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Abstract. The introduction of new in situ sensing creates the possibility of directly
controlling critical process variables in plasma enhanced chemical vapor deposition
systems (PECVD). The complexity of this process makes it necessary to develop
empirical models of the system dynamics. This paper describes the experimental and
numerical procedures for identifying both transfer function and recurrent neural net
multi-input multi-output models of PECVD dynamics. The models are compared in
terms of the resulting mean-squared-prediction-error for veri�cation data sets. The
neural net models are shown to be mildly superior in cases where the input signals
vary widely, stimulating the nonlinear response of the system.
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1. INTRODUCTION

Plasma enhanced chemical vapor deposition (PECVD)
is an important process in the manufacture of integrated
circuits (ICS) and at panel displays. In current prac-
tice, the PECVD process is controlled by independent
regulators for variables such as temperature, pressure
and gas ow rates. Setpoint values for these variables
are determined by o�-line studies and applied without
adjustment during the processing of a given batch of
wafers. Although setpoint tuning may be performed from
batch-to-batch using techniques such as statistical pro-
cess control (Sachs et al., 1995), the use of feedback to
adjust the process setpoints in real time has not been
possible until recently because of the absence of in situ
measurements of process variables directly related to the
actual process performance variables.
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This paper reports on the development and evaluation
of control-oriented models of PECVD dynamics for an
experimental system at Carnegie Mellon University. A
di�erentially-pumped quadrupole mass spectrometer, par-
tial pressure transducer (PPT), has been integrated into
the process equipment to sample species directly inci-
dent on the wafer platform during processing. The goal
of this project is to control plasma parameters directly
related to the quality of the resulting deposition. Sev-
eral multivariable control experiments using the real-
time mass spectrometer sensor have been performed.
The controllers for these experiments have been based
on simple �rst-order models of the process dynamics.
The objective of the research reported in this paper is to
investigate and evaluate techniques for obtaining more
sophisticated models to be used in model predictive con-
trol algorithms. The experimental apparatus and pre-
liminary control results are described elsewhere (Knight
et al., 1995).



The following section describes the experiments per-
formed to obtain data for the system identi�cation ex-
periments. Sections 3 and 4 describe the numerical meth-
ods used to obtain transfer function and neural net mod-
els of the system dynamics from the experimental data
sets. The performance of these models is evaluated and
compared in section 5. The concluding section summa-
rizes the results of this research and the potential for
using these models for control design.

2. EXPERIMENTAL PROCEDURE

The regulated variables in the PECVD system are the
two gas ows (silane and ammonia), RF power, temper-
ature, and the chamber pressure. Three measured pro-
cess variables were considered in this study: the DC bias
voltage and the concentrations of mass 16 and mass 30
from the PPT. The DC bias voltage is directly related
to the deposition mechanism of the plasma, and is at-
tractive for control purposes in that it tends to have
a fast (� 1 s) response to input changes. Mass 16 is
the radical NH+

2 , which is indicative of the amount of
unreacted ammonia (Greve et al., 1996). Mass 30 is the
radical SiH+

2 , which is indicative of the amount of silane
remaining in the chamber.

Factorial experiments were run to determine an operat-
ing point. Analysis of the resulting �lms led to the choice
of the nominal operating point: 3 sccm silane, 60 sccm
ammonia, 20 W RF power, 250 C and 0.400 Torr. The
silane ow was limited to the region 0.5{5.5 sccm: the
lower bound is due to a slow deposition rate and the
upper bound reects the goal of PECVD when used to
deposit insulator layers in ICs, namely to deposit a ni-
trogen rich �lm| higher ows of silane would produce a
nitrogen poor �lm. The ammonia ow was limited to the
region 20{72 sccm. Initial experimentation showed that
the pressure controller had signi�cant trouble keeping a
constant pressure at ows lower than 20 sccm, hence the
lower bound. This presents no real problem, as the goal
is to produce nitrogen rich �lms. The upper bound of
72 was chosen because the ammonia mass ow controller
has a maximum setting of 73 sccm. A lower bound of
5 W was set for the RF power, due to resolution of the
RF matching network, tuning and plasma extinction.
An upper bound of 35 W was set for RF power, because
powdering becomes a problem at higher powers.

To determine the basic form of the frequency responses
for the di�erent inputs, a waveform was generated whose
energy spectrum was non-zero at points logarithmically
spaced between discrete frequencies � = 0 and � = �.
Using this waveform, single input multiple output (SIMO)
experiments were run, in which a scaled version of the
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Fig. 1. FFTs for representative input and output signals
used in determining the frequency response of the
system.

