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Abstract—In this study, we propose the hybrid system that equation of HNN. Output is controlled between 1 and -1 by the
consists of Cellular Neural Networks (CNN) and the Hopfield piece-wise linear function of CNN. Also the wiring weights
Neural Networks (HNN). This system has a part of structure,  5a fiyaq to obtain the local information like a template in

characteristics and property in CNN and HNN. The system . . . . .
has local connectivity property and toroidally-linked boundary CNN. By computer simulations, we investigate the behavior

condition. Neurons are updated by the update equation of HNN. Of the proposed system. In Sec. II, we explain the basic of the
Output is controlled between 1 and -1 by the piece-wise linear standard CNN. In Sec. lll, we explain the basic of the standard
function of CNN. Also the wiring weights are fixed to obtain HNN. In Sec. IV, we describe the structure of the proposed
e e ST ystem. In Sec. v, simulation resus are shown and compare
' g prop 4 "the conventional CNN with the proposed system. Section VI

l. INTRODUCTION concludes this article.
Cellular Neural Networks (CNN) [1] were introduced by
Chua and Yang in 1988. The idea of CNN was inspired from [I. CELLULAR NEURAL NETWORKS

the architecture of the cellular automata and the neural net-I hi . d ibe the basi f CNN
works. A different point from the conventional neural networks rl]\lthls ;IE(LIIOR} we describe t € basic stlrlucélture”o Cell '
is that CNN has local connectivity property. Since the structuﬂéN as y IV processing unit circuits called cells. Cells

of CNN resembles the structure of animals’ retina, CNN caH® arranged in a.retlc_ular pattgrnM?lme_ by IV row. We rep-

be used for various image processing applications [2]-[3’.3(,”,]t a cell’(i, j) ,“S'”Q a yanable which dgnotes VerF'Fal
CNN is composed of the basic circuit units called cells. THROSItion and a variablg which denotes horizontal position.
cell contains linear and nonlinear circuit elements which a@e cell con:alnlsl, I|rI1E(aarhan(1IIrjonI|near u;cun.elem.er;}t;. le]NNd
typically linear capacitors, linear resistors, linear and nonline5y 2" afay of celis. ach cellis connected to Its neighborhoo

controlled sources. All cells are connected neighborhoodcgIIS according to a template. Usually, the _sgme_template IS
cells. used for all the cells. The boundary condition is changed

In addition, Hopfield Neural Networks (HNN) [6] were &ccording to a kind of the template. CNN has the features of
introduced by J. J. Hopfield in 1984. HNN is one of thdiMme continuity, sp_apal discreteness, nonlinearity and parallel
mutual connection neural network and studied chiefly aboRf0cessing capability. .
the associative memory and optimization problem. A neuron The state equation and the output equation of thecellj)
is connected all other neurons. The neuron updates itself & Shown as follows.
the value of other neurons and wiring weights in discretlate equation

time. The updated neuron is decided randomly and the wiring P
weights are set up depending on the intended purpose. This  @Vzij _ —vgij + Z Z AGijiknyyri ()
network continue to update a neuron and the energy function dt PR 7
of network becomes 0. itr it
In this study, we propose the hybrid system that consists + Z Z Bl jnvurt(®) + 1. (1)

of CNN and HNN. This system has a part of structure,
characteristics and property in CNN and HNN. In each con-

ventional system, CNN carry out parallel signal processirfgutput equation
in continuous time. CNN has local connectivity property and 1
output is controlled between 1 and -1 by the piece-wise linear  v,,;(t) = 3
function. Also HNN is one of the mutual connection neural

networks. The neurons are updated by other neurons and wierev,, v, andv,, represent a state, an output and an input
wiring weights. The wiring weights of the HNN are set upf the cell, respectively. In the Eq. (14 is the feedback
according to the intended purpose. In the proposed systaamplate andB is the control template. These templates and
the system has local connectivity property and toroidallyhreshold valud are collectively called the general template.
linked boundary condition. Neurons are updated by the updatke performance of CNN decided by the template.

k=i—rl=j—r

(Jvzij(t) + 1] = fvzii(t) — 1)).  (2)
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The r-neighborhoodof C(i, j) in CNN is defined by

Nr(i,j) = {C(k,1)| max {|k —i|, [l —j[} <, ™
1<k<M; 1<I<N}. (3

wherer is a positive integer number.

