in the V2 Stereo cells without an 
interception at the center where the two bars cross. The 
simulations showed that after only few iterations the 
representation of the near bar can be completed in V2 
Stereo cells, whereas the second bar in the background 
is not completed. At the same time, the motion of the 
bar in front in MT Motion+Stereo is propagated into the 
central part as depicted in Fig. 5: In the first iteration 
mainly the normal flow activity prevails along the 
edges, after 7 iterations a clear segregation of the two 
independently moving objects is achieved with highest 
neural activity for the corresponding component 
direction. The movement of the bar in front has been 
propagated to the central part over few iterations. In 
addition, we probed the model in a fourth experiment 
with the barberpole stimuli [18], a scenario where 
diagonal grating moves in normal flow direction behind 
an invisible rectangular aperture leading to the 
illusionary percept of movement in direction of the 
longer edge of the aperture. Also in this scenario, the 
interplay  of   local   and   global  mechanisms  of  both  

 
Fig. 5: Experiment 3: Activity of MT Motion+Stereo neurons 
tuned to upward, left and right motion for the far (top row) 
and the near (bottom row) plane. Left: After the first iteration, 
both the near and the far bar are not continuously represented, 
also many neurons tuned to the pattern motion respond along 
the edges (aperture problem, activity in other directions not 
shown). Right: After some iterations, the bar representation of 
the near bar is correctly completed: Neurons tuned to the near 
plane and movement to the right reach high activity  all along 
the outline of the near bar. In contrast, the bar in the 
background is correctly not completed.              
 
motion and form is crucial for the percept. In contrast to 
the chopstick illusion, no segmentation of single objects 
is necessary, but the integration of the overall response 
to the grating seems to determine the human percept. 
Our results show that the model response is coherent 
with the perceptual phenomenon measured in humans 
and macaques [18, 19]: (1) For a square aperture, the 
main activity in MT corresponds to the normal flow 
direction. (2) For a rectangular aperture that is 
elongated markedly, the motion measured at the 
intrinsic 2D terminators located along the longer axis 
influence the percept: A decision based on the MT 
activity leads to a motion direction between the normal 
flow direction and the flow direction of these 
terminators. (3) For a square aperture and occluders in 
horizontal direction, the response is dominated by the 
response of the vertical direction (results not shown).  
                                                                                                                                                                                                                               
4. Discussion 
New contributions 
We have developed a model for the early and 
intermediate stages of motion and form processing in 
visual cortex. It aims at revealing the function of 
cortical areas with neurons of different computational 
competences and their interactions to generate coherent 
task related representations of the input stimuli. The 
model is used to replicate perceptual results of 
psychophysical and neurophysiolocial experiments.  
The new contributions of this work are in particular (i) 
the development of a model for interactions between the 
form and motion channel including form, motion and 
stereo features that attributes different roles for different 
kinds of MT cells, (ii) an explanation of different 
perceptual phenomena in one single model that has 
generic mechanisms in all its areas, (iii) the 
specification of a new way of integrating motion 
estimates in MT guided by form information, and (iv) a 
suggestion of how the interaction between the different 
areas allows complementary coding keeping a partially 
distributed representation of the features. 
 
Related work 
Other work addressing the issue of complementary 
coding of motion and form is the model of 
Berzhanskaya et al. [20], building on previous 
developments in [21], that emphasizes in particular the 
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detailed mechanisms in the processing areas up to the 
different layers within V1, MT, etc., and uses very 
large-spanning RF sizes in the higher levels like MT 
and MST. In contrast, we stress the combination of 
coarser, but still localized resolution context with a 
high-resolution form representation via feedforward and 
modulatory feedback. This means, that despite larger 
RF sizes in area MT, we keep a localized response in 
the lower areas. For example, in experiment 3 the MT 
Motion+Stereo cells contribute to the continuous 
representation of the near bar in V2 Stereo, where the 
high spatial resolution is preserved.  
Another model for form-motion interaction was 
proposed by Lidén & Pack [22] where T-junctions 
explicitly inhibit motion signals. In our contribution, an 
excitatory additive signal of V2 form enhances all 
motion sensitive cells at locations of potential 
occlusions. This tonic input in velocity space leads to 
decreases of salient responses at this position: First, the 
activity of all motion sensitive cells is increased by the 
input, but the following normalization stage, in turn, 
shunts down the entire activity pattern. This mechanism 
provides the possibility for a highly activated neuron to 
keep its saliency even within the normalization process. 
It is hence consistent with the idea of only modulatory 
interactions between the two pathways. 
Tlapale et al. [23] proposed an extension of the motion 
model by Bayerl & Neumann [11] to simulate the 
chopstick as well as the barberpole illusion. The major 
difference to the original motion model is the 
integration in MT Motion cells that is depending on the 
local luminance similarity and does not simply use 
spatial integration weighted with a gaussian function. 
Form and disparity information are not used. In our 
model we picked up the idea of an integration in MT 
Motion that is not purely isotropic. In contrast to their 
approach, we use the response of bipole filters in V2 
Form to steer the integration process in MT Motion. 
This has the advantage that the integration is not based 
on simple, and often erronous luminance differences, 
but on more reliable cues of the form pathway. This 
kind of integration is, e.g., an advantage in the case of 
the chopstick experiment with occluders: Due to the 
different orientations of the occluders and the bar 
endings, the integration will basically stop at the 
junction of the different objects. Hence, the motion 
integration for the different objects is more separated. 
 
