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Abstract— When only a single composition sensor is avail-
able for a multi-zone co-evaporation process, it is difficult to
determine the relative amount of material deposited in each
zone. In this paper, a method of estimating the deposition-
rate ratio between zones using small signal perturbation
sequences is presented that exploits the exponential depen-
dence of deposition rate on the temperature of the molten
metal. A quality metric for the ratio estimate is presented,
which can be easily calculated. Then, in order to determine
the best perturbation sequence that meets all manufacturing
constraints, a constrained optimization problem is described
that is shown to be convex. An interesting feature of the
solution is the importance of correlations between perturbation
inputs. Experimental and simulation results are presented to
validate the method.

I. INTRODUCTION

An attractive option for low cost manufacturing of
thin film components such as photovoltaic cells is semi-
continuous, or roll to roll, processing using co-evaporation
sources [1], [2]. In this setup, a flexible substrate is moved
over multiple deposition zones, where in each zone effusion
boats create a metal vapor plume by heating a sample to
high temperature. The substrate is unrolled from one reel
and taken up by another, and processing can continue until
the reels need to be changed. The total thickness and relative
composition of the deposited material can be measured
before final take-up.

In multi-source co-evaporation systems the same metal
may be deposited in more than one deposition zone, and
different deposition rates may be desired. While the final
thickness and composition is measured, this only gives
the total amount of a particular material deposited over
all zones. The relative amount of material deposited in
a particular zone has the potential to be measured using
alternative sensors such as atomic absorption spectroscopy
or quartz crystal monitors [3], but conditions in the de-
position chamber, cost, or complexity may prohibit their
use in commercial production units. The relative rates
could also be measured by shuttering individual sources in
sequence, but the product produced during the shuttering
must be scrapped. The following question thus arises: Can
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the relative deposition rates be determined using only a
single composition measurement, while at the same time
producing acceptable material?

The main contribution of this paper is the presentation of
a method of estimating ratios of deposition rates in evap-
oration processes that exploits the exponential dependence
of effusion rate on the temperature of the molten metal.
This exponential dependence allows one to relate deposition
rate to the sensitivity of deposition rate to changes in
temperature. By modifying the temperature control of the
effusion boats, the required sensitivity information can be
extracted by perturbing the effusion cell temperatures, and
then correlating the output deviations to the temperature
disturbances. On the other hand, perturbations are undesir-
able in a manufacturing environment, and the perturbations
will have to meet constraints imposed by the manufacturing
tolerances. The optimal perturbation sequence will be one
that maximizes the accuracy of the relative deposition rate
estimate, while meeting all manufacturing constraints.

What we are left with is a problem of input optimization,
which has been the subject of great attention in the system
identification literature, see for example [4], [5] and the
references therein. However, the ratio estimates that will be
considered here contain unique complicating features. Thus,
a secondary contribution of this paper is the presentation of
an alternative performance metric for ratio estimates which
can be easily calculated, and leads to a convex optimiza-
tion problem. An interesting feature of the solution is the
importance of enforcing correlations between perturbation
inputs in different zones.

A. Notations

For a vector z € R", 27 indicates transpose, ||z| :=
VazTz, and ||z]|, = /2TQz. Given x € R?, define
Q

ratio(x) = ;—;’-, the ratio of the first element over the

second. For a random vector z, let
cov(z) = E|(z — Efa]) (z — Ela])"] (1
indicate covariance, where E is expectation. For a vector
N
sequence ulk], k =1,---, N, let E(ulk]) = & Zu[k] be
k=1

the sample mean and
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Fig. 1. Chamber diagram

(biased) sample covariance. Given a symmetric matrix P €
R"*" P > 0 indicates P is positive definite, i.e. 7 Pz >
0 for all x # 0, and P > 0 indicates a positive semi-
definite matrix. Given positive definite matrix P, let P3 be
the unique symmetric matrix such that P3Pz = P and let
P~ be the inverse of this factor.

II. WEB DEPOSITION PROCESS

A diagram of the interior of the deposition chamber
is shown in Fig. 1. A flexible substrate is continuously
transported through several different deposition zones, al-
though only two are shown in the figure for simplicity.
In-situ X-Ray Florescence [1] (XRF) is used to measure
the composition of the deposited film as it leaves the
last deposition zone. The XRF reports film thickness and
composition every T seconds, and the result is an average
of the material which has passed under the device during
that time. A typical control strategy uses a fast PID control
loop to power in order to keep a thermocouple measurement
at a given set-point. The set-point is determined using the
composition measurement.

