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Abstract— Object recognition is one of the most important
applications of robotics. For object recognition, edge orientation
is widely used as a primitive visual feature. However, a
classical filter-based approach passes not only edges inside
target orientation band but also edges outside. This can thus
cause problem in the estimation of the true orientation of
edge. This study proposes a filtering scheme to reduce the
false-positive responses, i.e. edges outside target orientation
band, and investigate a solution inspired by biological vision.
Motivated by several psychophysical and neuro-physiological
findings, we present a computational framework based on
the basic mechanisms of cortical processing, i.e. feed-forward,
lateral and feedback stages. In the feed-forward stage, our
model uses a classical filter-based method to allow as many true
orientation edges to pass through as possible. False responses in
orientation channels are then inhibited by lateral interaction.
The remaining undesired responses are suppressed through
the feedback stage. We evaluated the performance of our
model against classical filter-based methods such as Gabor and
Neumann filtering using several artificial and natural images.
The results validated the effectiveness of our approach.

I. INTRODUCTION
Object recognition is one of the most important applications of robotics as it is fundamental for other robotic
applications such as localization/navigation, manipulation
and human-robot interaction. Edge orientation is widely used
as a primitive visual feature for object identification and
classification [1], [2], [3], [4]. Precise edge detection is
necessary for analyzing edge orientation. Edge detection can
be performed before determining orientation [5]. Alternately,
edge detection and determination of orientation can be performed simultaneously [6], [7]. Most studies in computer
vision have focused on edge detection performance or edge
localization [8], [9], [10], [11], and not on the estimation of
edge orientation.
Simple gradient-based [12], tensor-based [7] and filterbased [6], [5] schemes are well known approaches for
analyzing edge orientation. A simple gradient-based scheme
computes the gradient vector at each pixel orientation and
the edge orientation is then calculated from the direction
of the gradient vector of the pixels. Simple gradient-based
scheme is sensitive to noise. While a simple gradient-based
scheme describes the local structure at a single position,
a tensor-based method also considers the gradients in its
neighborhood. The integration of the gradient information
in the neighborhood of the pixel helps to determine whether
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the pixel is occupied by an edge or a corner and provides
increased robustness to noise. The filter-based scheme has
recently become the most well known and widely used
approach. The filter-based method convolves an input image
and a filter tuned for a particular band of orientation.
Gabor filtering (see Section 2.1) and Neumann filtering (see Section 2.2) are filter-based methods that mimic
early visual processing in the human brain by computing
correlations between the filter and the input signal based
on the feed-forward connection. Here, the feed-forward
connectivity is implemented by the convolution operation.
These two methods can be applied to image containing
moderate noise or multiple orientations such as a corner
or a crossing. However, we argue that such filtering using
classical convolution inevitably passes edges outside of the
target orientation band (see 2.3 for details). Consequently, the
output orientation channel contains numerous false-positive
responses, increasing ambiguity in the estimation of the true
orientation.
The main goal of this work is to develop a filtering scheme
that reduces such false-positive responses and investigate a
solution inspired by biological vision. We selected this approach because humans outperform the best machine vision
systems using almost any measure. In fact, several works
in the field of low and high level visual applications [5],
[3], [4] report that model that have a basis in biological
visual systems achieve good performance in various difficult
