IEEE TRANSACTIONS ON SEMICONDUCTOR MANUFACTURING, VOL. 15, NO. 3, AUGUST 2002 295

Model-Based Uniformity Control for Epitaxial
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Abstract—Semiconductor fabrication requires tight specifica- A testbed system is under joint development with the coop-
tion limits on thickness and resistivity for epitaxially deposited eration of MKS Instruments (On-Line Products Group), Ap-
silicon films. Our testbed system for integrated, model-based, jiaq Materials, and MIT, using an epi deposition chamber on a
run-to-run control of epi films incorporates a Centura tool with an Centura tool. off-line thick d istivit t
epi deposition chamber, an in-line epi film thickness measurement enturatoo '_O -_|ne. Ic r_less andresistivity measurement sys-
t00|, and off-line thickness and resistivity measurement Systemsl tems, and an |n'||ne film thICkneSS measurement t00| Integrated
Automated single-input-single-output, run-to-run control of epi  single-input-single-output (SISO), model-based run-to-run con-
thickness has been successfully demonstrated. An advancedro| of epi film thickness has been successfully demonstrated

muiti-objective controller is described, which seeks to provide ging the in-line metrology tool and automatic updates of the
simultaneous epi thickness control on a run-to-run basis using - .
deposition time [4], [5].

the in-line sensor, as well as combined thickness and resistivity . . .
uniformity control on a lot-to-lot basis using off-line thickness and There has been considerable research at MIT involving

resistivity sensors. run-to-run control of semiconductor processes [1], [2], [4]-[9].
Control strategies are introduced for performing combined |mplementations of controllers, dynamic models, and model
run-to-run and lot-to-lot control, based on the availability of update algorithms are explored by various researchers, in-

measurements. Techniques are proposed for dealing with mul- . w " “
tiple site measurements of multiple film characteristics taken at cluding an “Internal Model Approach” [10], [11], “Robust Run

different sampling rates, as well as the use of time-based inputs by Run Control” [12], [13], “Linear EWMA” [1], “Neural
and rate-based models. These concepts are widely applicable forNetwork Based EWMA” [14], [15], “Probabilistic EWMA”

semiconductor fabrication processes. [16], “Adaptive EWMA” [17], [18], and “PCC"” [1]. The system
Index Terms—Epitaxial growth, process control, run-to-runcon-  Used in this work is a multi-input, multi-output, model-based
trol, semiconductor process modeling, uniformity control. controller with an Exponentially Weighted Moving Average

(EWMA) model update algorithm. The underlying model is of
the following matrix form:

I. INTRODUCTION

EMICONDUCTOR fabrication requires an increasingly y=Az+b 1)

Xpensive and |ntegrqt§d set of processes. The bo,umrez is the input vector ang is the output vector. Thus
on efficiency and repeatability for each process step contindg -+ is needed to completely specify the model are the

to tighten under the pressure of economic forces and prodg%pe terms 4) and the offset, termsb). Between each run

performgnce requirements. Int.egrated run-to-run - procega eyyma controller updates the offset terms based on the
control is one approach to meetmg these challenges, and ious inputs, the measured outputs, and some controller
been successfully demonstrated with processes S.UCh as ameters. Based on the new model and a set of target outputs,
?nd p'asm‘?‘ etch.,t ar_nclJngl. others '[11]",I [2]. An |tn-I|ne S?gs e controller uses “inverse model” techniques to suggest a
or measuring epitaxial silicon (epi) film properties provide ew set of inputs for the next run. Investigations concerning the

crucial information to enable integrated run-to-run control Qheoretical and practical issues of EWMA run-to-run control
the epi deposition process [3]. Epi deposition is typically thg it ms are found in a number of sources, including detailed
first step in a process flow, where the crystal lattice of th&nalyses in [1], [8], [18] ’
bulk silicon is extended through growth of a new silicon layer b '

ith a diff t dobing level than the bulk. Matching t Currently, a multi-objective model-based controller is under
with a dittérent doping level than the bulk. Matching arge&evelopment, which seeks to provide simultaneous run-to-run
epi film thickness and resistivity parameters is crucial for th

b t fabricati f v functioning devi €ontrol of not only epi thickness, but resistivity as well. Fur-
subsequent fabrication of properly functioning devices. thermore, thickness and resistivity averagesianifbrmitiesare

to be driven to target, as opposed to simply averaged results
or single measurement sites. This work considers sensor read-
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Fig. 1. Compression of 2-D radial wafer map sensor data into a single radial scan.

as well as the inputs one will use to drive those outputs. t& make run-to-run control more effective. They are also im-
set of designed experiments is then selected and perfornpedtant for evaluating the system’s ability to perform run-to-run
to provide input-output data. Next, these data are analyzeohtrol based on only the in-line measurements.
to build models of the relationships between the inputs andResistivity readings are available from an off-line measure-
outputs. These models are then used in conjunction withmeent station; there is currently mosituor in-line sensor. Thus
cost function to select inputs that minimize the cost. Finallyesistivity must be controlled in a lot-to-lot fashion for this work.
run-to-run control models and a model update strategy aréWafer rotation during epi deposition yields highly radially
created for the optimized process. An integrated controller sgmmetric films, both in thickness and resistivity. Thus wafer
implemented, and a series of runs are performed to test ntep measurements may be compressed (averaged) into radial
response. Sections II-1V explore the three stages required $oans, as shown in Fig. 1. A model-based controller can update
demonstrating epi deposition uniformity control. Sections Yrocess settings between runs to control the radial uniformity
and VI present results and conclusions. of thickness and resistivity, rather than simply controlling their
averages.

Il. SELECTION OF PROCESSPARAMETERS AND DESIGN OF _
EXPERIMENTS B. Selecting System Inputs

The success of this work depends on gathering informationAAfter determining the sensor readings (outputs) that will be
about the epi deposition process and sensor capabilities. Th@nitored, the machine settings (inputs) that are most likely
following sections outline an ordered methodology for selectir§ affect those outputs must be selected. This does not imply
process parameters of interest and gathering experimental dtat the exact relation between the inputs and outputs is known.
Section I1-A describes guidelines for determining which sensdfiére should be either empirical or theoretical evidence that
outputs will be monitored. Section II-B covers the subsequeffianges in the inputs correlate with changes in the outputs.
selection of equipment settings (inputs). Section 1I-C discusgg&eliminary work was done by Applied Materials to determine

the development of a DOE to capture relations between the WPich process settings are likely to affect the epi film thickness
puts and outputs. and resistivity. These factors include those listed in Table I.