Structure and function of motion-form interaction 
The model mechanisms presented in this work 
incorporate reentrant processing in the motion and form 
pathway, suggest various cross-pathway interactions, 
and discuss their consequences for building up a 
distributed representation of segregated or coherently 
moving forms. To show the functional contribution of 
the different areas and connections, we chose the 
chopstick and the barberpole experiment. The chopstick 
illusion represents a challenging task for correct 
segregation as depending on the context (occluders/no 
occluders) the movement of the whole stimulus is 
interpreted in different ways.  
Without occluders the motion of the line endings 
indicating the correct component motion has to be 

propagated and it has to suppress the central pattern 
motion. We suggest that the segregation of localized 
objects is supported by MT contrast cells that respond 
particularly strong for movements surrounded by 
opponent movement. Feedback from this area enhances 
MT Motion and Motion+Stereo cells which further feed 
back to V1 Motion cells. This mechanism supports the 
segmentation of different objects in the entire motion 
processing loop. The importance of the contrast cells 
gets visible, if we cut the feedback connection to 
V1/MT Motion cells (Fig. 4). Without their feedback, 
the two bars moving separately can no longer be 
segmented correctly. Support for their opponent 
movement is necessary to propagate the true movement 
from the endings all along the bars, also into the central 
part that has initially strong motion feature tracking 
signals in the vertical direction. In experiment 3 the 
same scenario was used, but the bars were represented 
in different depth planes. The results show that MT 
Motion+Stereo cells correctly achieve a segregation of 
the two bars due to the V2 Stereo information. Also 
here, the correct propagation along the bars depends on 
the MT contrast cells. The additional depth information 
allows the correct assignment of the central region: 
After some iterations it only represents the movement 
of the bar in front. Without depth information in this 
region the motion of both bars is indicated. 
In the scenario with occluders, the disambiguation of 
the motion is driven by the central junction of the two 
bars with pattern motion, along the occluders the 
activities are suppressed. The input of the contrast cells 
is no longer important. The pattern motion does not 
depend on the segmentation of the scene, but on 
integration mechanisms and thus also works without 
feedback of the contrast cells. However, the suppression 
of extrinsic motion cues along the occluders is crucial 
to avoid that the strong 2D features generated at the 
junction of the occluders and the bars are propagated 
along the bars. This is enabled via the modulatory 
connections from V2 Form. Also, the barberpole 
illusion depends on this effect: If occluders are covering 
the horizontal or vertical line endings, the intrinsic 
features at these positions become extrinsic features and 
are as such suppressed by the V2 Form input. As a 
consequence, the line endings that are not occluded will 
determine the perceived movement. Here, also the 
influence of MT integrating cells is important. When 
the aperture is quadratic, the line endings contribute 
likewise to a vertical and horizontal percept, the sum of 
the overall activity results in the normal flow.  
In the context of the results of psychophysical and 
neurophysiological experiments not only the final 
percept is of interest, but also the temporal change of 
neural activity leading to different percepts at different 
times. Here, the solution of the aperture problem comes 
into play. For both the chopstick and barberpole illusion 
after the first iteration along the edges of the bars only 
normal flow is estimated, the true motion can be 
propagated along the stimulus. The time necessary to 
complete the propagation of the correct movement 
increases with bar length, as shown by 
neurophysiological data of [12] that can be replicated 
with model areas V1 and MT Motion (as proposed by 
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[11]). In the case of the chopstick illusion the process of 
propagation is more difficult: Depending on the 
configuration, either the activity from line endings or 
the central pattern motion should propagate (compare 
Fig. 2 and 3). This means that context information has 
to be included in the motion processing path in a way 
that the propagation is steered by the global 
configuration. In our model, the modulatory input of V2 
Form cells and feedback of MT contrast cells to MT 
Motion represent a “soft switch” that biases the motion 
areas and allows the correct propagation step by step. 
The iterative generation of the correct percept is also 
related to experiments concerning OFRs. The temporal 
shift of activity from normal flow to pattern flow (as in 
experiment 2 and 4) is in line with behaviour found for 
OFR. Kawano et al. [6, 7] measured that the activity in 
monkey MT/MST is preceding OFR by approx. 10 
msec. For experiments showing stimuli first dominated 
by component and then by pattern motion like the 
barberpole illusion or moving plaids, experiments both 
with humans [8, 9] and monkeys [10] revealed that the 
initial direction of eye movements follow the 
component motion direction. Over time, the direction 
changes to the direction of pattern motion. The 
interaction of form and motion pathway in our model 
represents a plausible explanation for the generation of 
different eye movement directions measured in these 
experiments. The interaction of the model areas 
provides robust segmentations and disambiguated 
representations of the scene at a low level of the cortical 
hierarchy and could generate the necessary 
representations underlying subsequent processes of 
sensory-initiated perceptual decision-making.  
 
5. Conclusion  
In conclusion, we propose a neural model of early 
visual processing areas for motion detection, 
segmentation, and integration that suggests interactions 
between the motion (V1, MT) and the form (V1, V2) 
pathway to (i) guide the integration of motion responses 
in MT, to (ii) avoid salient activity of motion cells at 
positions with occlusions and (iii) to achieve MT cells 
tuned to both motion and disparity. We also explain the 
role of different MT cells, in particular for MT contrast 
cells that support the segmentation of objects moving in 
different directions. The different model areas allow a 
distributed representation of the information which 
interacts via modulatory connections. We claim that 
without these connections, the individual areas fail to 
compute the correct estimate as demonstrated by our 
lesion experiments. The presented model successfully 
reproduces experimental data of the chopstick and the 
barberpole illusion. 
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