tasks. However, our model does not aim to directly adapt
the many physiological and neuro-physiological findings in
the visual cortex. Instead, we built our system based on the
basic mechanisms of cortical processing.
There is considerable dispute over what the basic mechanisms of cortical processing are. However, multi-stages
of processing through feed-forward, lateral and feedback
connections is widely acknowledged as the basic processing
mechanism [13], [14], [15], [16], [17]. Motivated by the
above psychophysical and neuro-physiological observations,
we suggest a computational framework involving not only
feed-forward connections but also competitive lateral and
feedback interactions. The main contribution of this work is
to synergistically combine three basic types of connections.
This is based on the hypothesis that each type of connection provides different level of information that cannot be
conveyed by other types of connections.
We aim to pass only edges approximately within +22.5
to -22.5 from the target orientation and to decrease the
ratio between the input and output responses of an edge
in the form of a Gaussian. The peak of the Gaussian is
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the center of the target orientation band. Three are eight
directions that we need to distinguish in this work, i.e.
0◦ , 22.5◦ , 45◦ , 67.5◦ , 90◦ , 112.5◦ , 135◦ , and 157.5◦ .
Specifically, our model consists of three layers and three
functional processing stages. The first and second layers,
which are the input and output layers respectively, interact
through the feed-forward connection. This connection is
shaped by the convolution operation as used in Gabor and
Neumann filtering, processing through this connection is
called the feed-forward stage. After this operation, nonnegligible false-positive responses inevitably remained in
the output orientation channel along with correct responses,
as described earlier. However, the aim in this processing
stage is to pass as many edges of true orientation as
possible even if false-positives are passed through as well.
As a result, an additional processing stage is required to
inhibit the undesirable responses. Orientation channels in
the output layer are connected laterally. After convolution,
the maximum response over all orientations is selected at
each pixel and some responses below a particular threshold
are then inhibited according to the difference in magnitude
between the maximum and the target response. This process
is lateral inhibition stage. The third layer is the Ω-layer.
The output and Ω-layers interact through a feed-forward
and feedback connection. This connection encodes some
intuition which is relevant to the shape of the responses of the
orientation channel in the output layer under the condition
that most false-positive responses are inhibited properly. The
third processing stage is called inhibitory feedback. After
lateral inhibition, each orientation channel is again convolved
with 8-oriented filters and the result is fed back to the
previous output layer in order to inhibit remaining falsepositive responses. It should be noted that in our model such
feedback is executed only once.
II. C LASSICAL F ILTER - BASED S CHEME FOR A NALYSIS
OF E DGE O RIENTATION
Figure. 1 shows responses of convolution with four filters
tuned for orientations (0◦ , 45◦ , 90◦ and 135◦ ) in the range
of 0 to 255. Here, (a) is the input image, and (b)-(e) are
the orientation channels obtained using Neumann filtering
(0◦ , 45◦ , 90◦ and 135◦ ). Ideally, each orientation channel
should only contain edges that are oriented direction similar
to each pair of filters as in (f)-(i). However, we observed
that some undesirable pixels are activated in (b)-(e). These
can cause ambiguity in object recognition which uses edge
orientation as a primitive feature. In this section, the classical
filter-based scheme is reviewed using Gabor filtering and
Neumann filtering, and problems with the classical filterbased scheme are illustrated.
A. Gabor Filtering
An important insight put forward by Daugman [6] is that
simple cells in the visual cortex can be modeled using Gabor
functions. The 2D Gabor functions proposed by Daugman
are local spatial band-pass filters and they can be tuned
to respond to a particular orientation band and scales of