A. Selecting System Outputs C. Developing a DOE

The primary goal of this work is to demonstrate run-to-run, Once the system outputs and inputs are chosen, a set of de-
uniformity control of epi film thickness and resistivity viaSigned experiments is selected and performed to model the re-
in-line and off-line sensor measurements. The in-line thickned&ions between the inputs and outputs. First, “reasonable” op-
measurements, which are taken while the wafer is in ti§5ating ranges for the inputs are selected. Specifically, upper
cool-down chamber, represent the only outputs that are av&ld lower bounds are determined, which define a “hyper-box”
able for true run-to-run control (where control decisions aMithin the input space. These bounds are based on a number of
made after each and every wafer run). Off-line measuremé&hit€ria, including the following:
stations can be used for additional lot-to-lot control.  Machine limitations;

The system enables multipl&/¢site) in-line thickness mea-  * Safety limitations;
surements to be taken along the wafer's diameter, instead of just® Undesirable effects on uncontrolled outputs;

a single center point. We also use an off-line thickness mea- * Settings beyond which the resulting cost function is

surement station that provides a densely sampled wafer map. known to increase.

While the full wafer map measurements are not available fohis last criterion implies some knowledge from previous ex-

run-to-run control, they can be used in a lot-to-lot feedback loggerimentation and the process optimization methodology. Ide-
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TABLE | achieved the target thickness and resistivity, and all of the inputs
INPUT FACTORS AND DOE LEVELS are within the valid operating ranges. A constrained optimiza-
v | 0o | o | toper | OO tion capability ell_mmates the need to worry abqut input ranges,
Factor axial axial so the cost function need only be concerned with the optimality
&) 3)) ® ¢ ¢a) o
- / / criteria.
it ti N/A N/A 50 / . .
cposit time (sec) A A Cost functions take many forms, but a weighted sum of
Deposit temperature (°C) 1090 1100 1120 1140 1150 .
(-1.500) aso0y  squared errors from the output targets is extremely common
Dopant mixing ratio (%) ( 125000) 30 50 70 (185%0) and often analytically meaningful. A general form for this is
Dopant main flow (sccm) 40 80 150 220 260 2
157D (1.571) Cost = Z W (T; — o))" . 2
% Lower power 45 47 50 53 55 i
(-1.667) (1.667)
% Inner power “44029) 43 50 57 (129) This function sums over all outputs){ the product of a
L. A —_ > .
Ditotent {5 fow GI2) = = = = % weighting term V) and the squared difference bepNegn the
(-1.500) (5000 output target 1;) and the actual outputof). The weighting
Tﬂchlomsié:ﬁ;)ﬂc& flow (116067) 108 12 132 a 16‘;7) terms scale the importance of meeting various output targets.
Conter gas fow valve s 5 5 o 55 The weights could reflect trade-offs between comparing outputs
(Accusett inner setpoint) | (-1.667) a7 of different types, or trade-offs between the relative importance
Outer gas flow valve 60 68 80 92 100
(Accusett outer setpoint) (-1.667) (1.667) Of OUtpUtS that are the same type

There are many possible cost functions for the epi control
problem, but
ally a set of optimal outputs can be achieved with machine set- ) )
tings that are near the center of the bounded input space. Table £ost = E Wy (T — ti)]” + E W, (L5 —pi)]” (3)
also lists the operating ranges for the DOE. i J
_ A Central Composite design is. selected for this work, asig[ a convenient and meaningful choics; and Tp; are the
is both commonly used and effective for response surface m?d- . o !
. . o S arget thickness and target resistivity, respectively for each
eling. Noting that deposit time is used as a multiplicative factor, ) . S .
. " ) f the thickness i) and resistivity §) measurement sites,
on estimates of deposition rate (a process modeling strategy { ﬁt . L
. . . . . lle ¢; and p; are the measured thickness and resistivity
is described in more detail later), there are nine factors under, . ; L
; . . o .. .values, respectivelyV,; and W,; are relative weighting
consideration for modeling the deposition rate and resistivity, L : S
) . ?onstants between the individual thickness and resistivity site
The Central Composite DOE calls for a two level full-factoria .
i ) . . ~measurements. The weights encapsulate the trade-offs between
design for all of the input factors, plus axial and center points,

This means that a nine factor DOE requires over 512 expé';\rqmevmg target thickness uniformity versus achieving target

iments. Ideally all of these experiments could be performeﬁaS'StIVIty uniformity. Any differences between the number

: . of thickness and resistivity sites will affect the weights, as
but processing that many wafers is probably unnecessary. A . : .

. . . . well as the relative magnitudes of target thicknesses and target
one-quarter fractional factorial designis used, which can be au

) ; ; tdsistivities.
mented later with more experiments, if needed. The weights are also likely to be affected by the spatial or-

ganization of the outputs. There is a weighting structure based
on the relative area that each output site represents, as shown in
The process optimization methodology is based on the ingtigy. 2. For the epi control problem we make use of data from
and output parameters that have been selected. In the nmmnhts along a radius. Clearly, sites near the outer edge repre-
generic case, a cost function is created in terms of the outpsésit a larger area than those near the center. Therefore it makes
(and possibly the inputs), which defines the relative quality akense to associate a higher cost for these sites when they deviate
a set of outputs (and inputs). Specifically, a lower cost implideom the target. Using these weights is analogous to finding a
a better set of process parameters, meaning that a globalindrical shell approximation for error volume. Better approx-
minimum cost is the desired operating point. imations may be obtained using thin plate spline error volume
The following sections describe the strategies and issuestimation techniques, as presented in [19]. However, the use
involved in process optimization for the MIMO epi controlof a dense sampling pattern can eliminate the need for a more
problem. There are three main steps involved: selection of eamplicated weighting scheme.
appropriate cost function (Section IlI-A), empirically modeling
the cost function in terms of the process inputs (Section I11-BB. Cost Function Modeling

