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This paper establishes two artificial neural network models by using a multi layer perceptron algorithm and radial

based function algorithm in order to predict the plasma density in a plasma system. In this model, 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 the target output neuron: the plasma density. The accuracy of prediction is tested

with the experimental data obtained by the Langmuir probe. The effectiveness of two artificial neural network models

are demonstrated, the results show good agreements with corresponding experimental data. The ability of the artificial

neural network model to predict the plasma density accurately in an electron cyclotron resonance-plasma enhanced

chemical vapour deposition system can be concluded, and the radial based function is more suitable than the multi

layer perceptron in this work.
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1. Introduction

The technology of low-temperature plasma has
been widely used in the fields of microelectronics, ma-
terials, chemical industry, film deposition and plasma
etching. It is very important to study inner physical
parameters in order to optimise the technology pro-
cess. During the recent decades, there has been a
lot of research on the application of the electron cy-

[1=3] because

clotron resonance (ECR) plasma system,
the ECR plasma system has many good characteris-
tics such as low gas pressure and high plasma density.
Although the plasma density of ECR plasma is very
important to the plasma processing technology, it was
less investigated, and the scope of investigating data
was limited by the cost and time.[*~7 So, it is nec-
essary to obtain more desired parameters from some
other means.

Artificial neural network (ANN) is now already
a very well developed, natural and routine technique,
which utilises interconnected nodes or neurons to form
a network that can model a complex functional rela-
tionship. The technique is particularly suited to prob-
lems which involve the manipulation of multiple pa-
rameters and non-linear interpolation. Recently, some

researchers attempted to use ANN models for various
applications in various fields.[8=2% But there is little
information about the application of ANN in the sim-
ulation of plasma density distribution.

two ANN models are studied
to characterise the nonlinear plasma density of

In our work,

ECR-plasma enhanced chemical vapour deposition
(PECVD) plasma system.

2. The experimental methods

The schematic diagram of the ECR-PECVD
plasma system is showed in Fig. 1. It consists of
a wave-guide (1), a resonance room with dimensions
¢14x20 cm (2), a magnetic coil (3), a reaction cham-
ber with dimensions ¢35x50 cm (4), a substrate table
(5), a vacuum system (6), and a mass flow controller
(MFC) (7). The various magnetic field strengths can
be obtained by adjusting the magnetic coil currents
(Im). The working gas N is introduced into the reso-
nance chamber by the MFC. The energy of the mi-
crowave is strongly absorbed by the plasma in the
ECR zone. As a result, high-density plasma is gen-
erated with high-degree of ionisation.
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Fig. 1. The schematic diagram of the ECR-PECVD plasma system.

The plasma density in the ECR-PECVD plasma
system is measured by a Langmuir probe. The plasma
density is mainly determined by five factors: the radial
position, the axial position, the gas pressure, the mi-
crowave power and the magnetic fields. So, we make
our measurements at various radial positions (R = 0,
2, 4, 6, 8 10, 12, 14 cm), axial positions (Z = 0,
10, 15, 20, 25, 30 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 hundreds data from above are randomly chosen

as the training set.

3. The ANN model

There are several kinds of training algorithm
available in the ANN system. In this study, a multi
layer perceptron (MLP) algorithm and a radial based
function (RBF) algorithm are used to train the artifi-
cial neural network.

The MLP networks are 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. Information from the input
layer is then processed through the hidden layer, and
the following information is computed in the output

layer.

[

The MLP training algorithm is an iterative gradi-
ent algorithm, designed to minimise the mean square
error between the predicted output and the actual
output. The key steps for establishment of the MLP
model can be summarised briefly.

Initialisation: prior to the first iteration of loop,
initialise the values of the connection weights and the
output threshold values of the neurons, which have
random values in [-1, 1].

Maintenance: offer the input data to the neurons
of the input layer. Then calculate the input and the
output of neurons in the hidden layer and in the out-
put layer. After each loop, the error between the pre-
dicted output and the actual output are propagated
backward to adjust the weight in a manner mathemat-
ically guaranteed to converge.

Termination: the iteration continues until the
overall error between calculated and target output is
approaching to the pre-set error criteria.

The RBF networks have a very strong mathemati-
cal foundation rooted in regularisation theory for solv-
ing ill-conditioned problems. As its name implies, ra-
dially symmetric basis function is used as activation
functions of nodes in hidden layer. The transforma-
tion from the input layer to the output f(z) is com-
puted by

fl@) = WiRi(z) + Wy,
=1

where W; (i = 1,2,...,n) is the connection weight
between the hidden layer and output layer, Wy is the
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bias, R;(x) (i =1,2,...,n) are RBFs,
Ri(z) = ¢ || X = Cill,

¢ || X — Cy]| is the activation function in the jargon of

the ANN, here it is a Gaussian function,
n 2
_ X — Ci]
Ri=—exp | — Z Tz |
Jj=1 H

where C' = [Ci1, Cia, Cizy ..., Cin] (i=1,2,...,n)
is the centre of the receptive field, and o;; (4,5 =
1,2,...,n) is the width of the Gaussian function,
which indicates the selectivity of the neuron. The
centre C' can be randomly chosen by the simplest way
from the train set. Another approach is to use the k-
means technique of clustering input training set into
groups and choose the centre of each group as the cen-
tre. Also, C' can be treated as a network parameter
along with W; and adjusted through error-correction
training. After the centre C is determined, the con-
nection weights between the hidden layer and output
layer can be obtained through ordinary training.