Fig. 1. (a) Original image (b-e) Output images using Neumann filtering
(f-i) Output images using proposed filtering method. All response values of
output images are in the range 0-255.

edge. Daugman [6] generalized the Gabor function into
the following 2D form to model the receptive fields of
orientation-selective simple cells:
"
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(2)

where u0 is the wavelength of the sinusoidal factor, θ
represents the orientation angle of the Gabor filter, and σx
and σy are the standard deviations of the Gaussian envelope.
From equation (1), we can see that the 2D Gabor function
is the product of a Gaussian and a complex plane wave. The
filter thus has real and imaginary components representing
orthogonal directions. The real part is specified by a cosine
modulated by a Gaussian, and the imaginary part is specified
by a sine modulated by a Gaussian. The real and imaginary
filters are also known as quadrature pairs of even and odd
symmetric filters. Even and odd filters selectively detect ridge
and step edges respectively, and the combination of both
filters allows the adaptive control over phase as well as
orientation. A bank of Gabor filters is investigated to separate
the input signal into multiple channels where each Gabor
filter in the bank is tuned to detect patterns of a specific
frequency and orientation. For several vision applications
such as texture analysis, stereovision and object recognition,
Gabor filtering is often implemented by convolving the input
image with a bank of Gabor filters.
B. Neumann Filtering
A plausible biological model for detecting a particular
orientation range for edges and contours was proposed by
Hansen and Neumann [5]. The model involves two stages.
The first stage is the feed-forward stage, which is composed
of LGN on-and off cells, and simple and complex cell steps.
The second stage is the recurrent long-range interaction
stage. In this paper, we focus only on the feed-forward stage,
which we call Neumann filtering.
In LGN cells step, a bright pixel surrounded by dark pixels
is activated in the on-channel and a dark pixel surrounded by
bright pixels is activated in the off-channel. Both channels
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Fig. 2.

Responses of the orientation selectivity cell in the visual cortex.

are generated by a difference-of-Gaussians (DOG) operation.
Simple cells convolve the on and off channels of LGN
through several rotated and elongated Gaussian filters:


(x0 /λ)2 − y 02
1
0 0
exp −
.
(3)
g(x , y ) =
2πλσ 2
2σ 2
This step generates orientation channels in which pixels
within a specific orientation range are activated. Orientation
channels are divided into two polarities (darkbright and
brightdark) for each orientation. The responses of a complex
cell are similar to the responses of a simple cell. The only
difference is in the polarity insensitive, since the complex
cell generates responses by pooling simple cells of both
opposite polarities in each orientation. Thus, responses in
each orientation channel at the complex cell step represent a
certain edge orientation range and are similar to the responses
of an oriented Gabor filter.
A difference between Gabor and Neumann filtering is that
while Gabor filtering detects an edge and simultaneously
analyzes the edge orientation, Neumann filtering localizes the
edge in the LGN cells step and then estimates the orientation
in the simple cell step. Another difference is in the shape of
the tuning curve. The tuning curve refers to the particular
response profile and ideally contains a single peak around the
preferred orientation of the filter. The even Gabor filter has
positive weights along the main axis of the filter and negative
weights around the positive values. This creates sharp tuning
curve which is considerably good at preventing edges with
false orientation from passing through but can sometimes
block true edges. On the other hand, Neumann filtering uses
the anisotropic Gaussian, which is composed only of positive
weights. Therefore, width of the tuning curve is larger than in
the case of Gabor filtering. Thus, edges with false orientation
often passed through but true edges are remained as much
as possible.
C. Problem Caused by Classical Filter-based Scheme
Figure. 2 shows the responses of an orientation selectivity
cell in the visual cortex. The cell is tuned to detect vertical
edges. The main axis of the gray region indicates the preferred orientation, and straight lines depict incoming visual
data. If the input stimulus is oriented exact or similar to the
preferred orientation, the response of the cell is largest or
large, respectively. On the other hand, if the input orientation
is outside of the preferred orientation band, the response is
zero. As mentioned earlier, the classical vision approaches is
to convolve the image with the oriented filter to analyze edge

Fig. 3. Convolutions with a simplified version of oriented filters for the sake
of brevity. The digits denote weights of the filter. x denotes the input layer,
superscript o indicates the output layer, and subscripts h and d indicate
the horizontal and diagonal directions, respectively. Dark gray depicts a
high activation value while light gray is a low value. (a) Convolution by a
horizontal filter. (b) Convolution by a diagonal filter.

orientation. However, there are some differences between
the orientation selectivity cell in the visual cortex and the
convolution operation in their responses to various input
stimuli:
y(m, n) = x(m, n) ∗ h(m, n)
XX
=
x(i, j) · h(m − i, n − j).
j