anq performing a consFrained optimization over _the cost modelrpe optimization process makes use of a function (model) of
to find the inputs that yield the lowest cost (Section Ill-C).  the cost in terms of the inputs. This function is back-solved to
find a minimum cost solution. DOE data are used to fit a model
of the cost as a function of the inputs. There are many ways to
Often the cost is based primarily on the outputs and ondo this, especially when the system outputs include multiple site
slightly, if at all, on the inputs. In the epi control problem, a minmeasurements. One approach involves empirically modeling the
imum cost solution should occur when all measured sites has@st directly as a function of the DOE input settings. This is

lll. PROCESSOPTIMIZATION

A. Cost Functions
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Fig. 2. Sample output weighting based on representative area.

known as a single response surface (SRS) methodology, whiahnner. Within reasonable ranges, the final epi resistivity will

would simply generate the cost function be essentially independent of the film thickness, and thus inde-
pendent of the deposition time. This cost function model should
Cost = (=) (4)  achieve a fairly accurate representation of the process and will

wherez is the vector of process settings. That is, the model do&@sonably map into a linear model-based run-to-run control
not receive any information from individual sites; the cost iSirategy. The complications involved with using time-based in-
modeled directly in terms of the inputs. puts for run-to-run control will be introduced in Section IV.

A multiple response surface (MRS) methodology builds indi-
vidual models of each site, then uses the cost function’s form®er Cost Function Optimization
expression to combine the outputs of the models. The weightedJsing a MRS model of the cost function in terms of the
MRS cost function for the epi process becomes process settings and target outputs, a set of inputs that yield a
2 2 minimum cost are found through a constrained optimization.
Cost = Z (Wi (Thi — ta())]” + Z [Wes (Tos = 5@)I" - While the run-to-run controller will use linear models of depo-
! J (5) sition rate and resistivity, the DOE-based process optimization

There are a number of issues involved in choosing betweenGgi!d use higher order models. A general optimization process

SRS and an MRS strategy, some of which are described in [#}CD @S this is provided by a number of software packages. In

jeParticular, we use MATLAB for modeling and optimization.

this work makes use of MRS models primarily because they a'[r'Qe details of constrained optimization are beyond the scope of
required for implementing uniformity control. this paper and are expected to be automated through the use of

Time-Based Control:An important modeling issue is the of.a software package. This applies to the initial process optimiza-

fect of time-based settings. For thickness measurements i Step, but the integrated run-to-run controller contains its
often more effective to model the etch or deposition rate th@wn constrained optimization routines for the linearized, time-

multiply by time to arrive at final thicknesses. This is better thah2S€d models.
trying to include time as a “regular” input and create a (linear)
model that includes time as an additive term rather than the mul- IV. RUN-TO-RUN CONTROL
tiplicative factor it actually is. This added twist results in a cost Having selected process parameters, performed a DOE,
function of the form and created and optimized a set of site models, the run-to-run
Cost, — Z [Wei (Thi — (ri() -d))]2 controller is initialized to begin processing. As with previous
- run-to-run control work at MIT, linear process models whose
2 offsets are updated in an EWMA manner are used in the
+Z Woi (Tpj = pi@)" ) controller, However, the deposited thickness site models have
’ been modified to take advantage of the time-based structure
wherer;(z) is the model of theth site’s deposition rate as adescribed earlier.
function of the inputs, and is the deposition time. It is as- Because this controller is used for our run-to-run control ex-
sumed that deposition time does not affect resistivity in the sameriments, it is worthwhile to note that the run-to-run process
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models might require a DOE from a smaller, more linear regidhe rates«;(x)) are known and can be treated as constants. This
of the input space. This will be the case if the original DOHleads to the following straightforward solution f@r
space requires highly nonlinear models.

Even before the DOE is specified and analyzed, the % W2 Ty - r;
run-to-run controller’s cost function and model update proce- J— =L ’ ' (10)
dure are considered. It is important to match the cost function N,
and optimization strategies between initial DOE-based opti- El Wii -

mizations and the subsequent run-to-run control optimizations.

Section IV-A looks at cost function optimization for the Note that the optimal deposition time is only a function of
run-to-run controller, Section IV-B discusses the controllerrms corresponding to deposition rate outputs. Intuitively, re-
model update strategy, and Section IV-C describes the issgiivity models should not affect the selection of a deposition

involved in combining lot-to-lot and run-to-run feedback datatime when all other inputs are held constant.
In fact, a complete nonlinear optimization scheme is achieved

A. Cost Function Optimization by iterating between the solution of optimal nontime- inprits

The run-to-run controller's cost function modeling structur@vhile holding constant the deposition time), and the solution of

should be identical to that shown in Section 11| (6) a-n Optlmal depOSitiqn tlmd (Wh|le h0|d|ng constant the non-
time inputs). Essentially this strategy guarantees that each step

Cost = Z [Wei (Toi — (ri(z) - )] decreases the cost function toward a minimum, which could be
f local or global. A minimum will be found unless process set-
+ W (T — p(eN?. (7) ting bounds are hitfirst. A full development of solvers for these
zj:[ i (L = 2 ()] ( types of time-based models is found in [5].