In what follows, the following assumptions are utilized:

o The PID control loop is fast enough that temperature
can be considered directly actuated.

e The transport distance between the individual zones
and the XRF measurement point are known.

o The deposition rate is proportional to effusion rate.

e The composition measurement noise is zero-mean,
white, and Gaussian.

When identifying variables in the model, the following
convention will be used: The zone will be identified by a
superscript, while the metal will be identified by a subscript.
For example, the perturbation sequences used in zone ¢ for

metal m will be identified by uJ,.

A. Deposition Rate Model

The effusion cells used in the deposition system are
large ceramic boats filled with metal and heated using
resistance heaters. Assuming molecular flow, the metal flux
in molecules per second per meter squared is given by
the Knudsen equation [6] Q = \/TﬂNﬁp wh.ere Ny %s
Avogadro’s number, m is the molecular weight in kg, R is
the gas constant, 7 is the temperature in degrees K and p is
the pressure in N/m?. Assuming supersaturation conditions

within the boat, p will be given by the vapor pressure, which
for many metals has the form p = % exp (a — £) for some
constants a, b, ¢ that depend on the metal. The effusion rate,
re, in molecules per second, is then the product of the flux
and the boat orifice area A, and the temperature will be the
same as the temperature of the surface of the melt pool,
Tmelt, SO that

kexp(a) ( b >
r, = —_— eXp — (3
‘ (Tmelt)c+0.5 T melt )

where £k = T For typical operating conditions, the

(Tmett)” term is much less important than the expo-
nential, and the effusion rate r. can be approximated by a
simple exponential. Thus, also using the stated assumption

that deposition rate is proportional to effusion rate, in what
follows we will use the expression r = dnexp (7%) for
deposition rate, where J is a proportionality constant.
Assume that the melt temperature 7p; is measured using
a thermocouple with the measurement relationship a7+ =
Tmelt, Where 7 is the thermocouple measurement, and «
and § model measurement errors when o £ 1 or 8 # 0.
The sensitivity of the deposition rate with respect to the

measured temperature is then

dr ab —b ab
% N (Tmelt)2 577 P (Oﬂ' + 6) N (Tmelt)2 " (4)

Note that the deposition rate is proportional to this sensi-
tivity.

Now we consider multiple effusion boats, with the super-
script/subscript notation distinguishing the metal and boat
number for each variable. Consider two deposition rate
sensitivities, dg" and d;’_”, for the same metal m, but
different boats ¢ and j. If the same metal and type of
effusion boat are used b}, ~ b/ , and if the thermocouple

type and thermocouple placement allow for i, ~ o, ,we
have ,
g N2
Zm 7.] rt
dr __ melt m (5)
dri, 7—i J
—df_”‘ melt T'm

so that the relative deposition rate :—;ﬂ is proportional to
the ratio of sensitivities, with a correction factor equal to
the ratio of melt temperatures squared. Usually, the melt
temperatures are fairly close - due to the exponential, a
wide range of deposition rates can be achieved with a
small change in temperature. Typical correction factors will
be of the range 0.8 — 1.2, and can be estimated from
the nominal operating conditions. None of the parameters
defining the vapor pressure, nor the error constants defining
the thermocouple need to be known!

B. Small Signal Deposition Model Structure

We consider obtaining estimates of the sensitivity via
parametric system identification of the small signal dy-
namics between thermocouple temperature set-point and
deposition rate. The metal is transmitted to the substrate in a
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plume [6] whose shape will result in a particular deposition
pattern. Let y,,, [k] be the deviation of the k" sample of the
XRF measurement of metal m from nominal. Let u?,[k]
be the k*" sample of the temperature deviation at zone i.
Note, we assume that both input and output signals will
have sampling time T, equal to the sampling time of the
measurement. Also, we assume signals are synchronized
so that the temperature deviation of sample k occurs %
seconds before the measurement of sample &k, where v is
the velocity of the substrate, and ¢’ is the distance (along
the substrate) from the effusion boat in zone 7 to the
measurement.

Then, it can be shown that the small signal behavior
due to deposition at n, different zones be captured using

moving-average models of the form.
Ym [k] = ¢71n [k]e'}n + ¢3n [k]efn +o ;1”2 [k] 777 (6)

where
Oolk] = [ub, [k —m] - ul[k—na)]  (7)

ny and my are constant integers, and ¢;, are unknown
parameters. The DC gain of this moving average model
. dry

is equal to —=.

ITI. DEPOSITION RATE SENSITIVITY RATIO ESTIMATE

In this section, we describe an estimate of the deposition
rate sensitivity ratio based on system identification. Then, a
measure for the width of the expected distribution for this
estimate is defined. In the following sections, deposition

sensitivity will be denoted as s’ := ,d;i" , and the deposition

sensitivity ratio defined as g; := 2.