(4)

i

In computer vision, Eq. (4) is widely used for convolution.
Here, y(m, n) denotes response at pixel(m, n), x represents
input, and h represents filter. According to this equation, if
the input values are small y will be small, even though the
input edge and the main axis of the filter overlap perfectly.
On the other hand, if the value of x is high enough, then
y can be larger than in the previous case, even though the
input line and the main axis of the filter overlap partially.
This is the most important difference between the orientation
selectivity cell in the visual cortex and the convolution
operation. In other words, the orientation selectivity cell
depends only on the orientation of the input stimuli, while
convolution depends on both the orientation and intensity.
For this reason, filter-based scheme inevitably passes edges
outside the target orientation band. The consequences of this
problem should be considered during subsequent processing
for the estimation of the edge orientation.
For a real image, convolution frequently produces a small
response in the first and second cases shown in Fig. 2 and
a relatively larger response in the third and fourth cases,
referred to as false responses in this paper. Thus, there is no
way of determining whether the small response is from a low
intensity and input with the preferred orientation or from a
high intensity input not having the preferred orientation. we
aim to inhibit the response of input having low preference
even if the input stimulus has high contrast, i.e. false-positive
responses, in order to discriminate among two ambiguous
cases described above.
III. I NHIBTION OF FALSE - POSITIVE R ESPONSES
The model proposed in this paper is composed of three
layers and three processing stages that are executed on the
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Fig. 5. (a) Artificial image composed only of edges with orientations of
0◦ and 90◦ . (b) Artificial image composed only of edges with orientations
of 45◦ and 135◦ .
Fig. 4. (a) Horizontal orientation channel at the output layer is reconvolved with filters tuned for horizontal and diagonal edges respectively. (b)
Diagonal orientation channel at the output layer is reconvolved with filters
tuned for horizontal and diagonal edges respectively.

basis of the connection between those three layers. The three
layers are the input, output and Ω-layers. The input and
output layers interact through a feed-forward connection,
where orientation channels in output layers are connected
laterally and output and Ω-layers are linked by feed-forward
and feedback connections. In this section, we describe our
model in terms of the three processing stages, namely the
feed-forward, lateral and feedback stages.

with a filter that prefers a horizontal line. On the other
hand, the response in the diagonal orientation channel ydo
is relatively small. If the black rectangle in yho is the winner
cell among orientation channels at the spatial position, then
this winner inhibits cells with the same position in the rest
of orientation channels.
The response of the lateral inhibition stage l at the spatial
position (m, n) of the orientation channel θ is defined as

y(m, n)lθ = y(m, n)oθ if y(m, n)oθ /y(m, n)omax > T l
o

A. Feed-forward Stage
The output layer is composed of a set of orientation
channels. The responses of each channel are initialized by
classical convolution of the input image and a filter tuned
for detecting a particular orientation range of the edge.
The number of orientation channels thus depends on the
number of filters. The aim of the feed-forward stage is
to pass through as many edges with true orientation as
possible even though edges with false orientation are passed
as well. This is because our model provides a mechanism to
suppress false-positive responses in the lateral and feedback
stages. As described in section 3.B, while the Gabor filtering
sometimes prevents true edges from activating, Neumann
filtering passes through as many true edges as possible.
Therefore, we employed Neumann filtering for the feedforward stage. Figure. 3 shows input and output layers, in
which (a) and (b) depict the feed-forward stage based on
convolution. The N orientation channels at the output layer
are initially determined by the feed-forward stage for all θ
= {0, π/N, ..., (N − 1)π/N }:
yθo = yθff ,

(5)

where ff denotes feed-forward stage and yθff is computed by
Neumann filtering.
B. Lateral Inhibition Stage
In this subsection, we focus on the role of lateral interaction inhibiting false-positive responses generated from the
feed-forward stage. There is a horizontal line in the input
image x of Fig. 3. In (a), the response in the horizontal
orientation channel yho is large because the input is convolved