It is important to carry this cost function into the run-to-rurB. Model Updates
controller to insure a proper “hand-off” from the DOE-based
process optimization. However, the site models for ti}%
run-to-run controller,r;(z) and p;(x), are restricted to be
linear, as in

As described earlier, the run-to-run controller's dynamic site
odels consist of affine functions of deposition rates and resis-
tivities in terms of the equipment settings. The models contain
a slope matrixA, and a vector of offset terms, as in (1). The
() — A ‘ ) — AL , slope matrix is determined from the DOE and is not modified
(%) = Asx +b; andp;(z) = Ajz +b;. ® by E[)he EWMA controller.
This restriction implies that the run-to-run site models are lin- The controller tracks output disturbances and drifts by up-
earized versions of the DOE optimization models. Ideally thdating the offset terms. After a set of measurements is presented
linear models capture (nearly) all of the important behavior frota the controller, it corrects for model errors by changing the
the DOE models. If they fit well, linear models may be generatedfset for each output model. The EWMA weight) (deter-
directly from the DOE data. If this is not the case, the nonlineatine the amount of model update after each miy hased on
models can be linearized at an optimal operating point, and fifie equations
allowable input space is truncated such that the linear models R N
are a “good enough” fit for that region, as defined by the d&:[n] = Ai - bi[n] + (1 — A;) - bi[n — 1], bi[n] = i[n] — A;z[n]

sired stability criteria. (This is the case where a follow-up DOE _ _ iy
is recommended.) wherey; [n] is the measured output after processing a wafer with

For each run, the controller must be able to select inputs€duipment settings{n]. These update formulas are used for
and d that optimize the cost function, given the current sitBOth the deposition rateg;) and the resistivitiesy;).
models. Software routines have existed in the MIT controller OPtimal EWMA weights for a given process are selected as
for quite some time that can efficiently minimize a weighte@ function of the statistical noise in the output measurements
sum-of-squared-error cost function based on linear site mod&gd the amount of actual deterministic drift or disturbances the
However, the inclusion of time-based models implies that theg¥Stem exhibits; a thorough treatment is found in [1]. Estimates
routines cannot be directly applied to the optimization problerfif Output noise and drift should be determined by the DOE runs
The optimization is currently solved by holding one set @nd _hlstorlcal data from the equment. Howe_ver, for demon-
inputs (eithee or d) constant, then solving for the other. Wherstration of the cor_1tr0||er’s reaction to a staged disturbance event,
the deposition timed, is held constant, the “normal” run-to-runthe controller typlcally uses a “large” EWMA constant for ea_ch
control solver may be used to find the process settiagghe output (e.g., as in the SISO run-to-run control demonstration,
weighting and target terms are first adjusted to account for th&ereA was set to 0.7).
time factor ¢). Specifically, .
C. Combining Lot-to-Lot and Run-to-Run Feedback Data
Wy =d- Wy, andTy; = & 9) An important issue for run-to-run control is the combined use
d of in-line (run-to-run) and off-line (lot-to-lot) sensors. Measure-
Once the vectot is chosen, the optimal deposition time maynents from the DOE give a full set of data for each run, but many
be found by minimizing the cost function with respectitdn of these will not be available on a run-to-run basis in an actual
this second stage of the optimization, the inputy énd thus production setting. Model update strategies and feedback loops
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must work together to ensure that sensor data are used effame types of analyses can be used to merge correlated mea-
tively. surements into a set of virtual output signals. Ideally the virtual
Consider the epi thickness measurements, which are availtputs exhibit better noise characteristics than the pure mea-
able from two different sensors. An in-line thickness sensesurements and capture only the features that can actually be ma-
provides a few measurements along a single diameter, yieldimigulated or controlled.
an even smaller number of radially averaged site measurements:or the epi thickness modeling and control problem there are
An off-line thickness sensor provides a densely sampled wafero different sets of outputs, one is a densely sampled radial
map, yielding many radial site thickness averages. In othdaickness profile, while the other is a lightly sampled version of
words, one sensor samples more densely in time, while ttihe same profile. Essentially the in-line sensor provides a subset
other sensor samples more densely in space. The question thfethe spatial information from the off-line sensor. If one is to
arises, how should the modeling and control strategies matansider a situation where both of these sensors provide data
use of combined feedback from these two sensors? after every run, then we would clearly keep the densely sam-
More generally, this problem presents itself when multipleled profile and simply average in or ignore the lightly sampled
sensors provide correlated measurements at different samplingfile. Thus, the selection of virtual outputs is quite simple; we
rates. If the sensors return correlated data at the same time inteh-keep the densely sampled radial profile.
vals, then appropriate strategies can be applied to extract imporGiven a mapping from sensor measurements to virtual out-
tant features before the modeling steps are performed. If the sputs, the next step is to define appropriate strategies for mapping
sors return uncorrelated data, then the modeling steps are jredividual sensor measurements to the full set of virtual outputs.
formed independently and do not rely on the availability of botRresumably this would be difficult to do for some or all of the
measurements at the same time. sensors. Remember that the measurements must be correlated in
Note that the resistivity measurements fall into the latter cagome manner for them to be grouped together, so knowing the
egory; resistivity is not correlated with film thickness. An epbutputs from one sensor does provide information about what
film of a given resistivity can exist for essentially any thicknesshe other sensor(s) would measure. Based on the methods for
and vice versa. Therefore, given information about one chargenerating virtual outputs, one should be able to create a highly
teristic, we can make no (or very few) assumptions about theobable set of combined outputs, given the measurements from
other. Thus, the resistivity site models are updated only wharsingle sensor. However, the correlation could be weak, so gen-
resistivity data come back, which is on a lot-to-lot basis. erating a set of virtual outputs based on only one sensor will
The two different thickness measurement systems, howeu#ely introduce noise and errors. This cannot be avoided.
provide the more difficult case. Measurements of the same sitedVe will see that there is a way to improve upon this basic
on the same wafers are almost perfectly correlated. Howevarategy, but for now consider formulating the epi thickness con-
the in-line sensor provides thickness readings for wafers thedl problem using these concepts. First, it is easy to see what
the off-line sensor does not see, and the off-line sensor providd®uld happen when a full radial scan is produced by the off-line
thickness readings for sites that the in-line sensor does not ssmsor. The virtual outputs are simply equal to the sampled ra-
How does one effectively use the combined information pralial profile, since that's what they were defined to be. The in-
vided by these two systems? There are many possible waysdi@sting problem is how to generate a full radial scan from the
deal with this problem, but one of the most promising techniquemall number of sites sampled by the in-line sensor. A logical
involves creating a single set of models that can be updateddnd relatively simple suggestion is to simply “connect the dots”
either sensor’s output. and generate a piecewise linear output extrapolation of the avail-
Joint Sensor Monitoring:The concept of “joint sensor able sites, as demonstrated in Fig. 3. More advanced extrapola-
monitoring” is introduced, where a single set of output modet®ns, such as those using splines, might also be considered [19].
is maintained for all sensors with correlated measurementsAfter generating a new set of virtual outputs from the avail-
Broadly speaking, the goal is to create models and mod#le sensor data, the corresponding output models are updated.
update strategies that do not require all of the measuremente question is, does the methodology described above really
to be available at once, yet capture the important informatianilize all of the available information for generating virtual
from each sensor. outputs? There is in fact another source of information about
Implementing such a strategy is aided by first considering dme relative thicknesses of the measured and unmeasured ra-
ideal scenario, where all sensor data are available at the satia sites. Weighted histories for all of the thickness outputs
time, and at the highest measurement frequency provided drg contained in the current thickness models. While the above
any of the sensors. As mentioned earlier, this type of systatarivation for extrapolating thicknesses is reasonable, given that
presents a case where there is no longer an issue of combimothing else is known, it does not take into account information
lot-to-lot and run-to-run data. The simplified problem requiresontained in the current models.
the engineer to decide what output models to build, and how toThis insight leads to a more effective update strategy: given a
generate those outputs from the combined set of measuremeses of input parameters, a set of output models, and a mapping
This is the type of analysis performed in Section II-A, when from sensor measurements to virtual outputs, we must define ap-
was decided to build models of radial sites. These virtual ougropriate methods for mapping individual sensor measurements
puts are not directly provided by the sensor, but are formed tiya full set of virtual outputs. Built into the current models are
compressing the full set of measurements into a smaller setpafst measurements from all of the sensors, plus the expected re-
outputs that are less noisy and more controllable. Generally, thBons between the various inputs and outputs of the system.
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Fig. 3. Example of virtual radial profiles generated from in-line measurements (and process models).

