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Adaptive control techniques, with their capability for providing satisfactory con- 
trol even when the process changes with time, are promising candidates for dealing 
with common problems encountered in photolithography processing such as batch- 
to-batch variations in resist properties and inconsistencies in resist curing. In this 
article, an adaptive control strategy for  the photolithography process is proposed 
and evaluated. The design utilizes a reduced-order lithography model, an on-line 
parameter estimator, and a nonlinear model-inversion controller. 

The width of the printed resist lines, a crucial output of photolithography, is 
controlled by automatically adjusting the exposure energy. In the calculation of the 
appropriate exposure adjustment, the controller uses both measured critical-dimen- 
sions as well as estimated values produced by the process model. The control system 
is capable of tracking changes in the photolithography process by automatic updating 
of key model parameters as the process evolves in time. Simulation studies of the 
closed-loop adaptive control strategy, using the PROLITH simulation package to 
represent the lithography process, demonstrate the feasibility of this approach. 

Introduction 
The microelectronics industry continually moves toward the 

generation of smaller device and feature sizes, while simul- 
taneously manufacturing integrated circuits on wafers of larger 
diameters. These trends require more effective process control 
strategies to prevent severe reductions in product yield and 
increases in operating costs (Fair, 1990; Jensen, 1986). Driven 
by progressively more demanding specifications, the crucial 
process of photolithography is required to deliver photoen- 
graved lines and spaces of ever-decreasing widths. Even in the 
currently mature 1-pm technology, linewidth specifications are 
not always met with the desired consistency. The impact of 
photolithography performance on the successful manufacture 
of forthcoming submicron technology will be crucial. Im- 
proved control of photolithography is perhaps the most critical 
factor in realizing better manufacturing yields in the fabri- 
cation of integrated circuits with components of submicron 
dimensions. 

The prototypical lithography process, shown in Figure 1, 
consists of six basic operations: substrate priming, photoresist 
spin-coating, pre-exposure bake, photoexposure, post-expo- 
sure bake, and film development. The problem of controlling 
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photolithography is challenging, because the process involves 
a very large number of relevant variables that interact in com- 
plex ways. Particularly detrimental to process control activities 
is the fact that it is difficult to measure on-line many important 
variables (for example, the concentration distribution of pho- 
toactive component) or to quantify their effect on the process 
outputs (such as linewidth). A particularly relevant property 
of photolithography is that key process materials, as well as 
equipment and processing environments, experience time-vary- 
ing fluctuations. Examples are the moisture content of pho- 
toresist films and the thickness of resist dry-skin produced 
during baking, neither of which can be easily measured by 
nondestructive methods on production wafers. Other typically 
unmeasured or unmeasurable time-varying disturbances in- 
clude batch-to-batch inconsistencies in photoresist properties 
(viscosity, density, degree of polymerization, degradation of 
photoactive component, and so on), as well as inconsistencies 
in processing conditions (such as drifts in baking or devel- 
opment temperatures, changes in developer concentration, and 
pressure fluctuations in processing chambers). 

The overall objective of a photolithography control program 
is to ensure that the outputs of the development step-the 
printed linewidth (often referred to as the critical dimension 
of the process), sidewall angle, registration, and step cover- 
age-conform to established specifications. This objective is 
realized by adjusting one or several manipulated inputs and, 
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Figure 1. Photolithography process in block diagram form. 

if possible, eliminating undesirable process disturbances that 
can be detected. Although all the process outputs are impor- 
tant, the critical dimension (CD) measure has traditionally been 
the most crucial. The CD is defined as the width of a photoresist 
line (or space) printed on a test pattern, specifically designed 
for characterizing the performance of the lithographic process. 