A. Sensitivity Ratio Estimate

For a particular experiment, perturbation sequences
ul, [k] are selected for each zone and each metal, and the
composition perturbations y,,[k] are measured. If data is
recorded from k£ = ny to N +nq, using (6), the input/output
relationship for a particular metal can be written as

Y:m = Um(am + Em (8)
where
T
Y = [ym[l] ym[2] ym[N]] )

the other variables defined similarly, and F,,, is the measure-
ment error. When the perturbations are sufficiently small,
the sensitivity s is equal to the sum of the elements
of ¢/, that is, the DC gain of the small signal model.
Thus s/, = al,0,,where a?, is a vector of ones and zeros
that sums the appropriate elements of ©,,, and from (5),

.. i
1 — Sm — ﬂz&_
= T dhe,

Let ©,, = (UTUm)_lUTYm be the least squares

m m
estimate of ©,,,. When the noise process is zero mean and
white and A\I = cov(e), the covariance of this estimate is
given by

cov (O) = A (ULU) " ©)

With 8¢, = a’ ©,, and 8}, = a{'n@m, our sensitivity ratio
estimate is defined to be g = 2. From the sensitivity

ratio estimate, the deposition ratio estimate is given by

i 2 . .
(—Tme") 3% where 7! J

and 7 are considered known.

J melt melt
T melt

In the next section, the expected distribution of §% is
found.

B. Distribution of ratio estimate

Let the joint probability distribution of the sensitivity
estimates §°, 37 be py(8', 7). If § = £, then the probability
density function of § will follow the ratio distribution, given
by

o0
pl) = [ $pes ) e o
— 00
A good choice of input excitation will result the distribution
py(g) being narrow in some sense. However, when &' are
Gaussian, because the tail of this distribution decreases
slowly, second moments of this distribution do not exist, and
the variance cannot be calculated. We propose an alternate
characterization of distribution “width” based an ellipsoidal
bound of the expected estimates.
Suppose that it is known that the estimates satisfy

(5 - Snom) Q(S - Snom) < 52 (11)

for some § and positive definite (). A hard constraint can be
derived using an a-priori bound on the measurement noise,
or it can be given a stochastic interpretation, for example if
the estimates are jointly Gaussian, with covariance P and
mean S,om, then with Q = P~1, 5 satisfies this constraint
with probability 1 —exp (—5—22 [7, p. 77]. Let £ denote the
set of points satisfying (11). We assume that ¢ is chosen
small enough so that all elements of s € £ are strictly
positive (i.e. s is in the open first quadrant). Recall that
ratio(s) is the ratio of the elements of s. Clearly, there
are points Smax and Smin in € such that ratio(smax) >
ratio(s) and ratio(smin) < ratio(s) for all s € £. Let
Prax (@) = ratio(smax) and ¢, (Q) = ratio(smin). The
difference ¢(Q) = Ppux(Q) — Gpin(Q) between these
points is a convenient measure of the spread of the ratio
estimate distribution.

As examples, the maximum and minimum points are
illustrated in Fig. 2 for 07 = .1,02 = .15 and p = 0 and
in Fig. 3 for 01 = .1,09 = .15 and p = 0.5. The top graph
shows the ellipse £ for 6 = 2 (probability of .86) along with
Smax and Smin. The dashed lines denote values of s which
also share the same ratio as the maximum or minimum
ratio in £. The bottom graph shows the corresponding ratio
distribution if the random variables were jointly Gaussian,
along with the value of ¢, and the locations of ratio(smax)
and ratio(smin ). Note how the bounds reasonably reflect the
relative breadth of the ratio distributions. It is interesting to
note that although o7 and o, are the same in both figures,
the distribution for Fig. 3 is narrower, where a correlation
exists between the sensitivity estimates. The correlation
significantly improves the ratio estimate!

4527



ratio{s) = ratio{se, ) -
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Fig. 2. Ratio distribtuion with uncorrelated sensitivity estimates

ratiofs) = Patio(sem )

— ratio(s) = ratio(s.. )
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Fig. 3. Ratio distribution with correlated sensitivity estimates

Now, since () is a function of the perturbation sequence
used in the identification process, the quality measure ¢ can
be influenced by appropriate choice of input. Significantly,
¢ has very nice properties that will be important in the
optimization process: it has convex domain, it is easily
computable, and it is convex over the space of symmetric
matrices. Given s, and J, let D be the set of ) such that
£ lies in the open first quadrant.

