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Competitive Orientation Selective Arrays

Bertram E. Shi and Kwabena Boahen

Abstract - We present an architecture for orienta-
tion selective image filtering that includes competi-
tive interactions between different arrays tuned to
different orientations. We prove that the presence of
these interactions sharpens the spatial frequency
tuning of the filters in comparison to a similar
architecture which lackstheseinteractions.

1 Introduction

Recent work has described circuit architectures imple-
menting orientation selective image filters similar to
Gabor filterg[1]. The processing circuits are based upon
the cellular neural network architecture[2], where ana-
log continuous time circuits at each pixel are intercon-
nected with identica circuits at neighboring pixels. By
adjusting the interconnections via external bias volt-
ages, we can tune the filter circuits to respond maxi-
mally to different scales and orientations.

In this paper, we describe an architecture which
couples the outputs of aset of broadly tuned orientation
selective layers so that they compete to best model the
input. We prove theoretically that the introduction of
this competitive coupling enhances the orientation tun-
ing and illustrate this via system level simulations. One
of the advantages of this formulation is that is extends
previous work in a natural way, implying that similar
circuit architectures as used in the past can be re-used
in constructing this new architecture.

2 Uncoupled Orientation Selective Layers

In this section, we briefly review the previous work in
orientation selective circuit arrays which the current
work is based upon. This paper focuses on the system
level description and the computational properties of
the architecture. For information regarding circuit
design and implementation, please refer to [3][4].
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The analog processing circuits implementing the
orientation selectivity settleto a point which minimizes
the following cost function:
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where v(m, n) is the complex valued filter output and
u(m, n) isthe real valued input image. This cost func-
tion is the sum of two terms: a data fidelity term that
penalizes the difference between the filter output and
input and a regularization term that is minimized if the
output is a complex exponential waveform with spatial
frequency (Q,, Q) . The amount each term contributes
to the cost function is controlled by AQ, and AQ, . It
turns out that these parameters control the bandwidth

of the filters (see (3) below).

By differentiating this cost function with respect to
the real and imaginary parts of v(m, n) (v,(m,n) and
v(m,n)) and setting the results equal to zero, we
obtain two equations for every pixel (m, n) which can
be compactly expressed as thereal and imaginary parts
of the following:
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Assume an infinite array of pixels and define
U(w,, wy) to bethediscrete space Fourier transform of
u(m, n),
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and V(w,, w,) to be the discrete space Fourier trans-
form of v(m, n) . Taking the Fourier transform of (2),
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which drops to half its maximum value when
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This equation describes an ellipse centered at (Q,, Q)
whose axes are parélel to the w, and axes. The
lengths of the axes are the 6dB bandwidthsin x and y
are 2AQ, and 2AQ, . Define
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to be the quality factor, characterizing the sharpness of
the tuning. Typically, AQ, = AQ, = AQ, so that the
frequency response is approximately circularly sym-
metric around the center frequency (Q,, Q) and
Q = Q/(2AQ) where Q = /QX2+Q§.
The inverse Fourier transform gives us the complex
valued impulse response:
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where f(m, n) is a real valued function which decays
approximately circularly symmetrically away from the
origin if AQ, = AQ, . These filters are similar to
Gabor filters, in which the modulating function f(m, n)
isa Gaussian function.

3 Competitively Coupled Layers

In this section, we describe an extension of the previ-
ous architecture in which the outputs of that enables
different outputs interact so that their sum best models
the input. In this way, the approach is similar to that
proposed by Daugman[5]. By introducing competition
between different orientations, we enhance the orienta-
tion selectivity, especialy in the case of multiple com-
peting orientations. A major advantage of this approach
is that by extending our previous approach in a logi-
cally consistent way, we can re-use much of the circuit
architecture that we have already designed and tested.

Suppose we wish to analyze an input image at K
different orientations (Qy, Q) for kU {1, ..., K} . Let
v,(m, n) bethe orientation selective output for the kth
orientation. Consider the following extension of the
cost function:
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The critical difference between this cost function
and (1) isin the datafidelity term. In (1), the data fidel-
ity term penaizes the difference between the input

image and a single orientation selective output. In (4),
the data fidelity term penalizes the difference between
the input image and the sum of the orientation selective
outputs over all orientations. This introduces competi-
tive couplings between the different orientations.

Differentiating the cost function with respect to the
real and imaginary parts of v,(m,n) and setting the
results equal to zero, we obtain two equations which
can be compactly expressed as the real and imaginary
parts of the following:
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3.1 Frequency Response

Since relationship between the input and output of the
coupled arrays in (5) is linear, we can find the fre-
guency response of each array. In the following, we
assume that center frequencies (Q,, Q) are distinct
forkO{1,... K}.