Due primarily to the complicated nature of photolithography 
processing, no comprehensive control strategy exists yet. An 
important contribution to the current control technology, how- 
ever, has been made by the use of statistical process control 
(SPC) methodology. This technique is also referred to as sta- 
tistical quality control (SQC) and comprises two classes of 
activities: the routine use of process control charts and the 
regular implementation of statistically-based process charac- 
terization experiments. Control charts facilitate monitoring the 
time evolution of relevant variables, thus allowing the early 
detection of unfavorable process trends (Shewhart, 1986; Lor- 
enzen and Vance, 1986; Chiu and Wetherill, 1974; Duncan, 
1956,197 1). Characterization experiments, such as Hadamard- 
replicated experiments and surface-response analysis (Dia- 
mond, 1981), are used to quantify the effect of specific vari- 
ables on the process outputs. The experiments can also suggest 

appropriate operating values (set points) for the manipulated 
variables. 

When the SPC strategy is used, it is common practice to 
operate the lithographic process in an open-loop mode for 
relatively long periods of time, often four to six weeks. Control 
charting operations are routinely performed during this period. 
When the charts indicate the occurrence of a fault by the 
appearance of an abnormal output trend, the process is shut 
down, and the engineering staff intervenes to search for the 
cause of the fault. Processing resumes only when the fault 
causes are identified and eliminated. 

Despite its widespread use in the microelectronics industry, 
SPC is not a panacea for every manufacturing control problem; 
the technique has several limitations. One shortcoming is that 
SPC does not provide sufficient assistance in identifying the 
causes of the manufacturing problem when the offending proc- 
ess variables are not routinely measured and therefore not 
charted. Also, a notable limitation of SPC is that, although 
the technology is capable of detecting abnormal process op- 
eration, it does not explicitly prescribe what corrective actions 
should be taken when assignable causes for the fault cannot 
#be found. These shortcomings of SPC encumber the automatic 
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implementation of process adjustments and call for recurring 
intervention by engineering staff. Many of the limitations men- 
tioned stem from the fact that fundamental understanding of 
photolithography is still incomplete; therefore, an open-loop 
control strategy such as SPC cannot effectively address all the 
process control problems of concern. 

In the chemical industry, the classical method of controlling 
processes that are only partially understood is closed-loop con- 
trol, where input and output variables are linked through in- 
formation feedback. By analogy, it is reasonable to consider 
the possibility of designing and implementing a closed-loop 
control strategy that is particularly suited to the special char- 
acteristics of microelectronics processing and that would com- 
plement SPC by addressing its shortcomings. Adaptive control 
is a promising candidate. A primary reason for using adaptive 
control is that, being an automatic control method, it directly 
calculates the manipulation required to sustain adequate per- 
formance. This characteristic can reduce (or eliminate alto- 
gether) the need for engineering intervention. A second reason 
for using this technique is that the mechanism of adaptation 
can effectively counter the effect of the time-varying disturb- 
ances present in photolithography. Adaptive control, there- 
fore, holds promise for promoting cost reduction by decreasing 
the amount of reworked or rejected material and diminishing 
the extent of required engineering involvement in day-to-day 
control operations. In addition, adaptive control would be a 
welcome element in process automation and CAM (computer- 
aided manufacturing) efforts in photolithography, because the 
technique is designed to be implemented in real time, inte- 
grating process models with automatic decision-making and 
on-line metrology. 

Although it has already been argued that feedback control 
is an important strategy for successful photolithography man- 
ufacturing (Levy, 1984), the subject has not received very much 
attention in industry or academia. Notable exceptions are the 
work of Lauchlan et al. (1985) and of Ramirez and Carroll 
(1990) who have designed feedback systems for controlling the 
development operation. In addition, a simple integral-only 
controller for exposure dose adjustment is described by Hoer- 
ger (1988) and Hoerger et al. (1989). Crisalle (1990) discusses 
in detail the dynamic behavior of the photolithographic process 
and proposes a supervisory control framework which includes 
adaptive strategies. Although the application of adaptive con- 
trol techniques to photolithography processing is not wide- 
spread, the idea of adaptation is nevertheless already recognized 
as a desirable feature in microelectronics manufacturing con- 
trol. For example, a simple type of adaptive capability is dis- 
played by projection steppers that measure the local 
temperature and barometric pressure to make focus corrections 
(Nagaswami, 1989). 