o

y(m, n)lθ = y(m, n)oθ · e−(y(m,n)max −y(m,n)θ )/k else (6)
where y(m, n)omax denotes the maximum value over all
orientation channels at spatial positions (m, n). k is a constant to mediate the inhibition rate. y(m, n)oθ is preserved
if y(m, n)oθ /y(m, n)omax is larger than the threshold T l .
Otherwise, y(m, n)oθ is inhibited. The level of inhibition
depends on the difference between the responses of the target
cell and the winner. As the difference becomes larger, the
output value of the target cell is strongly suppressed. Unlike
the winner-take-all, this restricts inhibition to cells under a
certain threshold, because true responses are often eliminated
when winner-take-all process is subsequently applied after
the feed-forward stage. Each orientation channel at the output
layer y(m, n)oθ is replaced by y(m, n)lθ after the lateral
inhibition stage.
C. Inhibitory Feedback Stage
The Ω-layer is composed of a set of orientation channels
denoted by yθΩ . The number of orientation channels is N ∗N ,
where N is the number of oriented filters. Figure. 4 (a)
shows the three layers of our model. In the feedback stage,
the horizontal orientation channel yhø is reconvolved with
the filters preferring the horizontal and the diagonal edge
in that order. The response of the red rectangle in yhø is not
inhibited when the response of yhΩ at the same spatial position
is highest among all orientation channels of the Ω-layer.
Figure. 4 (b) shows that responses in the diagonal orientation
channel. ydø are reconvolved with the filters preferring the
horizontal and the diagonal edge in that order. The response
of the red rectangle in yhø is inhibited when the response of
yhΩ at the same orientation and position is not highest among
all the orientation channels of the Ω-layer. The response of
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Fig. 6. The Y-axis of each graph represents number of responses which are higher than a particular intensity value. The X-axis is output orientation
channel and T denotes the intensity threshold. The graphs in the first and second columns are obtained using Fig. 5 (a) and (b), respectively Three rows
show results from Neumann, Gabor and proposed filtering, respectively.

Fig. 7.

Graphs obtained by using the proposed filtering scheme with (a) and (b) in Fig. 5, respectively. Both cases have T=10.

the orientation channel θ and the spatial position (m, n) at
the feedback stagefb is defined as
o
y(m, n)fb
θ = y(m, n)θ

if y(m, n)Ω
max ∧ max = θ

y(m, n)fb
θ =0

else

(7)

In feedback stage, a response of the output layer is not
suppressed if the response of that orientation and position at
the Ω-layer is the largest while a response of the output layer
is inhibited if the response of that orientation and position at

the Ω-layer is not the largest. The connections between the
output and Ω-layer encode some intuition that is relevant
to the shape made by the responses of each orientation
channel in the output layer. For example, collinearly aligned
responses in the horizontal channel in the output layer
must be oriented in the horizontal direction if the responses
are correct. Ideally, since the horizontal orientation channel
contains edges oriented towards the horizontal direction, the
main axis of collinearly aligned responses in the horizontal
channel should be horizontal.
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Fig. 8. The left column contains the three original images; building, camera, and desk. The three images below each original image are generated by
max pooling over all orientations. The image to right of each original image is the 0 orientation channel and then orientation is increased clockwise e.g.
0◦ , 22.5◦ ,. . . ,157.5◦ .

To summarize, the hypothesis behind the feedback stage is
that collinearly aligned responses of a particular orientation
channel have to be oriented in the direction of the channel
at the output layer if they are not false-positive responses.
Therefore, reconvolution is executed on orientation channels
in the output layer to detect responses consistent with this
hypothesis, otherwise the response is inhibited. For the actual
implementation, the oriented Gaussian used in the simple cell
step of the feed-forward stage is applied to the reconvolution
operation.
IV. E XPERIMENTS
A. Experimental Setup
We compared the performance of our model with that
of Gabor and Neumann filtering. All filtering schemes used
eight oriented filters (0◦ , 22.5◦ , 45◦ , ..., 157.5◦ ) and the range
of responses was from 0 to 255. The parameters σ = 2.0 and
λ = 0.15 in equation (3) were chosen for both feed-forward

