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In this work, an artificial neural network (ANN) model is established using a back-propagation training algorithm in

order to predict the plasma spatial distribution in an electron cyclotron resonance (ECR) — plasma-enhanced chemical

vapor deposition (PECVD) plasma system. In our model, there are three layers: the input layer, the hidden layer and

the output layer. The input layer is composed of five neurons: the radial position, the axial position, the gas pressure,

the microwave power and the magnet coil current. The output layer is our target output neuron: the plasma density.

The accuracy of our prediction is tested with the experimental data obtained by a Langmuir probe, and ANN results

show a good agreement with the experimental data. It is concluded that ANN is a useful tool in dealing with some

nonlinear problems of the plasma spatial distribution.
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1. Introduction

ECR plasma technology has been widely used
in plasma processing such as film deposition, plasma
etching and material surface treatment, because it has
many good characteristics such as low gas pressure
and high plasma density. During recent decades, there
has been a lot of research on the application of the
ECR plasma system.[! 3! Although the spatial distri-
bution of ECR plasma is very important in plasma
processing technology, it was less investigated, and the
scope of investigated data was limited by the cost and

[4=7]

time. Therefore, it is necessary to obtain more

desirable parameters by other means.

ANN is a massive parallel array of computational
nonlinear units that models some of the functionality
of the human brain and attempts to capture some of
its computational strength. It is highly effective to
learn the technique that is suitable for nonlinear com-
plex tasks with a high degree of accuracy. Recently,
some researchers have attempted to use ANN models

for various applications in different fields.[$—20]

In this paper, an ANN model is studied to predict
the nonlinear spatial distribution of ECR-PECVD

plasma.

2. Experimental method

A schematic diagram of the ECR-PECVD plasma
system is shown in Fig.1. It consists of a waveguide
1, a resonance room with dimensions ¢14x20 cm 2, a
magnetic coil 3, a reaction chamber with dimensions
¢35x50 cm 4, a substrate table 5, a vacuum system
6, and a mass flow controller 7. Variation of magnetic
field strength can be obtained by adjusting the cur-
rent in the magnetic coil (I,,,). The working gas Ng
is introduced into the resonance chamber by the mass

flow controller (MFC); and the energy
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Fig.1. The schematic diagram of the ECR-PECVD
plasma system.
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of the microwave is strongly absorbed by the plasma
in the ECR zone. As a result, high-density plasma is
generated with a high-degree of ionization.

The spatial distribution of plasma density in the
ECR-PECVD plasma system is measured by a Lang-
muir probe. The plasma spatial distribution is mainly
determined by five factors: the radial position, the
axial position, the gas pressure, the microwave power
and the magnetic fields. So, we make our measure-
ments at various radial positions (R = 0, 2, 4, 6, 8,
10, 12, 14 c¢m), axial positions (Z = 0, 5, 10, 15, 20,
25 cm), gas pressure (P; = 0.03, 0.05, 0.07, 0.09, 0.10,
0.12, 0.14, 0.16 Pa), microwave power (P> = 300, 400,
500, 600, 650, 800 W) and magnet coil currents (I,
= 140, 145, 150, 155, 160, 165 A). Three hundred of
the data points from above are randomly chosen as
the training set.

3. The ANN model

ANN is a computational model that is mainly
composed of three layers of neurons: the input layer,
the hidden layer and the output layer. The units of the
system are connected by the weights. The input layer
consists of all the input factors, the information from
which is then processed through the hidden layer, and
the resulting information is computed in the output
layer. The structure of an ANN system can be shown
schematically in Fig.2.

neuron

input layer hidden layer output layer

Fig.2. The schematic structure of an ANN system.

There are several kinds of training algorithm
available in the ANN system. In this study, a back-
propagation (BP) algorithm is used to train a three-
layer feed forward neural network. Key steps for es-
tablishment of the model can be summarized as fol-

lows:

a) Initialize the values of the connection weights
w;j (between the neurons in the input layer and the
hidden layer) and v;; (between the neurons in the hid-
den layer and the output layer), the output threshold
values 6; (of the neurons in the hidden layer) and ~;
(of the neurons in the output layer), which are random
values in the interval [—1,1].

b) Offer the input data P, = (af, ab,...,a%) to
the neurons of the input layer.

c¢) Calculate the input s; and the output b; of
neurons in the hidden layer by using Eqs.(1) and (2),
where f(s;) is a transfer function,