This article describes the development and evaluation of a 
complete design for an adaptive control technique for pho- 
tolithography processing. The control structure consists of a 
nonlinear controller and a reduced-order model containing 
only three parameters that can be updated on-line to track 
process changes. By automatic manipulation of the exposure 
energy, the critical dimensions are driven toward the specific 
target values whenever disturbances upset the photolithogra- 
phy process. Closed-loop simulations of the performance of 
the adaptive controller are used to evaluate the effectiveness 
of the control technique. 
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Methodology of Adaptive Control 
The term adaptive control denotes a class of control strat- 

egies that update the parameters of a process model in real 
time. When the update or adaptation mechanism maintains a 
reasonably accurate process model at all times, the controller 
is capable of tracking process changes, thus allowing continued 
effective control even when the process undergoes structural 
changes or is affected by external perturbations. Adaptive con- 
trol is particularly useful when incomplete fundamental process 
knowledge is available and when the process variables expe- 
rience transient fluctuations. The utility of adaptive control 
has been demonstrated by numerous successful applications 
in the chemical, petroleum, and pulp and paper industries, 
where significantly improved control has been documented 
despite the complicated and time-varying nature of the un- 
derlying processes (Seborg et al., 1986). 

An adaptive control strategy consists of three basic elements: 
(i) a process model, (ii) a parameter estimator, and (iii) a 
feedback controller. The process model is a relationship among 
the process input and output variables of interest. When the 
predicted output value is inaccurate, the model is deemed in- 
valid and the model parameters are updated to better reflect 
the behavior of the process. The parameter adjustment op- 
eration is carried out by the parameter estimator, the second 
element in the adaptive structure. The third element, the feed- 
back controller, calculates the appropriate value of the ma- 
nipulated variable based on the current model parameters. 

A number of alternative design strategies for adaptive con- 
trol systems can be devised based on different choices for the 
three basic components discussed (Seborg et al., 1986). No- 
tably, the design details for each of the basic elements depend 
strongly on the process to be controlled. Therefore, an adaptive 
control structure specifically suited for the characteristics of 
photolithography must be investigated. The next sections pres- 
ent explicit realizations of a lithography model, a parameter 
estimator, and a controller integrated into an adaptive control 
structure. 

Reduced-Order Photolithography Model for Con- 
troller Design 

Complete fundamental knowledge of the physical relation 
among the photolithography variables is not yet available. 
There do exist photolithography models that attempt to cope 
with the multidimensional nature of the process, such as those 
implemented in the programs SAMPLE (Oldham et al., 1979), 
PROLITH (Mack, 1985), PROSIM (Garza and Grindle, 1986), 
and SPESA (Bernard, 1985). Although these models provide 
quantitative process descriptions useful for the purpose of 
comparing alternative processing procedures and for analyzing 
process trends, they are too extensive for on-line production 
control. For the specific problem of synthesizing an adaptive 
controller for photolithography, it is desirable to base the 
design on a reduced-order model to avoid the very large di- 
mensionality that results when all of the photolithography 
process variables are taken into account. 

A reduced-order model facilitates the execution of all control 
tasks by significantly simplifying the control calculations. It 
also alleviates the load on the parameter estimator, because 
fewer input/output signals and parameters are involved. For 
example, a simple lithography model could consist of a single 
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equation containing only a small number of parameters and 
relating one input, the exposure energy, to one output, the 
resulting critical dimension. A photolithography model with 
these characteristics, called the Hershel-Mack lumped-param- 
eter model, has been reported (Mack et al., 1987; Hershel and 
Mack, 1987). 