and feedback stages and the parameters σx = 1.4, σy = 2.5,
and u0 = 0.4 in equation (1) were selected for Gabor filtering.
Furthermore, we measured the performance in each stage.
To do this, we refer to the three stages in our model as: (1)
FFS (Feed-forward stage), (2) LIS ((1) + lateral inhibition
stages) and (3) IFS ((2) + Inhibitory feedback stage). All
images used in experiments have a resolution of 320x240.
B. Performance Evaluation with Artificial Images
We evaluated the model performance in the quantitative
and qualitative aspect with artificial and natural images.
Figure. 5 shows two artificial images; (a) is composed only
of edges with an orientation of 0◦ and 90◦ , where the
number of pixels oriented towards 0◦ and 90◦ is 1180 and
1220, respectively, and (b) consists only of edges with an
orientation of 45◦ and 135◦ , where the number of pixels
oriented towards 45◦ and 135◦ is 820 and 770, respectively.
Comparative performance results of the three filtering
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schemes are shown in Fig. 6, where graphs in the three
rows were obtained by Neumann filtering, Gabor filtering,
and the proposed filtering method, respectively. The left
and right columns show results from using Fig. 6(a) and
(b). The Y-axis of each graph represents the number of
responses that are higher than a particular intensity threshold.
In other words, it represents how many pixels above an
intensity threshold value are activated in an orientation channel. Ideally, graphs in first column should have high values
for orientations of 0◦ and 90◦ while the other orientations
should have zero values with a very low intensity threshold.
Similarly, graphs in the second column should a have high
value only for orientations of 45◦ and 135◦ with a very
low threshold. Neumann filtering shows poor performance
compared to this ideal scenario described. Ideal conditions
are achieved by increasing the intensity thresholds up to
140 and 170. The performance of Gabor filtering is better
than that of Neumann filtering. With thresholds set to 25
and 30, the ideal conditions were obtained. The performance
of the proposed filtering method is clearly the best among
the three filtering schemes. With thresholds set to 5 and 10,
the ideal conditions were achieved. The results show that
false-positive responses are successfully suppressed by the
proposed model.
From a different perspective, it is important to not only
inhibit false-positive activities but also to preserve true
responses. As is shown in the true orientation channels of
both left and right columns, the number of true responses
produced by our model is almost equal to that obtained using
other approaches. This suggests that that true responses are
not suppressed during the two proposed inhibition stages.
Figure.7 shows a performance comparison of the three steps
involved in our model. It is noted that lateral stage can
effectively reduce false-positive responses as can be seen
from the left graph. It can also be ineffective as can be seen
from right graph. However, most remained false-positives are
inhibited through the feedback stage.
C. Performance Evaluation with Natural Images
Next, we evaluated the model performance in the qualitative aspect. As shown in Fig. 8, we applied our model to three
natural images, i.e. building, camera and desk. Each orientation channel and image obtained from max pooling over all
orientations demonstrate that our model achieves reasonable
qualitative performance in terms of passing edges inside the
target orientation band and preserving edges that should be
detected. The responses in each orientation channel are in
good qualitative agreement with human intuition and it seems
that edges of true orientation are rarely eliminated during the
proposed inhibition stages since the image obtained from
max pooling contains most edges from the original image.
V. C ONCLUSIONS AND F UTHRE W ORKS
We proposed a computational model based on the basic
mechanisms of cortical processing, i.e. feed-forward, lateral
and feedback stages, in order to inhibit false-positive responses returned by the classical filter-based approach. Our

model was evaluated experimentally and was compared with
Gabor and Neumann filtering. In the experiments, various
artificial and natural images were used and the number
of false-positive responses was compared to evaluate the
performance of each filtering scheme. The results validated
the effectiveness of our approach.
In future work, we plan to include recurrent connections
in our model to build it on a more biologically plausible
architecture and to achieve better and reliable performance
in terms of inhibition of false-positive responses. In addition,
we will extend our model for multiple orientation detection
and noise tolerance.
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