(discretized) waveform was applied to one control input,
while the other inputs were held at their nominal oper-
ating points. The SIMO silane experiment consisted of
ows ranging from 2.5{3.5 sccm, the SIMO ammonia
experiment consisted of ows ranging from 50{70 sccm
and the SIMO RF power experiment consisted of pow-
ers ranging from 15{25 W. Frequency spectra of typical
input and output signals are shown in Figure 1. The
data from these SIMO experiments were used to esti-
mate the frequency response at those frequencies con-
tained in the input signal. The response has a low mag-
nitude at �� �

16
, so that frequency was used as a cuto�

between the high frequency regime (hereafter referred
to as the fast regime), and the low frequency regime.
This paper focuses on the fast regime which is the pri-
mary regime for real-time multivariable control action.
A waveform containing most of its energy in the fast
regime was created. A set of experiments was run in
which this waveform was applied to a single input while
the others were held constant. The amplitudes of the
waveform were evenly spaced over the operating region,
and the order of the experiments was randomized. Three
complete sets of experiments were used for identi�cation
purposes, and a fourth complete set was used for vali-
dation. The duration of the waveform was 10 minutes,
which is approximately the time it takes to for a com-
plete deposition. The data for each data set consisted of
roughly 600 data points (600 seconds � 1 Hz).

3. IDENTIFICATION - TRANSFER FUNCTIONS

Two multiple input multiple output (MIMO) transfer
function matrices were computed based on the experi-
mental data sets. First order ARX (AutoRegressive with



eXogenous inputs) (Ljung, 1987) models with time de-
lay were used as a baseline for subsequent comparisons.
These models are computationally simple and widely
used in industry. Initial control designs have been based
on these models (Knight , 1995).

The second class of models considered was Box-Jenkins
ARMAX (AutoRegressive Moving Average with eXoge-
nous input) models (Ljung, 1987) of the form

yi(t) =
3X
j=1

Bij(q)

Fij(q)
uj(t) +

Ci(q)

Di(q)
ei(t); (1)

where the inputs u1, u2 and u3 are ammonia ow, silane
ow and RF power, respectively, and the outputs y1,
y2 and y3 are DC bias voltage, mass 30 and mass 16,
respectively. This model structure was chosen because it
allows characterization of the error independent of the
inputs to the system, and because for suitable orders of
B, C, D and F it reduces to most other commonly used
model structures, including the ARX structure.

The Matlab System Identi�cation Toolbox was used for
all calculations. Where applicable, actual function names
appear in small capitals. For each output, the following
iterative approach was taken:

(1) Start with the minimum possible order of B, C, D
and F .

(2) Use prediction error methods (Matlab command
pem) to create the best model of the chosen struc-
ture.

(3) Based on the correlation functions of the residuals
(Matlab command resid), do one of the following:
� If the auto-correlation function (ACF) of the
residuals and all of the cross-correlation func-
tions (CCFs) between residuals and inputs are
within the 99 % con�dence interval, accept the
model and go to step 6.

� Consider the ACF and the three CCFs. If, of
the four, the ACF exceeds its con�dence bound
by the most, increase the order of C, D or both.

� Otherwise, increase the order of Bij , Fij or
both for the input j whose CCF exceeds its con-
�dence bound by the most.

(4) For each new model structure, calculate the best
model parameters (with pem) and compare its loss
function and Akaike's �nal prediction{error crite-
rion (FPE) to those values for previous models. If
the new model is better (i.e. has lower values of loss
function and FPE), keep the new model and go to
step 2.

(5) Reject the model. Go to step 3, incrementing the
order model in a di�erent way.

(6) Manually check all estimated parameters and their

covariances. If the covariance is greater than the
magnitude of the parameter estimate, try a model
where that coe�cient is set to 0. If that model is
not signi�cantly worse, use it instead, in the name
of parsimony.

Using the approach described above, the following �rst
order ARX model (FO) with time delay was obtained:

2
4
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3
5 = A

2
4

NH3(t)
SiH4(t)
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3
5 ;

A =

2
6666664
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36:8q�1
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The following higher order ARMAX model (HO) was
obtained:

yDC(t) =
0:0117+ 0:0660q�1

1� 0:482q�1 + 0:544q�2
uNH3

(t)

+
�1:82 + 0:140q�1

1� 0:225q�1
uRF (t)

+
0 + 1:38q�1 � 1:15q�2

1� 1:35q�1 + 0:434q�2 � 0:0729q�3
uSiH4

(t)

+
1 + 0:0233q�1 + 0:206q�2 � 0:624q�3

1� 0:272q�1 � 0:0361q�2 � 0:692q�3
eDC(t)

yM30(t) =
�0:128

1
uNiH3

(t) +
�1:84

1
uRF (t)