The lumped-parameter model (LPM) of Hershel and Mack 
provides an explicit relationship between the critical dimension 
(a controlled variable) of the line or space feature, and the 
exposure energy (a manipulated input variable) by means of 
the integral equation: 

where 
x =  
x =  

CD = 
P =  
E =  

E, = 
D, = 

Ye = 
I ( € )  = 

€ =  

CD/2 if the feature is a space 
( P -  C D ) / 2  if the feature is a line 
critical dimension 
photomask pitch 
exposure energy 
effective photosensitivity 
effective film thickness 
effective resist contrast 
aerial intensity distribution 
horizontal location on the mask 

Equation l a  is valid only for exposure energies satisfying E> E,. 
For the case E S  E,, the model reduces to: 

0 if the feature is a space 
P if the feature is a line (lb) 

The model in Eq. la is a single-input/single-output rela- 
tionship that includes the combined effects of the exposure 
and development operations. The model contains three em- 
pirical parameters, E,, D,, and ye, and requires knowledge of 
the aerial intensity distribution function I ( ( ) .  

Because the three LPM parameters are empirical and lump 
together a large number of complicated effects, one should be 
cautious about assigning fundamental physical meanings to 
them. However, the effective photosensitivity E, can be re- 
garded as the lowest bound on the energy needed to allow 
complete dissolution of the resist film in a given development 
time. This view is supported by considering that exposure with 
an energy equal to E, requires that the upper integration limit 
in Eq. l a  be identically zero for the equality to hold (a zero- 
width space). This is the limiting case where the development 
process fails to open a space through the film. Consequently, 
an exposure energy greater than E, is necessary to produce a 
well-defined line/space pattern in the film. Therefore, from 
this perspective E, is a threshold energy value, and as such it 
is expected to be a strong function of the duration of the 
development step. 

The aerial intensity distribution I(,$) appearing in the inte- 
grand of the LPM equation represents the energy dose delivered 
by the exposure tool along the horizontal direction C:, where 
by convention, .$ = 0 corresponds to the center of the mask 
space. The intensity distribution produced by optical projec- 
tion cameras currently in use in manufacturing facilities can 
be theoretically modeled as a partially coherent imaging prob- 
lem (Subramanian, 1981; Yeung, 1988). Calculation of I ( t )  
can be carried out numerically using standard imaging routines 
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Figure 2. Lumped-parameter model fit to industrial data. 

such as those found in SAMPLE and PROLITH. All that is 
required is knowledge of the optical properties of the imaging 
tool, namely, the illumination wavelength, degree of coher- 
ence, numerical aperture of the lens, shape of the pupil, and 
the amount of defocus. It is also possible to measure the in- 
tensity distribution on-line using technology that is commer- 
cially available (Norton and Cheng, 1988). The method consists 
of measuring the intensity of the light that is scattered from 
a specially calibrated wafer. This intensity measurement tech- 
nology further strengthens the usefulness of the LPM model. 

The LPM model has been shown to exhibit excellent agree- 
ment with experimental data. Hershel and Mack (1987) ob- 
tained good model-process agreement for linewidths greater 
than 1 pm. The model is also valid for submicron linewidths, 
as illustrated in Figure 2 where critical dimension data collected 
in a fabrication facility of the Intel Corporation in Santa Clara, 
California, are well fitted by the model. The data were pro- 
duced using a 5X stepping projection aligner, with a narrow 
exposure band centered about a wavelength of 436 nm, a 0.35 
numerical aperture, and an illumination coherence factor of 
0.7. The film is 1,300 nm thick, and the development method 
consisted of a two-phase spray-puddle cycle of 29-second du- 
ration. 

It must be noted that the empirical LPM parameters E,, D,, 
and ye are not necessarily equal to the actual process parameters 
E; (photosensitivity), D' (film thickness), and y ' (contrast), 
which are commonly used to characterize the photolithography 
process (Thompson et al., 1983). The reason for this disa- 
greement is that the LPM parameters lump together multiple 
exposure and development effects to make possible a single- 
equation representation of the process. The LPM parameters 
used for the fit in Figure 2 are D,= 1,281 nm, ye=3.1, and 
E,= 118 mJ/cm2, whereas the actual experimental parameters 
are D' = 1,300 nm, y '  = 1, and EA= 122 mJ/cm2. The LPM 
parameters were found by a simple trial-and-error procedure 
and inspection of the resulting fit. 