In our ANN models, there are five input neurons:
the radial position, the axial position, the gas pres-
sure, the microwave power and the magnetic coil cur-
rent. The numbers of the neurons in the hidden layer
is 12. The output layer is our target output neuron:
the plasma density. The neural networks are realised
in MATLAB?Y.0 on the platform of Microsoft Windows
XP. The neural network requires that the range of the
both input values and output values should be be-

tween 0 and 1, so all data in our model are unified.

4. Results and discussions

The effects of training cycles on the network per-
formance of two ANN models are shown in Fig. 2,
in which the vertical axis indicates the difference be-
tween the training performance and the training goal.
We set the training goal as 1x10™% to simplify the

model.
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Fig. 2. The effects of the training cycles on the different
network performance.

From Fig. 2 we can know that both ANN models
can attain our training goal, and the RBF model is the
better efficient design. In this RBF model, when the
neural network was trained up to 24 times, the goal of
training accuracy was attained, while the MLP model
needs 30 times to attain the goal of training accuracy.
It is clearly noticed from this figure that further train-
ing 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 they gradually tend to approach the minimum
value.

The accuracy of prediction in both ANN models
is shown in Fig. 3. The vertical axis indicates the er-
ror between six random experimental data from the
training set and corresponding tested data from two
different ANN models. The horizontal axis indicates
the serial numbers of those experimental data. From
this figure we can conclude that the RBF model has
better ability of prediction than the MLP model. It
is believed that the number of neurons in the hidden
layer plays an important role.
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Fig. 3. Comparisons of predicting errors between two models.
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In order to make the model more effective, we N [V — V. 12
calc,i meas,i
again choose some predicted data that are not same ZZ:I [ N ]
as the data in the training set and measured the pre- CMSRE = N )

dicted data again. We calculate the relative errors, . .
where epsg is the mean squared error, eysry is the
the epsg and the eysrg of two models: . )

mean squared relative error, V.. is computed value,

) Vineas 18 measured value, and N is the number of sam-
(chalc,i - Vmeas,i)

N )

=

ples. Corresponding experimental data of test set in

=1

EMSE = two ANN models are given in Table 1.

Table 1. Data used in test set and the predicting values of two ANN models.

plasma density/10%cm =3

gas pressure  microwave magnet coil axial position radial position

predicted data
/Pa power/W

i tal dat
current/A /em Jem experimental data

MLP RBF
0.06 620 143 0 8 2.260 2.126  2.211
0.11 620 143 10 4 5.406 5.529  5.473
0.13 450 153 10 14 1.985 1.863  1.919
0.11 530 148 15 8 3.824 3.854  3.896
0.08 580 158 20 10 3.405 3.365  3.352
0.15 620 162 30 2 2.284 2,189  2.168

It is shown that the predicted and experimental values are very close to each other. From Table 2, we can
see that the relative errors of MLP model are between 0.7% and 6.1%, while those of RBF model are between
1.2% and 5.1%, and the eysg and the eysgrg of RBF model are less than MLP model. It can be obviously
concluded that the predictions of two ANN models are in good agreement with the experimental data, and the
RBF model is more accurate than the MLP model. The ability of ANN model to predict the plasma density
accurately in an ECR-PECVD system can be concluded.

Pankaj and Deol?!] believed that the RBF is better, which can be due to the fact that it involves fewer
parameters, and does not use a large amount of user specified parameters and probably has no large requirements
of sample size. We think the key is that RBF used the local-response RBF to replace the whole-response function.
Because the characteristics of local-response, the RBF can perform better and faster in approach of function.
In addition to this, the random centre of the RBF can avoid the choice of initial weight in the MLP. So, in our
study, the RBF is more suitable than the MLP when the neuron numbers in hidden layer is the same.

Table 2. The error between experimental data and predicted data.

MLP RBF
relative error  5.9% 2.3% 6.1% 0.7% 1.1% 4.2% 22% 12% 33% 1.8% 15% 5.1%
eMSE 0.0996 0.0738
EMSRE 0.1660 0.1233

5. Conclusions

In present work, a relative new technique ANN as-
sociated with nonlinear system is used in modeling the
prediction of the plasma density in an ECR-PECVD
plasma system. The RBF and MLP ANN models are
established. The effectiveness of two ANN models are

demonstrated, the results show good agreements with

corresponding experimental data. The ability of ANN
model to predict accurately the plasma density in an
ECR-PECVD system can be concluded, and the RBF
is more suitable than the MLP in our work. These in-
dicate that ANN is a useful tool in dealing with some
complex nonlinear problems of the plasma density and
can obtain a considerable saving in terms of cost and
time.
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