Clearly, an output estimator should take these models into ac-
count when extrapolating virtual outputs from a subset of mea-
surements.

Algorithms for generating virtual outputs are highly depen-
dent on the structure of the problem. Additionally, there are -
likely to be many reasonable and mathematically sound methods
available for any given case. Consider the example in Fig. 3,
which shows the measured outputs, modeled outputs, and two
types of virtual outputs. Notice that the original piecewise linear
extrapolation assumes straight line profiles between the mea-«
sured sites, ignoring information provided by the model. Over
time, this type of strategy gradually eliminates any information
that the models provide about unmeasured sites. Between up-
dates from off-line measurements, this system becomes one that
simply attempts to maintain the subset of outputs that are mea-
sured by the in-line sensor. This will be true regardless of the
output extrapolation technique.

A better strategy for extrapolating the full set of outputs is to
assume that the modeled outputs provide deterministic compo-
nents, while the measured sites provide information about the
deviation, or error. Instead of directly using the piecewise linear
extrapolation of the measured sites, a piecewise linear extrapo-
lation of the deviation (error) can be added to the modeled out-
puts. Fig. 3 also shows what the new set of virtual outputs looks
like for the given example. Instead of virtual outputs with the
form

actual output surfaces. Thus fewer samples can be used
to achieve a given level of confidence, and simpler
extrapolation techniques (like piecewise linear methods)
can be used.

The exact in-line measurements are still part of the ex-
trapolated virtual outputs. This is important because the
thickness sensors (both in-line and off-line) are very ac-
curate. The predicted (modeled) outputs should not influ-
ence these sites.

This strategy uses (presumably) more accurate assump-
tions about the relative spatial behavior between the mea-
sured sites. It relies primarily on the model, and thus the
information garnered from the DOE and previous off-line
sensor measurements, to help fill in the gaps where there
are no measurements.

Finally, it is easy to see from the last figure that the error
extrapolation method responds appropriately when there
is a simple mean shift across the entire profile. If all of the
in-line measurements differ from the model predictions by
a fixed amount, then this strategy simply shifts the profile
so that the measured sites line up properly, but the shape
is left unchanged. (As we will see later from the results of
the DOE, this type of shift or drift is the largest type of
disturbance found in the system.)

V. EXPERIMENTAL RESULTS

As described in Section Il, a large set of designed experi-

v = (Tm 12 ) . .

o =1 (@m) (12) ments is performed to gather information about the system and

we have build process models. This section provides a description and
Ly =%y + [ (B — Tm) (13) analysis of the designed experiments. Section V-A details the

experimental design and execution, while Sections V-B-V-D
wherez,, are the virtual outputsg,,, are the measured outputsanalyze the resulting data in terms of process stability and
andZ, are the modeled (expected) outputs. This error extrapfoise, process model construction, and process optimization.
lation strategy has a number of useful features: Section V-E presents simulated run-to-run control scenarios
» The error surfaces (curves) often exhibit smaller (insing the resulting noise characteristics, time-based models for
magnitude) and/or lower frequency variations than thkickness, and linear models for resistivity.
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Fig. 4. DOE thickness measurement map. Fig. 5. DOE resistivity measurement map.

3.2 T T T T T T T T

A. Experimental Design and Execution

The DOE is composed of 128 two-level fractional factorie
design points, 18 axial points, eight center points, and four ad
tional replicates of arandomly chosen fractional factorial desi
point, for a total of 158 runs. There are nine tunable paramete -
excluding deposition time, which is held constant across all
the experiments. Table | specifies the actual input levels that
used in the design. Input levels for the axial runs are set at
+a levels.

After depositing epi on the wafers, each are measured
off-line thickness and resistivity sensors. 164 thickness me
surements are taken using four diameter scans with 41 si
each, as shown in Fig. 4. All measurements at each radius (f
measurements for the center point and eight measurements Radius (mm)
all other radii) are averaged to provide 21 radial site thickness T T wm e B T o o
These Measurements are highly repeatable and accurate.