[1l. HoPFIELD NEURAL NETWORKS

In this section, we describe the basic structure of Hopfield..
Neural Network (HNN). This neural network is one of the -
mutual connection neural network. A neuron is connected
all other neurons. The neuron updates itself by the value o
other neurons and wiring weights in discrete-time. The wiringg. 1. CHN model. (a) Structure of CHN. (b) Toroidally-linked boundary
weights are set up depending on the intended purpose. Tinditon
network continue to update a neuron and the energy functiol
of network becomes 0. The energy function of the HNN with

N neurons is defined by the following equation. The r-neighborhoodof the neuron in CHN is defined by
Energy function Nr(i,5) = {Neuron(k,1) | max { |k — |, |l — |} <,
N N N
1 1<k<M; 1<I<N}, (9)
FE = —5 E E Wi T4 5 + E QLQTZ, (4)

i=1 j=1 i=1 where r is a positive integer number. In our study, we

wherew;; is the weight betweenth neuron and-th neuron fix the value ofr as 1. Therefore, the size of the template
i - . . .

ands; is the threshold of theth neuron. The weight is 0 when'S fixed as3 x 3 matrix. Also z;; is the state value of the

i = j, because all the units have combined with all the unifé€uron andri ;. is the wiring weights of this network in

of the others except themselves. The states of the neurdig UPdate equation to obtain the local information around

are asynchronously updated due to the following differen@&ighbor neurons.

equation. V. SIMULATION RESULTS

Update equation . . . .
P q In this section, we show some simulation results and com-

ri(t+1)= sgn(z w;;z;(t)), (5) pare our proposed system with CNN. The results are composed

itj by two tasks. One is a pattern formation and another is the
performance of the “Heat Diffusion” template. The output
image is composed by 2500 pixed8(x 50 pix.). Therefore
each network is consisting of by 2500 neurons.

wheresgn is an output function as follows.
Output equation
1 (a>0)
sgn(a) = { 1. (a<0) (6)  A. Pattern formation
IV. HOPFIELD NEURAL NETWORKS OPERATED BY In th_|s task, we sh(_)w the simulation results about a pgtte_rn
formation. The CNN is known to be able to generate periodic

TEMPLATE OF CELLULAR NEURAL NETWORKS i
patterns [7]-[9]. The template for pattern formation has de-

In this section, we explain the proposed system that Cons'gfaned in CNN [10][11]. We investigate the pattern formation

of CNN and HNN. (Hereinafter called "Cellular Hopfieldin CHN and compare CHN with CNN. In this task, we apply

Networks (CHN)") CHN hasM by N neurons which show followi
. Jfollowing template.
the gray-scale value. The structure of CHN is same Wltﬁ wing P

CNN like Fig. 1(a). One neuron is connected with around 015 0 0.15
neighbor neurons. The boundary condition is toroidally-linked T = 0 06 0 (10)
like Fig. 1(b). 015 0 0.15

The neurons are asynchronously updated due to the follow-

Figure 2(a) is an initial image constructed by 1246 black
pixels and 1254 white pixels. Other images in Fiy.are
output images. These output images are obtained by the

ing equation.
Update equation

ro ot initial condition and the asynchronously random update of the
zij(t+1) = sgn( Z Z T gien@iski(t), (7) neuron Figure2(b) is an output image that having uniform
k=i—ri=j—r checkerboard. Figurg(c) and (d) is uniform black and white
where sgn is an output function which is same with theoutput image, respectively. Figa(b), (c) and (d) are obtained
output function of CNN as follows. in our simulation with a high rate. Additionally, we show
Output equation distinctive results like Figs2(e) and (f). Usually, only one
1 particular pattern is generated depending on the initial value
sgn(a) = g(la + 1 — Ja — 1)). (8)  and the processing in past study of pattern formation. However,
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Fig. 3. Performance of the “Pattern formation” template in CNN. (a) Output
image by substituting th& in the feedback templatél. (b) Output image
by substituting thel” in the control template3.