+
11:7 + 17:3q�1

1� 0:158q�1
uSiH4

(t)

+
1� 0:212q�1 � 0:512q�2 � 0:120q�3

1� 0:210q�1 � 0:7811q�2
eM30(t)

yM16(t) =
0:220+ 1:85q�1 + 0:202q�2

1� 0:291q�1 + 0:304q�2
uNiH3

(t)

+
�0:368� 1:61q�1

1� 0:494q�1
uRF (t)

+
0� 2:74q�1 � 2:42q�2

1� 0:822q�1 + 0:155q�2
uSiH4

(t)

+
1� 0:411q�1 � 0:440q�2

1� 0:996q�1
eM16(t)

All of the poles in this model lie within the unit circle,
but several of the zeros lie outside the unit circle, in-
dicating that the system is non-minimum phase. This
could be problematic in controller design.



4. IDENTIFICATION - NEURAL NETWORKS.

The use of neural networks in system identi�cation and
control has been growing in recent years. Several au-
thors (Narendra and Parthasarathy, 1991; Nerrand et
al., 1993) have shown many architectures and learning
algorithms to deal with di�erent types of system mod-
els. Many applications have been developed taking ad-
vantage of the properties of these models, e.g. in fore-
casting (Ydstie, 1990). Neural networks are useful for
systems that have a very complex nonlinear dynamic
behavior and, when incorporated into appropriate con-
trol algorithms, o�er the possibility to improve the per-
formance over methods based on standard identi�cation
techniques. The PECVD system presented in this paper
can be classi�ed within this group of complex nonlin-
ear systems. Other authors have already applied neural
networks techniques to model a similar system (Han et
al., 1994; Kim and May, 1994) with successful results.
However, they have focused on modelling the response
surface, that is, the steady-state input-output relation-
ships. In this project, the main interest was modeling
the dynamic behavior of the PECVD system.

We considered three types of non-linear models: output
error (NOE), NARX (Nonlinear AutoRegressive with
eXogenous inputs), andNARMAX (Nonlinear AutoRe-
gressive Moving Average with eXogenous inputs). The
equations for the models are:
NOE model:

x(k) = f(X(k � 1); U(k � 1));

y(k) = x(k) + w(k)

NARX model:

x(k) = f(X(k � 1); U(k � 1)) + w(k);

y(k) = x(k)

NARMAX model:

x(k) = f(X(k � 1); U(k � 1);W (k � 1)) + w(k);

y(k) = x(k)

where

X(k � 1) = [x(k � 1); x(k � 2); � � � ; x(k �N)];

U(k � 1) = [u(k � 1); u(k � 2); � � � ; u(k �M)];

W (k � 1) = [w(k � 1); w(k � 2); � � � ; w(k � P )];

where the vectors X(k), U(k) and W (k) stand for the
states, inputs and noise, respectively, and f(�) is a non-
linear function of its arguments. It has been shown that

.

Fig. 2. Time lagged Recurrent Neural Network.

any feedback network can be transformed to a time-
lagged recurrent network with feedback connections only
from the outputs to the inputs (Nerrand , 1993). Figure
2 shows a diagram of such a neural net architecture.
Several methods have been developed for training a re-
current network, (Nerrand et al., 1994) including the use
of extended Kalman �ltering (EKF) (Williams, 1992),
and robust estimation (Connor et al., 1994). Truncated
backpropagation through time is the most economical
method in terms of the computational complexity of
the algorithm, but it takes longer to train. EKF is the
fastest, and it can be implemented on-line, but it re-
quires more memory.

For the PECVD the external inputs are: RF power,
SiH4 and NH3 ows, and the outputs are: DC bias and
the partial pressures of the species of masses 16 (NH2)
and 30 (SiH2). The following steps are taken:

� Use experimental data to train the neural networks
of the types chosen to predict the behavior of the
system in the next time step.

� Optimize the size of the network, i.e. the number
of inputs and hidden nodes, to get an acceptable
performance.

� To prevent overtraining: observe the performance
in the validation sets of data during training, stop-
ping the process when the performance begins to
degrade.

Semidirected algorithms using EKF procedures with ro-
bust estimation were used to train the networks for
the NOE and NARMAX models. In the case of the
NARX model, standard backpropagation is su�cient
(Nerrand , 1994). Stuttgart Neural Network Simulator,
SNNS version 3.3, and Matlab were used for the com-
putations.