Taking the Fourier transform of (5)
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Note that D (w,, w,) 20 with equdity if and only of
W, = Qu and w, = Q. where both equalities are
modulo 21t There are two cases which we must con-
sider:
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Inthis case, Dy(w,, wy) >0 foral kO{1,...,K} .
Equation (6) can be solved by noting that for al k ,
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Substituting into (7),
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Since Dy(w,, w,) = 0, evaluating (6) for k =1,

> Vi, @) = U, o) )

For k#1, D(w, w)>0. By (7), Vi(w, w) = 0.
Substituting into (9), V(w,, w,) = U(w,, w) . Thus,
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This expression is the limit of the expression derived
for Case 1 aswelet D)(w,, wy) - 0.

The last equation shows that when the input spatial
frequency component is exactly equal to tuned spatial
frequency of one of the arrays, that spatial frequency is
passed directly by the corresponding array and com-
pletely blocked by al others. This result isindependent
of the bandwidth of the spatial tuning.
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3.2 Enhancement of Orientation Tuning

This system should exhibit a sharper orientation tuning
in the presence of competing orientations for the cou-
pled case. To see thisintuitively, assume that the orien-
tations are indexed in order of increasing angle,
0, <6, <... <By. and consider an input consisting of
two lines oriented at angles0, and 6. In the uncoupled
case, there will be astrong response at the array tuned
to the orientation 8, which lies between 6, and 05,
since both lines will contribute to the output. On the
other hand, in the coupled case, the different outputs
compete with each other to see which best model the
input. Thus, large responses at the outputs tuned to 6,
and 63 will suppress the output tuned to the orientation
0,.

The following theorem justifies this intuition math-
ematically. We compare the frequency responses of
coupled and uncoupled orientation selective arrays
tuned to the same sets of orientations. Suppose that at
some spatial frequency (w,, w,) the response of the
kth array is smaller than that at the Ith array. Theratio

Hk(wX’ EEY) < 1
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indicates the sharpness of the tuning. A smaller ratio

indicates sharper tuning, since the response of the kth
array is more suppressed.

PROPOSITION 1:

Consider one coupled set and one uncoupled set
of orientation selective arrays tuned to K dis-

tinct spatial frequencies {(Qy, Qy)} Ezl'
Define Hi(w,, w,) and H{(w,, w,) to be the

transfer functions from the input to the output
tuned to spatial frequency (Q,, Q) for the

coupled and the uncoupled array. If for some Kk,
l, oy and oy,
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PROOF:

For the uncoupled arrays, we have from (3)
HY 1+D
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where we do not indicate the dependence on (w,, w)
to avoid clutter. If D; = 0, then by (10),
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Otherwise, (11) impliesthat 0 <D, <D,
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where the left hand equality follows from (8).
QED

It is important to note that the sharpening exhibited
by this system is robust in the sense that the theorem
above does not depend upon any conditions on the
selection of tuned spatial frequencies or in the band-
widths of the individual arrays, apart from the require-
ment that the tunings of the different arrays be distinct.
Of course the amount of sharpening will depend criti-
cally on the choice of the spatia frequency tunings of
the arrays and their bandwidths.

Figure 1 compares the responses of the uncoupled
and the coupled arrays. The uncoupled arrays are
broadly tuned with Q = 0.64. Theintroduction of com-
petitive couplings between the arrays clearly enhances
the orientation selective tuning. Examination of the



impulse response indicates that this enhancement is
primarily achieved by widening the impulse response
in the direction paralel to the desired orientation. It is
impossible to achieve such spreading by adjusting the
bandwidths with the uncoupled arrays, which only
adjust the widthsin the w, and w, directions.
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Fig. 1: Comparison of the responses from a set of eight
uncoupled and coupled orientation selective layers.
The orientation selective layers are tuned to respond to
spatial  frequencies with magnitude 7120 and
orientations 0, 104, 112, 3174, T, 5174, 3172, 7104. The
Q for the uncoupled arrays is 0.64. (a,b) Contour plots
indicating where the frequency responses of the 8
arrays drops by 6dB. (c,d) Contour plots of the
frequency responses of the arrays tuned to orientation
4. (ef). Impulse responses of the odd symmetric
filters tuned to orientation T74.

4 Conclusion

We have described an architecture for orientation selec-
tive filtering which includes competitive couplings
between outputs tuned to different orientations. We
have proven that this competition enhance orientation
selectivity.

Our ongoing work in this area aims to implement
these orientation selective circuits in CMOS VLSI.
One of the advantages of this formulation is that the
circuits performing the minimization are natural exten-
sions of our previously designed circuits. Dueto limita-
tions of the 2D silicon substrate, we plan to split the
processing among multiple chips implementing sepa
rate orientation selective layers which communicate
with each other via the Address Event Representation
(AER) communication protocol[6].
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