Theorem 1: For s1,s9 € £ defined by (11), if Q € D,

b (@) = ratio(0Q'wT + sp0m) (12)
Pmin(@) = ratio(inlwi + Snom) 13)
where
+_ _ 3 g Fv 72 - 52 Q%Snom
wREQR | 5 ] o 09

1 .
and vy = HQ2 Snom H . Furthermore, D is a convex set and

¢(Q) is a convex function of @
Proof: Due to space limitations, the proof is omitted.
|

IV. PROCESS CONSTRAINTS

In general, the performance metric ¢(Q)) can be made
smaller by picking perturbation sequences with larger mag-
nitudes. However, process tolerances will place constraints
on how large the perturbations can be. The following
constraints will be considered: the variance of a particular
metal deposited in a particular zone, and the variance of
key combinations of metals across zones.

Multi-source evaporation is used to create a graded film
deposition, thus the total amount deposited in each zone is
clearly important. However, other factors can also can also
play an important role [8]. As examples, in deposition of
high efficiency Culn; _,Ga,Ses PV films, the choice of Cu
to Int+Ga ratio at a particular film depth is important, thus
in a particular zone, it would be desired to minimize the
variance of the sum In+Ga. On the other hand, the overall
Cu to In ratio throughout the film is important, thus variation
in total amount of a particular metal deposited in all zones
should be minimized.

V. OPTIMAL INPUT SEQUENCE SELECTION

Using the measure ¢((Q) and the process constraints
described above, a perturbation sequence can be selected
so that ¢(Q) is minimized while the constraints are met.
Let n,, be the number of different metals deposited in the
chamber, n, be the number of different zones, ny, = n,,n,
and ny = no — ny be the number of terms in the small
signal models of the deposition.

The problem is simplified by assuming that the input
sequences have the characteristics of a zero mean and
white random sequence through a shift of n,. That is,
E (uf,[k]) = 0 and In practice, these requirements will only
be met approximately. A vector input sequence that can (ap-
proximately) achieve these requirements is easily generated
using a maximum length pseudo random binary sequence
(PRBS). For N large, these sequences are approximately
white and zero mean. See for example [9] for algorithms to
generate a PRBS and proofs of the stated properties. Define

11 1n
511 e T T,
S = (15)
n,l n.n
Snfnnm T Snfnnzm

It is assumed that S > 0.

Now, the performance metric and constraints can be
expressed in terms of .S or the elements of S. In particular,
Q=r =" [A%S (AﬁfL)T} where A% picks out the
elements of S associated with metal m and zones ¢ and

j. Also, the constraints discussed in Section IV can be

expressed as cov (yb,) = H@an st or
<o (i) = 100" sthon + 1021750 1
+2(0,,)" 0},
where y% is the sum of deposition by two specific effu-

sion cells. Note that the elements of S appear linearly in
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the process constraint expressions. Thus, n,. manufacturing
constraints can be expressed as f(S) < ¢y for some linear
function f : R™=*"s — R" and ¢y € R™ a vector
of constraint bounds. Examining the bound (16) closely
shows that correlation between input sequences will play an
important role in meeting constraints. By the nature of the
deposition process, 6, and 67, will have positive elements,
and typically will be approximately equal. Therefore, if s% .
is negative, the sample variance of key combination yi/
will be reduced.

Given A, 6, Snom, IN, and the nominal 6, characteristics
of the the input sequence that minimizes the width of the
ratio estimate distribution while meeting the manufacturing
constraints can be found via the following constrained opti-
mization problem over symmetric matrices S of appropriate
dimension:

ming 10) ()\im A4S (Aj{1 TD
. F(S) < e (17)
subject to $>0

Since the objective function is a composition of a linear
function (of S) and a convex function, it is convex. Since
the constraints are also convex, this is a convex optimization
problem. Once a solution to this optimization problem
has been obtained, the desired sample covariance of the
perturbation sequence is available in the minimizing S.

VI. EXPERIMENTAL AND SIMULATION RESULTS

In this section, we will attempt to partially validate the
stated assumptions, and illustrate some of the advantages
of a designed perturbation experiment. In order to examine
the validity of (5), experimental data from an industrial
deposition system is presented. However, when examining
estimate distributions, simulations will be used because the
large number of runs that are required.

A. Experimental Results

A perturbation experiment was performed by Global
Solar Energy (GSE) in Tucson, Arizona on a co-evaporation
system used to deposit Culn; _,Ga,Ses films for production
of high-efficiency flexible photovoltaic panels. The experi-
ment perturbed the temperature set-point for a metal that is
deposited in two different zones. Data was collected for 67
samples, so that with a sampling time of the composition
sensor of Ty = 120 seconds, the experiment lasted a little
over 2 hours. The perturbation sequences and resulting
composition variation is shown in Fig. 4. Note, the input
and output have not been aligned, so there is a delay of
between 450 to 850 seconds from the input to the output
due to substrate transport.