Due to repeatability and throughput issues for the availalsig. 6. DOE thickness measurements: replicates.
mercury probe, four repetitions of a single diameter scan (with
21 sites) are taken for resistivity measurements, as shownaigo run at the start of each lot. Monitor wafers are run before the
Fig. 5. All four scans are reviewed and the “best’ one is setart of each lot to provide information about process stability
lected for each wafer. (Process engineers at Applied Materiglgd drift during the course of the lots. Each monitor wafer is
are the primary source for determining which results are “bestpjocessed with the same settings that are used for the last wafer
This scan is similarly averaged, where there is a single cenjglits |ot.
point and two measurements for all other radii, resulting in 11 xamination of the measurements reveals that deposited
radial site resistivities. Only 10 sites are retained for analysigickness appears to be quite stable over time and after
since the outermost resistivity measurements demonstrate | HStessing at a variety of equipment settings. Also, the data
variations that are not well modeled. Due to sensor availabilifiy gnstrate considerable variation in thickness profiles across
limitations, data for.only 113 of the 158 experiments are us e different DOE process settings, indicating that effective
for model construction. process optimization and control are possible. The resistivity

- ) data show much noisier results, and the lack of a full data set
B. Process Stability and Noise limits the ability to compensate for any process shifts or drifts.

Process stability and noise are addressed by analyzing exfdre next two subsections consider process noise and stability
imental replicates and monitor wafers. Pairs of center points doe thickness and resistivity.
run at the beginning of each of the four DOE lots, yielding a total Thickness: Process noise is analyzed using the experimental
of eight center point replicates. There are also five replicatesreplicates. Fig. 6 shows the radial thickness profiles for these
a randomly selected fractional factorial design point, which areplicates. The noise can be broken down into a mean offset
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TABLE 1l

THICKNESS NOISE ESTIMATES FROM THE DOE AND PROCESSMODELS

Estimate based on:

Type of Noise

Std Dev of Noise (microns)

Center Replicates

Mean shift noise (5,,)

0.0136 (0.46%)

Center Replicates

Site noise (G;,)

0.0041 (0.14%)

Fractional Factorial Repl.

Mean shift noise (5,,)

0.0104 (0.35%)

Fractional Factorial Repl.

Site noise (G;,,)

0.0035 (0.12%)

1st Order process models Mean shift noise (6H) 0.0267 (0.90%)
1st Order process models Site noise (6“, ‘o) 0.0096 (0.32%)
2nd Order process models Mean shift noise (&u) 0.0159 (0.53%)

2nd Order process models

Site noise (G;,,)

0.0049 (0.16%)

N
IS
T

I
N
T

Resistivity (ohm-cm)

303
k Center point replicates i
1S 1
Fractional factorial design point replicates
12 . . . Radius (mm) . .
“o 10 20 30 40 50 70 80 %

Fig. 8. Resistivity: Center point and factorial design point replicates.

TABLE Il

RESISTIVITY: NOISE ESTIMATES FROM THE DOE AND PROCESSMODELS

Estimate based on:

Type of Noise

Std Dev of Noise (ohm-cm)

Center Replicates

Mean shift noise (6!—l)

0.0805 (2.87%)

Center Replicates

Site noise (G, )

0.0376 (1.34%)

Fractional Factorial Repl.

Mean shift noise (611)

0.0389 (2.57%)

Fractional Factorial Repl.

Site noise (S;,,)

0.0322 (2.13%)

1st Order process models

Mean shift noise (5,,)

0.6117 (18.0%)

1st Order process models

Site noise (8, )

0.1635 (4.8%)

2nd Order process models

Mean shift noise (G, )

0.3117 (9.16%)

2nd Order process models

Site noise (8;,, )

0.1481 (4.35%)
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Fig. 7. DOE thickness measurements. Lots 3 and 4: monitor and final runs.

portunity for process modeling, optimization, and control.

whose monitor and final wafer are both valid.

of output noise are given in Table IlI.

(measurement noise). The difficulty in getting the sensor to pro-
across all radial sites, combined with individual site nois&ide repeatable measurements indicates that a substantial part of
Table 1l shows the estimates for these values; clearly the méha noise is probably introduced by the mercury probe.
offset noise is the most significant factor.
Monitor wafer data tend to demonstrate a small, but repe&t- Process Model Construction
able trend toward increasing deposition rate over the course ofvodels for each of the 21 radial deposition rate sites and
processing a lot. Fig. 7 shows the monitor and final run raditde 10 radial resistivity sites are generated via a statistically
profiles for the third and fourth lots of the DOE. Profiles varyriven polynomial response surface modeling methodology.
from center thick to center thin, indicating that there is great opRemember that the 21 radial thickness sites use the time-based
model, where deposition rate multiplied by deposition time
Resistivity: The lack of a complete data set for resistivityjields final thickness.) First- and second-order models are
limits the ability to estimate noise characteristics for the systegbnsidered for the DOE’s deposition rate and resistivity data.
Only six of the eight center point replicates and four of the five Deposition Rate:Each of the 21 deposition rate (site)
factorial replicates are available. Also, there is only a single laiodels is a direct function of all nine (nontime) inputs. Based
on the ANOVA information from the resulting linear deposition
Fig. 8 shows the data for the center point and fractional factate models, the inputs that most strongly affect the outputs
rial design point replicates. Considering the scale for these plaase Center gas flow valve, Outer gas flow valve, deposition
itis clear that there is much more variation in these outputs, badmperature, H Flow, and TCS Flow. Figs. 9 and 10 show
in terms of mean shift noise and individual site noise. Estimategample plots of the modeled deposition rates as functions of
radius and the gas flow valves. For each simulation, the selected
The sample standard deviation of the noise appears to be caput is varied throughout its DOE range, while the remaining
siderably higher for resistivity than that found in the thicknessight process settings are held at their DOE center point values.
measurements. It is unclear how much of the noise is due to théNotice that the rate as a function of radius is highly nonlinear
system (actual process noise) and how much is due to the serfieothe plots. However, we must remember that the site models
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Fig. 9. Dep Rate: Uniformity as a function of center gas flow valve. Fig. 11. Resistivity: Uniformity as a function of dopant ratio.
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Fig. 10. Dep Rate: Uniformity as a function of outer gas flow valve. Fig. 12. Resistivity: Uniformity as a function of main dopant Flow.

