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Abstract

A simulated annealing (SA) method has been developed to deduce 14 Fourier terms in a radio frequency waveform for active compensa-
tion of a Langmuir probe system. The active compensation system uses seven harmonics to generate a required waveform. Therefore, 14
heavily interacting continuous parameters need to be tuned before measurements can be taken. Because of the magnitude of the resulting
search space, it is virtually impossible to test all possible solutions within an acceptable time. An automated control system employing SA
has been developed for online tuning of the waveform. This control system has been shown to find better solutions in less time than skilled
human operators. The results are also more reproducible and hence more reliable. © 2002 Elsevier Science B.V. All rights reserved.
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1. Problem description

This article concerns the use of simulated annealing (SA)
to control a diagnostic measurement system for a range of
important industrial processes based on plasma technology.
The plasmas in question are produced by the passage of
electricity through a gas at low pressure, resulting in a
partially ionised medium comprising electrons, ions, radi-
cals and neutrals, according to which gases are involved.

The semiconductor industry has been a major exploiter of
plasma technology. It uses plasma processes to etch and
deposit the different thin layers of semiconductor, insulator
and metal that make up integrated circuits. The demand for
the ability to maintain uniformity and yield while scaling up
for larger-area processing has promoted a considerable
research effort in real-time assessments and control of the
uniformity of technological plasmas.

Under the prevailing conditions, the plasmas used in
materials processing are not in thermal equilibrium so
considerable energy (typically equivalent to tens of thou-
sands of Kelvin in temperature) resides in the electrons.
Through interactions with these electrons, material can be
broken into its constituent atoms. Thus gases and solids can
be ‘activated’ electrically by means of a plasma. The
heavier particles in plasmas tend to remain relatively cool
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so that the plasma medium facilitates the treatment of ther-
mally sensitive surfaces and bulk materials. For a number of
operational reasons, considerable use is made of radio
frequency (RF) power supplies in the generation of techno-
logical plasmas. Basic electrical measurements on the distri-
bution of charged particles in a plasma is a fundamental
requirement for process developers and has potential as a
routine control parameter in future.

The problem that is tackled in this article concerns the
adaptation of a basic electrical measurement of uniformity
that is much used in plasmas generated by direct current.
When RF power is used to create the plasma, the electrical
environment requires special attention. It transpires that one
of the approaches, the one adopted here, though simple in
principle, calls for a level of optimisation and control for
which some kind of Al is essential.

1.1. Radio-frequency driven discharge plasmas

Under normal conditions, gases do not conduct electri-
cally. Almost all electrons are bound to an atom or mole-
cule. However, if electrons are introduced and given enough
energy by an external energy source, like electro-magnetic
fields, light, heat, etc. then they have the potential on colli-
sion with gas atoms or surfaces to release more electrons,
which themselves may release other electrons. This result-
ing electrical breakdown is known as an avalanche effect.
The so-formed ionised gas or plasma is now conducting.
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Fig. 1. Capacitively coupled RF-powered plasma.

In industrial RF powered plasmas, an RF generator is
used as an external power-source, usually operating at
13.56 MHz. The use of RF rather than DC has developed
for a number of reasons including efficiency and compat-
ibility with systems in which direct electrical contact with
the plasma is not feasible. The frequency of 13.56 MHz is
assigned for industrial, non-telecommunications use. The
RF is inductively or capacitively coupled into a constant
gas flow through a vacuum vessel using electrodes (Fig. 1).

The electrons have only a fraction of the mass of the
atoms, hence they can follow the electric field, while the
ions respond only to slower variations in electrical structure.
Electrons near the electrodes can escape. This results in
electric fields, pointing from the plasma to the electrodes.
These fields generate a flux of energetic ions, which can be
applied continuously to a large area of workpiece, e.g. for
etching or deposition.

