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Abstract— Generally, performance of Cellular Neural Net-
works depend on template. Additionally, the CNN can process
varied applications by the template. However, performance of
the CNN is restricted to an accuracy of the processing by
a design of the template. In this study, we propose Cellular
Neural Networks with Reinforcement Learning (RL-CNN). In
the RL-CNN, the templates are updated by comparison between
center and neighboring output values. From simulation results,
we confirm that the proposed method is effective for image
processing.

I. I NTRODUCTION

Our society is called advanced information society. Be-
cause of this, a processing method demanded high speed
processing for large amount of data. However, general digital
computation methods have problem of processing speed by
sequential dynamics. On the other hand, Neural Networks
(NN) were proposed based on the human’s nervous system.
The concept of neural networks is neurobiology and adapted
to integrated circuits. The key features of neural networks are
asynchronous parallel processing, continuous-time dynamics
and global interaction of network elements.

Cellular Neural Networks (CNN) were introduced by Chua
and Yang in 1988 [1]. The idea of CNN was inspired from the
architecture of the Cellular Automata and Neural Networks.
The structure of CNN is constructed from simple analog
circuit. The circuit is called a cell that has an effect on
each other. Each cell are interacted with each other by the
parameter is called template. Performance of CNN depends
on template. Moreover, the CNN can be varied processing
by template. However, a design of template is spatially and
temporal uniform. Furthermore, each cell are put a various
states by values of neighboring cells. From the feature of the
CNN, performance of the CNN is restricted to an accuracy of
the processing by a design of the template. Therefor, we focus
on degree of similarity input values in neighboring cells.

In this study, we propose the new system of CNN with
Reinforcement Learning. About the concept of Reinforcement
Learning (RL), a type of machine learning and an algorithm
for adapt to the system by reward [2]. In the RL-CNN, the
template are updated by RL. The template of all cells are
updated at every iterations by the center and neighboring
output values. Also, updating of templates are decided by some
parameter which are the output values, the reduction rate and
learning rate. From simulation results, we confirm that the

RL-CNN is effective for image processing.

II. CELLULAR NEURAL NETWORKS

In this section, we explain about the structure of the conven-
tional CNN. The conventional CNN hasM by N processing
unit circuits called cells. The structure of cell circuit is
simple analog circuit. The cell circuit is constructed from
linear capacitor, linear resistors, independent voltage source,
linear and nonlinear controlled sources. The conventional
CNN has the features of time continuity, spatial discreteness,
nonlinearity and parallel processing capability. Additionally,
the local connectivity property makes the CNN tailor made for
VLSI implementation. The structure of CNN resembles that of
animals’ retina. Therefor, CNN can be used for various image
processing applications [3]-[8]. The state equation and output
equation are described as follows.

State equation:

dvxij
dt

= −vxij +
i+r∑

k=i−r

j+r∑
l=j−r

A(i,j;k,l)vxkl(t)

+
i+r∑

k=i−r

j+r∑
l=j−r

B(i,j;k,l)vukl(t) + I

(|i− k| ≤ 1 , |j − l| ≤ 1). (1)

Output equation:

vyij(t) =
1

2
(|vxij(t) + 1| − |vxij(t)− 1|), (2)

wherevx, vy andvu represent a state, an output and an input
of cell, respectively. In the Eq. (1), A is the feedback template
andB is the control template. These and the constant biasI
are collectively called general template. The output equation
is expressed with a piece-wise linear function. Therefore, the
output value of the conventional CNN is within of +1 to -1.
When the conventional CNN is used for image processing,
black and white are treated as +1 and -1, respectively.

III. CNN WITH REINFORCEMENTLEARNING

In this section, we explain the algorithm of the Cellular
Neural Networks with Reinforcement Learning (RL-CNN). In
the RL-CNN, templates of each cell are updated at every
iterations by RL. The learning steps in the RL-CNN are
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described as follows.

Step 1 : State and output values are updated according to
Eqs. (1) and (2).
Step 2 : The output values of the center cell and neighbor
cells are compared. The comparison equation for thecell(i, j)
is described Eq. (3).
Comparison equation:

D(i, j; k, l) = |vcentery (i, j)− vneighbory (k, l)|. (3)

Step 3: Among the eight calculated values ofD(i, j; k, l), the
difference values of comparison between center and neighbor
cells are ranked based on the small value, respectively. In
ordered eight cells, the neighbor cells with the smallest and
the most different values are defined as “RL-CNN(S)” and
“RL-CNN(D)”, respectively.
Step 4 : Templates of RL-CNN(S) and RL-CNN(d) are
updated according to Eqs. (4) and (5).