B. Performance of the “Heat Diffusion” template

In this task, we investigate the performance of CHN for
“Heat Diffusion” template by comparing CNN. “Heat Diffu-
sion” template carries out diffusing the input image in CNN.
C (d) The boundary condition is fixed as 0 in CNN [7]. This template
gradates the objects to uniform gray scale. The output value
is uniform 0.

“Heat Diffusion” template

0.1 015 0.1
A=|015 0 015 |,B=0I=0. (11

e me e a n e 0.1 0.15 0.1
S
:ﬁ: ﬁﬁﬁ In the proposed system, the wiring weighftg ;... ;) is same
R e e ma with the feedback templatd of “Heat Diffusion” template as
(e) ® follows.
Fig. 2. Simulation results of CHN for pattern formation. (a) “Random noise” 01 015 0.1
image as initial image. (b) Checkerboard as output image. (c) Uniform black 7 = | 0.15 0 0.15 (12)
as output image. (d) Uniform White as output image. (e) Checkerboard and 0.1 0.15 0.1

a black region are mixed in an output image. (f) Checkerboard and a white
region are mixed in an output image.

patterns.

Also in CNN, we obtain following output image Hfj. We ST i :
substitute thel’ in the feedback templatel and the control (©)
template B, respectively. For stability of CNN, the center
component of the feedback templam is 1 when theT is Fig. 4. Performance of the “Heat Diffusion” template in CNN and CHN.

. . a) “Texture” image as initial image. (b) Output image in CNN. (c) Output
substituted in the control template. i(m)age in CHN. g ge. (b) Outp 9 (c) Outp

In CNN, the input image is Fig2(a). Figures3(a) and (b)
are outputimage by substituting tiiein the feedback template | Fig. 4(a), the average of the initial image is 0.408. By
A and the control templatés, respectively. In Fig3(a), the “Heat Diffusion” template, the output image is uniform O like
output image is uniform checkerboard. On the other hangig. 4(b). On the other hand, the different result is obtained
Fig 3(b) is same with input image. by Eq. (L2) in CHN. In Fig.4(c), the output image is uniform
From these simulation results, we show clear distinction galue which is 0.406. We show other simulation results as
the performance between CNN and CHN. Also, the generatiilows.
patterns are a uniquely-output that coexists two kinds ofIn Fig. 5(a), the average of the initial image is -0.467.
pattern. Also the output image is uniform value which is -0.469 like
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(d) (©) (d)

Fig. 5. Other simulation results. (a) “Airplane” image as initial imageFig. 6. Simulation results by Eq.1Q). (a) “Random noise” image as initial
(b) Output image for “Airplane” image in CHN. (c) “Girl” image as initial image. (b) Wave form as output image. (c) “Stripe” image as initial image.
image. (d) Output image for “Girl” image in CHN. (d) Band form as output image.

Fig. 5(b). In Fig.5(c), the average of the initial image is 0.436confirmed that the output depends on the initial. Also in pattern
Also the output image is uniform value which is 0.414 likdormation, the value of the template and asynchronously
Fig. 5(d). From these simulation results, we confirm the outpsandom update influences to the output. As a future work,
value is similar to the value of the average of initial image. Iwe have to investigate the output characteristics with various
fact the output value is depended on the initial image. templates and images.

Additionally, we change the value of template in same size

and investigate its effect. We change the template that is five
times as |arge as quz) as follows. [1] L.O. Chua and L. Yang, “Cellular Neural Networks:Theory,” IEEE Trans.
Circuits Syst., vol. 32, pp. 1257-1272, Oct. 1988.
[2] F. Dirk and T. Ronald, “Coding of Binary Image Data using Cellular
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