1.2. Langmuir probes

Electrostatic or Langmuir probes were developed by
Langmuir in 1924 and are one of the oldest diagnostic

Fig. 2. Langmuir probe inserted into an Argon plasma.
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Fig. 3. Closed control loop for waveform tuning.

tools used to obtain information about properties of low
pressure plasmas [1]. Such a probe consists of a small metal-
lic electrode that is inserted into the plasma (Fig. 2). By
applying a positive or negative DC potential to the probe,
either an ion or an electron current can be drawn from the
plasma, returning via a large conducting surface such as the
walls of the vacuum vessel or an electrode. This current can
be used to analyse the plasma, e.g. for the determination of
the energy of electrons, electron particle density, etc.

The region of space-charge (or sheath) that forms around
a probe immersed in a plasma has a highly non-linear elec-
trical characteristic. As a result, harmonic components of
potential across this layer give rise to serious distortion of
the probe’s signal. In RF-generated plasmas this is a major
issue as the excitation process necessarily leads to the space
potential in the plasma having RF components.

1.3. Active compensation in RF-driven plasmas

In order to compensate for the time variation of RF poten-
tial difference between probe and plasma, the probe
potential has to follow that of the exciting RF signal [2].
This can be achieved by superimposing a synchronous
signal of appropriate amplitude and phase onto the probe
tip. Plasmas are inherently non-linear and therefore they
generate many harmonics of the exciting fundamental. As
a consequence of that, the RF signal necessary for satisfac-
tory compensation has not only to match in amplitude and in
phase that of the exciting RF, it also has to match the wave-
form of the harmonics generated in the plasma.

Conveniently, the electrostatic probe and the plasma
spontaneously generate a useful control signal. In the
presence of a plasma, an isolated electrostatic probe adopts
a ‘floating potential’, at which it draws zero current. The
effect of inadequate compensation on a probe in RF plasma
is to drive the DC potential of the probe less positive (or less
negative). Thus, optimal tuning is identical with the probe
adopting the most positive (or least negative) potential. The
floating potential is also referred to here as a DC bias.

2. Automated control system

Previous work reported by Dyson et al. [3] involved the
use of three harmonics for waveform synthesis. In this
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application, an additive synthesiser (harmonic box) with
seven harmonics has been used to generate the appropriate
waveform for a Langmuir probe system attached to a
gaseous electronics conference (GEC) reference reactor
[4]. Fig. 3 shows the schematics of the control system for
waveform tuning. The 14 input parameters (seven ampli-
tudes and seven phases) are heavily interacting due to the
technical realisation of the synthesiser.

For example, the slightest departure from an ideal sinu-
soidal shape in one of the channels introduces harmonics
itself. In practice, even after careful electronic design, it is
found that there is a weak but significant coupling between
the control of amplitude and phase. As a consequence of
this, the number of points in the discrete search space has to
be calculated as follows:

n=Q" (1)

where n is number of points in search space, b resolution per
channel in bits and p is the number of parameters to be
optimised.

The D/A and A/D converters used in this project had a
resolution of 12 bits and the dimensionality of the search
space was 14. Hence, the search space consisted of n =
3.7 x 10 search points. In this case, mapping out the entire
search space would take approximately 10*' years. This was
clearly not an option!

In order to tune the Langmuir system within an accepta-
ble timescale, a suitable search algorithm had to be found. In
selecting an appropriate algorithm, two requirements
emerged. Firstly, the algorithm had to be capable of dealing
with a high degree of epistatis (the degree of parameter
interaction). Secondly, because of the absence of auxiliary
information about the plasma, like its transfer function, etc.
the prospective algorithm had to be a black box search
algorithm. Previous research has shown that both require-
ments are met by SA [5]. Therefore, this algorithm was
selected.

2.1. Simulated annealing

This general optimisation method was first introduced by
Kirkpatrick et al. [6], based on the work of Metropolis et al.
[7]. It simulates the softening process (‘annealing’) of metal.
The metal is heated-up to a temperature near its melting
point and then slowly cooled-down. This allows the parti-
cles to move towards an optimum energy state, with a more
uniform crystalline structure. The process therefore permits
some control over the microstructure.