absorb this nonlinearity. The outputs do not directly model tHevel of model complexity. That is, higher order models could
rate as a function of radius; each radial site is a separate modetter fit the data, but they would probably be fitting to the noise
Thus, in these two figures, the models only contain terms froim the system, and therefore providing worse process models.
the process settings and not the radius. The first-order models show somewhat less than twice as much
The quality of these deposition rate models can be consitbise as the replicate-based estimates. This indicates that some
ered using a number of different criteria. First, an (ANOVAmodel-based noise will be generated while using them for
based) R-squared analysis provides estimates for the percentagdrol, but we expect the system to perform adequately.
of output variation that is accounted for by the models. The Resistivity: Each of the 10 resistivity (site) models is a di-
affine models capture about 97.2% of the variation, and thect function of all nine (nontime) inputs. Based on the ANOVA
second-order models capture about 99.1%. These results &dormation from the resulting linear resistivity models, the in-
show that the second-order models represent the DOE datamxs that most strongly affect the outputs are Dopant Ratio, H
tremely accurately. However, it is more important to note théiow, TCS flow, and deposit temperature. Dopant main flow,
the affine models also provide excellent modeling capabilityhile not providing large coefficients for the resistivity models,
suggesting that the proposed time-based controller with affireeforced to be included because it is a well known control knob
rate models will work well. for fine-tuning resistivity. It should also be noted that Dopant
These models also provide a means for estimating tRatio has by far the strongest effect on the outputs, and that all
amount of noise in the system. Model error for each DO@&hers have substantially weaker effects than those seen in the
run can be broken down into mean shift noise and site noideposition rate models. Figs. 11 and 12 show the modeled re-
(see Table 1), as was done with the noise estimates from tistivity as a function of radius for two of the aforementioned
DOE replicates. The second-order models demonstrate ndigeuts. (For viewing purposes, the directions for increasing ra-
characteristics that are very close to those found in the replicdias and input factor settings are reversed from those used in the
data. For this reason, the second-order models provide an idbatkness uniformity plots.) For each simulation, the selected
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input is varied throughout its DOE range, while the remaining
eight process settings are held at their DOE center point valug

As with the thickness models, the resistivity modeling quality
can be considered using the (ANOVA-based) R-squared ani_ .,
ysis. With the available DOE data, the first-order (affine) model &
capture an average of 91.9% of the variation, while the secon {
order polynomials capture approximately 97.6%. These resu\'g' L1
show that neither first-order, nor second-order models repr: 1|
sent the resistivity data as well as the thickness data. There =
any number of possible reasons, such as high measuremen
process noise, or the response surface might simply require S
high-order model. However, with only 113 (or even 158) dati
points it is impossible to build a generic third-order model foi sl iy ' h
this system. While the second-order models do provide bett o " Run Mumberind
data fitting capability, it is hoped that the first-order models will ;
be good enough for closed loop control. . . ] .

Once again, model error from the DOE runs is broken dovvFﬁg' 13 Noiseless system: Uncontrolled thickness.
into mean shift noise and site noise for comparison against
the replicate-based noise estimates. These results are showtrifihis added to the simulated system, while the controller at-
Table Ill. As one might suspect from the R-squared analysiempts to maintain target output values. This scenario is consid-
both the first- and second-order models provide relativered first with a system that presents no noise to the controller
noisy estimates of the DOE data. The noise is larger thand allows the controller to apply input changes with very fine
that predicted by the replicates. This information gives us tiigearly continuous) precision. Next, the controller acts on the
opportunity to run simulations with models of different fidelitysame noiseless system, but is only allowed to use discretized in-

and systems with different noise characteristics. puts, where the discretization levels are selected to match those
available on the actual processing equipment. The controller is
D. Process Optimization then tested with a noisy system, where the process noise is sim-

ilar to that found through the DOE replicate data. This system is

The resyltmg §|te models for.deposmon rates and reS'St'V't'g ain controlled using both continuous and discretized inputs.
are combined with a cost function to model the cost in terms 0 . . .
The Noiseless Continuous Systefthe time-based con-

the ten pracess settings. As presented in Section Il in (6), t{}gller is first tested with a drifting system that has no process

cost function is or sensor noise. In addition, the controller is allowed to select
inputs from a (nearly) continuous set of input levels. The

Cost = Y [Wii (Thi — (ri(=) - d))]? noiseless, continuous system provides a best case scenario,
@ or benchmark, for how well the system could perform if the
+ Z [W,; (T,; — pi(x))]*. (14) process models and sensors provide perfect information.
J For convenience, the target thicknesses and resistivities are

i , , ) uniformly set to 3.00 microns and 3.38-.cm, respectively.
This function uses time-based models for thickness and may-f&.se values are selected to be near the average outputs

combined with any type of underlying deposition rate and resisze gicted by the process models when the center point inputs
tivity models, such as the first- and second-order polynomials, applied to the system.

described above. Constrained optimizations of the cost functionFigl 13 shows a drifting process where the uncontrolled thick-
provide optimal operating points for initiating run-to-run con- .

trol ! ts. The bounds f hinout t10 the f ness becomes gradually thicker with time (run number). Note
rol experiments. The bounds for each input are setto the faclgs , o sites near the center drift more quickly than those near

rial de_sign Ii_mits (£1) shown in Table |, which are presumed Qhe edge. Thus the films are gradually becoming thicker and
co\r)\';al? tgir:n??r: srf;_acte w:ere thj rlnoldegs tare mqst acculrat'Fel.eSS uniform. The full multi-objective controller is demonstrated
€ find that the nirst-order models fead 1o a unique solut simultaneously engaging a drifting resistivity model in the

within the bounded region, while the second-order models 1.\ Fig. 14 shows a drifting process where the mean resis-

;ult n three.dlfferent chal minima. Second-order models af ity across the whole wafer increases linearly with time, while
likely to provide better simulated results because they are abl 13 uniformity remains constant. It is important to note that the
find lower cost solutions. However, second-order models ma, fting effects shown in Figs. 13 and 14 are taking place si-

the optlmlzat|on problem_much more difficult due_ to Increase ultaneously, and thus the controller is compensating for both
gomplexny anfj pomputgtlonal demanQS, plusthg increased likgr simultaneously as well. Figs. 15 and 16 show the mea-
lihood of obtaining multiple locally optimal solutions. sured thickness and resistivity uniformities achieved by using

) ) the run-to-run controller, when applied to this drifting process.
E. Run-to-Run Control Simulations The controller uses EWMA weights of 0.7 for all outputs.