Small signal models were identified with n, = 3. The
input and output data was pre-filtered with a high pass
filter to remove slow drifts in the composition not related
to the inputs. The estimated sensitivity ratio was 2.16.
The correction factor calculated from nominal operating

Perturbation Sequences

Temperature Change (K)

0 2000 4000 6000 8000
Composition Variation

<

123

8 100

2
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@ -200

0 2000 4000 6000 8000

Time (s)

Fig. 4. Perturbation experiment and resulting composition variation

Variance bound Zone 1 Zone 2 Total
Indium 1002 A 1002 A” 502 A”
Gallium 1002 A 202 A® 502 A”
In+ Ga 502 A® 502 A2 None Specified

TABLE 1

ACCEPTABLE THICKNESS VARIATIONS FOR EACH METAL IN EACH
DEPOSITION ZONE

temperatures was 1.12, so the estimated deposition ratio
was 2.42. Although the relative thicknesses deposited in the
two zones for standard depositions is proprietary to GSE,
for the experimental run of this study the ratio of 3.51 was
measured using shuttering. Although the estimates differ
by 31% the change small signal sensitivity at the different
deposition rates is apparent. Error analysis indicates that the
difference in estimates can be explained by measurement
noise.

B. Simulation Results

The simulated system consists of two metals and two
zones. Indium is metal 1 and Gallium is metal 2. For
simplicity, the outer-loop temperature set-point control is
eliminated and melt temperature is considered directly
actuated. Effusion model is (3), with parameters given in
Table II. For these parameters, the nominal relative metal
deposition ratio is 1.8. The plume model for all metals and
zones is

1 1 z?
fz) = —exp | —5—— (18)
2V 27‘('% 2 (L)
30
Parameters Indium Gallium
K 1.71 x 106 3.00 x 10°
a [10] 9.79 10.07
b [10] 12580 14700
7172 °K | 1280,1200 1350,1225
TABLE 11

PARAMETERS FOR SIMULATION
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Fig. 5. Scaled histogram of sensitivity ratio estimates, along with expected
distribution, predicted ratio bounds, and actual ratio.

Noise is chosen to be A = 302, and N = 63. The model
parameters are 0}, = 2= [0.1 .8 0.1] .and we calculate

dr% dr%
T o973 &2 —g505 19
dr dr (19)
drl dr2
T o718 2 319 (20)
dr T

In practice, these would be found from an initial system
identification experiment. We seek an experiment which can
estimate the ratio of Indium deposition rate in zone 1 to
zone 2. Processing constraints are in Table I, which reflect
constraints on the variance in both the total deposited metal,
as well as various combinations between zones and between
metals. Optimization results in

66.2 —70.0 -50.3 49.9
—-70.0 1145 376 —82.6

5= -50.3 376 442 264 @D
499 —-82.6 —-264 59.6

and inputs are generated using PRBS sequences to approx-
imately satisfy this sample covariance. Note the significant
correlation between inputs. After simulation, 500 different
realizations of simulated white Gaussian noise was added to
the composition measurement, and then for each realization,
sensitivity estimates were obtained. In Fig. 5, we show a
histogram of the resulting sensitivity ratio estimate, along
with the theoretical ratio distribution, and the actual depo-

sition rate ratio scaled by g . Note that the agreement
between the actual and theorefical results is very good.

For comparison, consider a sample covariance matrices
chosen as follows:

S.=diag([13 335 0 0]) (22)

The second input was chosen without correlation, and scaled
so that all constraints are met (within the same tolerance as
the optimal input) - is this essentially the best possible input
if no correlation is allowed. The results for the optimal and
comparison inputs are listed in Table III. The distribution
for the second input is shown in Fig. 6, and as expected, the
distribution is significantly wider than the optimal input.

Fig. 6. Results for input with sample covariance S.
Achieved Variances | “Optimal” Input Comparison Input

Indium Zone 1 83.82 A’ 36.22 A’
Indium Zone 2 70.32 A” 36.42 A”

Indium Total 50.82 A” 50.82 A”
Gallium Zone 1 39.02 Az 0 A2
Gallium Zone 2 20.12 Az 0 A2
Gallium Total 33.92 A’ 0 A
In + Ga Zone 1 49.92 A” 36.22 A”
In + Ga Zone 2 50.32 A” 36.42 A”

TABLE III

RESULTS FOR THICKNESS VARIATIONS FOR SELECTED INPUTS
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