SA is a variation of the hill climbing algorithm. Both start
off from a randomly selected point within the search space.
The difference between them is that if the fitness of a trial
solution is less than the fitness of the current one, the trial
solution is not automatically rejected, as in hill climbing.
Instead it becomes the current solution with a certain transi-
tion probability p(T"), which depends on the difference in
fitness and on the temperature 7. Here, ‘temperature’ is an
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Fig. 4. Flow-chart of the basic SA algorithm.
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abstract control parameter for the algorithm rather than a
real physical measure. In this research, the transition prob-
ability p(T') for a given temperature and a given difference
in fitness AF is determined as follows:

1
p(T) = m )

where T is the temperature: control parameter for cooling
schedule, p(T') the probability of transition for temperature
T and AF is the difference in fitness between current candi-
date solution and trial solution.

The algorithm starts with a high temperature, which then
has to be reduced subsequently in steps.

Tn+l = aTn (3)

where T, is temperature at step n and « is the cooling coef-
ficient.

On each step, the temperature must be held constant for
an appropriate period of time (i.e. number of iterations) in
order to allow the algorithm to settle in a ‘thermal equili-
brium’, i.e. in a balanced state. If this time is too short, the
algorithm is likely to converge against a local minimum.
The combination of temperature steps and cooling times is
known as the ‘annealing schedule’, which is usually
selected empirically. Fig. 4 shows the flowchart of the
basic SA algorithm.

3. The implementation of the control system

The system was set up at the laboratories at the Oxford
Research Unit of the Open University. Fig. 5 shows the
Langmuir probe system attached to the GEC reference reac-
tor used during the development.

3.1. The development of the XWOS control software

Before the X windows waveform optimisation system

Fig. 5. Experiment set-up.
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Fig. 6. XWOS main window.

(XWOS) control software was developed, the following
requirements were identified:

e the optimisation should take place within reasonable
time,

o the search results (fitness) over time should be plotted on-
line on screen in order to allow a judgement of the quality
of the result,

e the operator should be able to select values for the SA
parameters,

o the operator should have the opportunity to set any of the
14 parameters manually,

o the operator should have the opportunity to fine-tune the
settings found by the automated system,

e the DC bias (fitness parameter) had to be monitored.

The control software (Fig. 6) was developed in C++ ona
500 MHz Pentium III PC running the Linux 2.2 operating
system. The graphical user interface was coded using X-
Windows and OSF/Motif. XWOS allows the operator to
start a search from the main window. During the search,
the fitness over time (i.e. iterations) is plotted in real-time.
After the algorithm has been stopped (either by reaching the
maximum number of iterations or by the operator), the
inputs for the waveform synthesiser, as well as the corre-
sponding sliders on the main screen, are set to the best
solution found during the search. The DC bias gained is
displayed numerically and on an ‘analogue’ meter. The
operator may then change the settings determined by the
algorithm by hand, while observing the DC bias on the
meter.

After a search, the history data of the run is used to
perform a correlation analysis between the input parameters
and the fitness function. The correlation coefficients are
graphically displayed in a separate window and may be
used as an indicator of the sensitivity of each channel for
the given plasma parameters. The search parameters can be
manipulated by the operator using the search parameter
dialog box (Fig. 7). Here, the operator can also adapt
the software to the plasma equipment by selecting an
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Fig. 7. Search parameter dialog box.

appropriate time constant for the plasma system. XWOS
also provides the facility for random mapping of the search
space for a more meaningful correlation analysis.