To demonstrate control, thickness and resistivity models areAs shown by Fig. 15, the controller is able to correct for the
initialized to uniform radial profiles at target values. Procesacreasingly nonuniform thickness and maintain outputs very
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Fig. 14. Noiseless system: Uncontrolled resistivity.
Fig. 16. Noiseless continuous system: Controlled resistivity.
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Run Number (n)

close to target. While it is essentially impossible to see frofii9- 17. Noiseless continuous system: controlled input trajectories.

these plots, the system accurately simulates the combined use

of lot-to-lot and run-to-run thickness measurements. Once evéoy PCC) controller can be implemented and applied to the
10 runs (one “lot”), the controller is presented with the full sgtroblem [1].

of thickness measurement sites. For the other nine runs in eachkig. 17 shows the input trajectories for the time and nontime
lot, the error extrapolation joint sensor measurement technignputs. The simulation requires changes in the nontime inputs
described in Section IV-C is used to fill in sites that are not sartiat are comparable to their bounded ranges<1). Also, the
pled. This technique works well for the noiseless simulations iat-to-lot updates result in noticeable discontinuities (bumps)
part because the uncontrolled thickness maintains a linear pirothe input trajectories, much like those seen in the controlled
file as the drift progresses. resistivity plot.

Note the “bumpiness” of the controlled resistivity in Fig. 16 The Noiseless Discrete Systerfhe drifting processes
versus the smooth surface of the controlled thickness. This psinbwn in Figs. 13 and 14 are employed once again, but this
of the simulation demonstrates some effects of using lot-to-litne the controller is required to select discretized process set-
EWMA control for a rapidly drifting process. As describedings. Table IV specifies the discretization levels available for
above, measured thicknesses are presented to the controtlerprocessing equipment. Figs. 18 and 19 show the resulting
after every wafer, simulating true run-to-run control. Measurambntrolled thickness and resistivity profiles. The system’s
resistivities are only presented to the controller once every teontrollability is hardly affected by the added limitations on the
runs, simulating lot-to-lot control. The controller cannot reaatontroller. We will see in the following sections that process
to drifts between measured wafers, thus the process continnese provides considerably more variation than discretization
to drift during the processing of a lot. This type of driftingeffects.
resistivity is not expected to occur in the actual equipment, soThe Noisy Continuous Systerihile the scenarios de-
the results are primarily for demonstration purposes. If suskribed above provided some basic benchmarks for the epi
persistent and rapid drifts are found to occur, a double EWMéontrol system, a more realistic simulation is demonstrated
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TABLE IV
DOE INPUT DISCRETIZATION LEVELS
Factor Discretization level Lok’
Deposit time 0.1 sec =, a4
Deposit temperature 1.0°C E p-+1 B
Dopant mixing ratio 0.1% E e
Dopant main flow 0.1 sccm R
% Lower power 1.0% _E 114
% Inner power 1.0% E. 508
Dilutant (Hy) flow 0.1slm s
Trichlorosilane (TCS) flow 0.1 slm ) “
Center gas flow valve 1 "unit” .
(Accusett inner setpoint)
Outer gas flow valve 1 “unit”
(Accusett outer setpoint) Eadius L}
Fig. 20. Noisy system: Uncontrolled thickness.
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Fig. 19. Noiseless discrete system: Controlled resistivity.

Fig. 22. Noisy continuous system: Controlled thickness.

by including random process noise. Figs. 20 and 21 show
the uncontrolled thickness and resistivity profiles for a noisgition of process noise. Variation seen in the controlled pro-
drifting process. The deterministic drifting components arfdes appears to be similar to, but slightly larger than, the un-
identical to those found in Figs. 13 and 14. The random noiderlying process noise. For thickness control, additional noise
components are generated using the replicate-based mean shiftes from the drift components and the error extrapolation
noise and site noise statistics found in Tables Il and I11. strategy. Additional noise in the controlled resistivity primarily

As shown by Figs. 22 and 23, the controller is able to maiwomes from process drift combined with lot-to-lot model up-
tain fairly good thickness and resistivity control despite the adates. Notice that the obvious “bumps” in controlled resistivity
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Fig. 24. Noisy continuous system: controlled input trajectories.

Thizkness {microns)

-
Eagms e T e

Bum Mumber (i

Fig. 25. Noisy discrete system: Controlled thickness.

seen with control of a noiseless system are almost completel

hidden by the addition of process noise.
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Fig. 26. Noisy discrete system: Controlled resistivity.

Fig. 24 shows the input trajectories for the time and nontime
inputs. Notice that the trajectories for the noisy system swing
much more wildly than those of the noiseless system. If this
appears to degrade the performance of a real system, it can be
addressed by lowering the EWMA weights and/or penalizing
input changes. The use of additional input weighting terms ap-
pears to give the best results, as shown in [5].

The Noisy Discrete Systenkor completeness, the noisy
drifting system of Figs. 20 and 21 is controlled using discretized
inputs, as was done with the noiseless system. Figs. 25 and 26
show the controlled thickness and resistivities, respectively.
The results do not change significantly by constraining the
controller in this manner.

VI. CONCLUSION

This paper has laid out a complete background and develop-
ment strategy for combined lot-to-lot and run-to-run uniformity
control of an epi deposition process. Process modeling has been
addressed through the construction and execution ofa DOE. The
deposition rate and resistivity models provide promising results,
indicating that our MRS, affine, time-based, EWMA controller
should provide effective uniformity control for the epi depo-
sition process. Run-to-run control experiments in an industrial
setting are needed for final verification of the new controller.
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