Sj = Zwijai — Hj, (1)
i=1

bj = f(s5) - (2)

d) Calculate the input Ly and the output C}, of
neurons in the output layer by using Eqgs.(3) and (4),
where f(Ly) is a transfer function,

p
L= ijkbj — Yk (3)
j=1

Cr = [ (Ly). (4)

e) Calculate the correction factor d; for all units
in the output layer using the output C and the target

S Yn)-
dt:(yt_ct)'ct'(l_ct)~ (5)

output Ty (y¥, 5, ...

f) Correct the connection weights vj; and the
output threshold ~,

v =l o d, ©)
YV =M+ o dy, (7)

where « is the learning rate.

g) Correct the connection weights w;; and the
output threshold ¢; by using equations similar to
Eqgs.(6) and (7).

h) Return to the second step and repeat with a
new set of input values.

The iteration continues until the overall error be-
tween calculated and target output approaches the
pre-set error criteria.

In our ANN model, there are three layers: the
input layer, the hidden layer and the output layer.
The input layer is composed of five neurons: the ra-
dial position, the axial position, the gas pressure, the
microwave power and the magnet coil current. The
numbers of the neurons in the hidden layer are 3, 10
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and 12. The output layer is our target output neuron:
the plasma density. So, the structures of our ANN
model are 5-3-1, 5-10-1 and 5-12-1.

The neural network is realized in MATLAB7.0 on
the platform of Microsoft Windows XP. The neural
network requires that the range of both the input val-
ues and the output values should be between 0 and 1,

4. Results and discussion

The effects of training cycles on the network per-
formance with different structures are shown in Fig.3,
in which the vertical axis indicates the difference be-
tween the training performance and the training goal.
We set the training goal to 1 x 10™% to simplify the
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Fig.3. The effect of the training cycles on the different network performance in different structures, (a) 5-3-1;

(b) 5-10-1; (c) 5-12-1.

From Fig.3 it can be seen that the ANN with
the structure of 5-3-1 cannot attain our training goal,
and only the ANN with the structure of 5-12-1 is the
most efficient design. In this 5-12-1 ANN model, when
the neural network is trained up to 30 times, the goal
of training accuracy can be attained. It is clear from
Fig.3 that further training cycles have no considerable
effect on the network performance. The errors of the
training set decrease dramatically at the beginning of
the training cycles, then gradually tend to approach

the minimum value.

The accuracy of prediction in the ANN model

with different structures is shown in Fig.4. The verti-
cal axis indicates the error between six random exper-
imental data from the training set and corresponding
tested data from two different ANN models. The error
bar was chosen as 0.005. The horizontal axis indicates
the serial numbers of those experimental data. From
this figure, we find most of data were inside the error
bar, so they are believable. But some data of 5-10-1
ANN model were outside of the error bar. From this
figure, we can conclude that the 5-12-1 ANN model
has a better ability to predict than the 5-10-1 ANN
model. It is believed that the number of neurons in
the hidden layer plays an important role.
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Fig.4. Comparisons of errors in predicting data using the
ANN model with different structures.

In order to make the model more effective, we
again choose some predicted data that are not same
as the data in the training set and measured the pre-
dicted data again. Corresponding experimental data
of the test set in the 5-12-1 ANN model are given
in Table 1.
perimental values are very close to each other. The

It is shown that the predicted and ex-

relative error is less than 6.5%. It can be concluded
that the values of the plasma density predicted by the
5-12-1 ANN model are in good agreement with the
experimental data. The ability of the ANN model to
accurately predict the spatial distribution in an ECR-
PECVD system can be concluded.

Table 1. Data used in the prediction and the predicted values.

gas pressure microwave power magnet coil current axial position radial position

plasma density/cm3

/Pa /W /A /cm /cm experimental data predicted data relative error
0.07 650 145 0 8 2.260 2.126 5.9%
0.10 650 145 10 4 5.406 5.529 2.3%
0.12 400 150 10 14 1.985 1.863 6.1%
0.10 500 145 15 8 3.824 3.854 0.7%
0.09 600 155 20 10 3.405 3.365 1.1%
0.14 600 160 30 2 2.284 2.189 4.2%

5. Conclusions

In the present work, a relative new technique,
ANN associated with nonlinear systems, is used in
modeling the prediction of the spatial distribution in
an ECR-PECVD plasma system. The effectiveness of

the ANN model is demonstrated, and the results ob-
tained using this model show a good agreement with
existing experimental data. It can be concluded that
ANN is a useful tool in dealing with some complex
nonlinear problems of plasma spatial distribution and
that using ANN can considerably save cost and time.
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