3.2. Choosing SA parameters

A sigmoid probability function (Eq. (2)) has been used in
conjunction with the standard cooling function (Eq. (3)).
The cooling coefficient « has been chosen to be 0.8. The
maximum number of iterations was 1000, while the number
of iterations per temperature was 20. The maximum step
width, i.e. the maximum difference between the current
solution and a new trial solution, has been set to 500. The
selection of a suitable value for the start temperature Tg is
most important for the success of SA. If it is not sufficiently
large, the system starts in an already ‘frozen’ state. Hence, it
is more likely to get stuck in a local optimum. If it is too
large, the algorithm performs a random walk rather than a
random guided search. Previous research has shown that a
value of 0.5 for the initial transition probability p(Ts) is a
good compromise for a small AF, decaying towards zero for
larger values of AF [8]. Therefore, Ts has been calculated as
follows:

p(Ts) = 0.5
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Fig. 8. Transition probability versus temperature.
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Fig. 9. Typical run of the SA algorithm.

Using Eq. (2)

1

g = 049

Results in
T = 25AF (@)

Fig. 8 shows the graphical representation of the normalised
probability function for AF = 1 together with p(Ts) = 49%.
It can be seen that Eq. (4) can always be used to estimate the
required start temperature Ts for expected values of AF if
Eq. (2) is chosen to be the probability function.

4. System performance

Argon gas is used at a pressure of 100 mTorr. The plasma
is usually produced using a power output from the RF
generator of 50 W. Fig. 9 shows a typical run of the algo-
rithm. The dotted line represents the best solution found so
far, the thick line represents the fitness on each iteration. It
can be observed that the algorithm initially explores the
search space, while later on (after approximately 400 itera-
tions) it exploits the most promising region. Hence, the
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Fig. 10. Comparison between XWOS and human operators.
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behaviour of the algorithm at the beginning of the search is
similar to random walk, while towards the end it performs
like ordinary hill climbing. The results gained during test
trials by SA are compared with the results gained by differ-
ent human operators in Fig. 10. The data points represent the
average achieved DC bias (floating potential) plotted
against the average time it took to find the solution. The
error bars represent the deviations of these parameters. It
can be seen that SA has always found better solutions than
human operators, but has achieved these in significantly less
time.

4.1. Discussion

While the quality (achieved fitness within consumed
time) of the solutions found by SA shows only minor varia-
tions, the variation in quality for solutions found by human
operators is quite dramatic. This is due to human aspects,
like the operator’s mood or experience. Hence, SA is more
reliable in finding the global optimum and its solutions are
more reliable. However, the existence of variations in fitness
for SA indicate that the algorithm did not always find the
global solution, even if it always came quite close to it.

It has been observed during the experiments that the
selection of an appropriate step width is crucial to the
performance of the SA algorithm. If the step width is too
small, the algorithm has insufficient time to explore the
whole search space, and is therefore likely to get stuck in
a local optimum. If the step width is too large, the algorithm
settles in the region of the global optimum, but if it is
already near to the peak, new trial solutions are likely to
‘fall off” the peak and hence miss the top of it.

Further work should include an examination of whether
the step width can be adapted to the search space during the
optimisation process and what effects this adaptation would
have on the results achieved.

4.2. Conclusions

In this paper, a novel system for active compensation of a
Langmuir probe system in an RF plasma has been presented.
Seven harmonics have been used to synthesise the wave-
form of the potential as it appears in the plasma. Tuning of
the 14 parameters (seven amplitudes and seven phases of the
harmonics) by hand is not a straightforward task. The qual-
ity of the results depends on a number of human factors, like
the operator’s mood or experience. A software package has
been developed to automate the tuning by SA. This type of
optimisation algorithm was chosen because it offers two
desired properties: it can cope with epistatis and noisy

inputs and it is a black box optimisation method, i.e. it
does not rely on auxiliary information about the system to
be optimised.

The software has been used successfully for the tuning,
and the results were compared with the results gained by
human operators. SA clearly outperformed the human
operators in both the fitness of the results and the time
needed for the optimisation.

4.3. Further work

The next stage of this project will be the implementation
of step-width adaptation. The effectiveness of such an adap-
tive system will be compared with the current system.
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