TD-error :

TD − error = {rt + γ V (xt + 1)} − V (xt). (4)

Updated equation:

V (xt)← V (xt) + α [TD − error]. (5)

wherea(i, j; k, l), α andγ represent the template, a learning
rate (0 ≤ α ≤ 1) and a reduction rate (0 ≤ γ ≤ 1),
respectively.
Step 5 : Values of each cell are updated according to Eqs. (6)
and (7).
State equation:

dvxij
dt

= −vxij +
i+r∑

k=i−r

j+r∑
l=j−r

Aupdate
(i,j;k,l)vykl(t)

+

i+r∑
k=i−r

j+r∑
l=j−r

Bupdate
(i,j;k,l)vukl(t) + I

(|i− k| ≤ 1 , |j − l| ≤ 1). (6)

Output equation:

vyij(t) =
1

2
(|vxij(t) + 1| − |vxij(t)− 1|), (7)

Step 6 : Step 1 to Step 5 are repeated every 0.005 [τ ].

In the RL-CNN, the template of each cell are changed for
based on condition that are decided by ourself. In this study,
we focus on degree of similarity output values in neighboring
cells. Therefor, the values of each cell are updated by receiving
influenced from the center and its neighboring cells.

IV. SIMULATION RESULTS

In this section, we show simulation results for edge detec-
tion by using the RL-CNN. In the edge detection, when the
value of the center cell is close to that values of neighborhoods
cell, the edge of indistinct portion is not detected. In the sim-
ulation, the parameters of the learning rate and the reduction
rate are set toα =0.005 andγ = 1, respectively. Also, we use
templates which are found in [9]-[10].

Edge detection template:

A =

 0 0 0
0 1 0
0 0 0

 , B =

 −1 −1 −1
−1 8 −1
−1 −1 −1

 , I = −1. (8)

(a) (b)

(c) (d)

Fig. 1. Simulation results 1. (a) Input and initial state images,
(b) Output image of using conventional CNN, (c) Output image of
using RL-CNN(S), (d) Output image of using RL-CNN(D).

Figure 1 shows the simulation results by using RL-CNN.
In Fig. 1(a), the outline of face is the indistinct potions.
Figure 1(b) shows the simulation result by the conventional
CNN. Figures1(c) and (d) show the simulation results by
using RL-CNN. In the Fig.1(b), the edge of the indistinct
portion cannot be mostly detected. On the other hand, in the
case of using RL-CNN(S), the edge of the indistinct portion
can be detected in Fig.1(c). However, Fig1(c) includes noises.
In contrast, in the case of using RL-CNN(D), the edge of the
indistinct portion can be more clearly detected and some noises
are removed in Fig.2.

Figure 2 shows the simulation results for another input
image. In Fig.2(a), the almost edges are the indistinct potions.
Figure 2(b) shows the simulation result by the conventional
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(a) (b)

(c) (d)

Fig. 2. Simulation results 2. (a) Input and initial state images,
(b) Output image of using conventional CNN, (c) Output image of
using RL-CNN(S), (d) Output image of using RL-CNN(D).

CNN. Figures2(c) and (d) show the simulation results by
using RL-CNN. In Fig.2(b), the edge of the indistinct portion
cannot be mostly detected. On the other hand, in Fig.2(c),
in the case of RL-CNN(S), the edge of the indistinct portion
cannot be detected. In contrast, in the case of RL-CNN(D),
the edge of the indistinct portion can be clearly detected in
Fig. 2(d).
From these results, we consider that the RL-CNN(D) is more

effective than the conventional CNN for the edge detection.

V. CONCLUSION

In this study, we have proposed the Cellular Neural Net-
works with Reinforcement Learning. The RL-CNN has a
feature of changing template by cell values by center and
neighboring cell values. From simulation results, we consider
that the RL-CNN(D) is more effective for edge detection. In
the future works, we would like to investigate the RL-CNN
for a lot of applications for image processing.
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