A pruning algorithm was run after some training to elim-
inate those hidden nodes with small correlation with
the output of the network. Standard analysis includ-
ing mean square error on the estimated and validation
sets of data and correlation computations were used to
compare the di�erent neural network models against the



�rst and higher order linear models developed. The op-
timized neural networks for each model have the char-
acteristics shown in table 1. The exogenous inputs are

Table 1. Neural Network Models.

Prop. NOE NARX NARMAX

no. exogenous Inputs 10 10 19
no. feedback Inputs 9 9 9
no. Hidden units 22 23 19
no. Output units 3 3 3
MSE training set

DCbias 0.70 1.05 0.33
Mass 16 (�1019) 1.05 1.25 0.39
Mass 30 (�1021) 2.12 2.51 1.03
MSE validation set

DCbias 2.20 3.49 1.32
Mass 16 (�1019) 5.61 6.55 3.56

Mass 30 (�1021) 6.06 5.45 3.91

composed of the three previous inputs, the three previ-
ous outputs and the time, in secs., from the beginning
of the experiment. The feedback inputs are the two pre-
vious output values for the NOE model or errors for
the NARMAX model. Tables 2, 3 and 4 and �gure 3
show the performance of the models for step changes in
the inputs. Figures and tables show that the NARMAX

Table 2. MSE for DC Bias Voltage.

Input(Step) NOE NARX NARMAX
RF 0.81 1.06 0.55
NH3 1.03 2.45 0.85
SiH4 2.27 5.01 1.09

Table 3. MSE for mass 16 (�1019 )

Input(Step) NOE NARX NARMAX
RF 1.54 2.72 1.24
NH3 1.55 3.15 1.33
SiH4 2.12 3.54 1.42

Table 4. MSE for mass 30 (�1021)

Input(Step) NOE NARX NARMAX
RF 8.15 9.12 7.78
NH3 7.94 7.86 7.61
SiH4 8.42 8.45 8.13

model is the best model of the three to identify the dy-
namics of the PECVD system. Introduction of the time
from the beginning of the experiment as an external in-
put to the neural network was very useful in order to
compensate for the drift of the system and other distur-
bance variables that are not considered here.
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5. COMPARISON OF MODELS

The objective of this modeling exercise is to create a
model which accurately predicts the behavior of the sys-
tem. To compare di�erent models, the mean square er-
ror (MSE) of the residuals was computed for each model
type, using both SISO step response data and the vali-
dation data. A comparison of the di�erent models and
the system responses can be found in the Figure 4 and in
the following tables. In all cases, the higher order linear
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Fig. 4. Actual and predicted system response for a silane
step change.

model outperforms the simple ARX model. Comparing
the neural networks models with the higher order linear
model it is observed that the performance is quite sim-
ilar for the step changes in the case of the NARMAX
model, showing that in these regions a linear approx-



imation for the system is accurate. In the case of the
validation set, where the system is going farther away
from the operating point chosen, the NARMAX model
is better than the HO model.

Table 5. MSE for step input responses.

Output Input FO HO NN

DC Bias RF 1.80 0.557 0.55
NH3 2.15 0.749 0.85
SiH4 4.56 0.623 1.09

Mass 16 RF 10.8 1.27 1.24
NH3 3.46 1.25 1.33
SiH4 2.54 1.65 1.42

Mass 30 RF 15.9 7.94 7.78
NH3 8.50 7.63 7.61
SiH4 10.2 7.84 8.13

Table 6. MSE for Validation Data

Output FO HO NN Scale
DC Bias 16.7 7.63 1.32 1
Mass 16 26.2 5.71 3.56 10�19

Mass 30 51.1 14.2 3.91 10�21

6. DISCUSSION

Both classical linear and neural network system iden-
ti�cation were used to model a PECVD system. Many
possibilities were investigated, including design of exper-
iments and model re�nements, to give a better frame-
work for a good comparison between the methods. The
results show that the neural network constitutes an im-
provement over the use of linear models when the op-
eration of the system covers a large region. The crucial
issue is, however, how the models can be used for control
design and implementation.

Transfer function models can be used as the basis for
standard controller design methods. The primary method
proposed for using neural nets in process control is as
the system model in a model predictive control (MPC)
algorithm, e.g. (Draeger and Engell, 1994). Given the ex-
tensive computation involved to train neural networks
as compared to the linear identi�cation algorithms, it
remains to be seen whether the neural net models o�er
any real advantage even for MPC control of this PECVD
system. Since it is the eventual closed-loop system per-
formance that matters, neural net based MPC must be
compared with linear control techniques. Currently, an
evaluation of the use of higher order linear models over
the simple �rst-order models for control design methods
is being investigated.
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