The three-parameter LPM equation is an excellent candidate 
model to use in developing model-based and adaptive control 
strategies for photolithography. A significant advantage of the 
model is that it brings about great simplification in the de- 
scription of the photolithography process, because it consists 
of a single equation. The model usefulness is validated by the 
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fact that it is capable of representing experimental critical 
dimension data at  the submicron level: 

Parameter Estimation 

I 

The task of the parameter estimator is to produce numerical 
estimates of E,, D,, and ye such that for a given exposure 
energy E,  the LPM-equation (Eq. 1) yields an estimated critical 
dimension value CD that is close to the experimentally observed 
CD. In this section, we develop a general methodology for 
calculating the LPM parameters from experimental photolith- 
ography process data. The data required for estimating the 
parameters are experimental critical dimension measurements 

2. All three parameters can, in principle, be fit to the data 

Figure 3. Photolithography parameter estimator. 

for various exposure energies, such as the data shown in Figure r N 

J ( t ) =  c Af-j c C i ( j ) 2  (2) 
using the least-squares method. , = t - j *  i=  I 

where the residual c i ( t )  is defined as: 
Generation of data for parameter estimation 

The estimation data are obtained by periodic sampling of 
the process variables. Critical dimension measurements taken 
at a given instant t are denoted as CD ( t )  . The measurement 
CD ( t )  may represent the average critical dimension for a single 
wafer or for a batch of wafers (a group of 50 wafers traveling 
through the process in the same container), or the average CD 
for a process lot (a group of wafer batches). The frequency 
of sampling (whether measurements are taken for every wafer, 
every batch, or every lot) depends on the resources available 
for sampling, such as the number of available scanning electron 
microscopes, throughput considerations, and economic con- 
straints. In practice, appropriate sampling frequencies are se- 
lected after careful consideration of all these issues. 

The following discussion uses the convention that sub- 
scripted measurements, such as CDI ( t )  and CDz ( t )  , represent 
measurements taken at the same sampling instant but made at 
wafer locations that have been exposed using different doses. 
For example, CDt ( t )  may represent the average CD measured 
at a test pattern exposed with a dose of, say, 150 mJ/cm2, 
whereas CD2( t )  would represent a measurement at a test pat- 
tern exposed at a different dose, say, 250 mJ/cm2. 

The data for parameter estimation can be generated using 
a simple experiment. At a given instant t ,  N test patterns (or 
N wafers) are exposed using different input doses El,  E2, . . . , 
EN, and acorresponding N-tuple of output measurements CD,, 
CD2, . . . , CD,,, is obtained. The number of measurements N 
must at least be equal to the number of parameters to be 
identified. Figure 3 shows a block diagram for the data-gen- 
eration operation for the special case where N = 3. The figure 
also shows the linkage between the data and the on-line pa- 
rameter estimator responsible for producing the estimated LPM 
parameters. 

Least-squares estimation of parameters D,, ye, and Eo 
A nonlinear parameter fitting procedure is used to calculate 

values for the LPM parameters D,, ye, and Eo which minimize 
a least-squares criterion. In this approach, the LPM parameters 
are calculated using the N-tuple of CD measurements taken 
at the current instant t (a discrete value representing the sample 
number), as well as previous N-tuples obtained at previous 
instants t-1, t-2, etc., which are all incorporated in the quadratic 
least-squares criterion: 

(3) 

and CDi(t)  is the critical dimension measured at sampling 
instant t and produced with exposure energy Ei(t -  1); G i ( t )  
is the estimated critical dimension using the LPM model; N is 
the number of exposure energy inputs used at time t; h is the 
forgetting factor (OCAS 1); and j *  is the forgetting horizon 
(0 5j* 5 t ) .  

Finding the LPM parameters which minimize Eq. 2 is a 
nonlinear least-squares estimation problem that can be solved 
using a number of alternative procedures, including the Lev- 
enberg-Marquardt algorithm (Dennis and Schnabel, 1983; Ed- 
gar and Himmelblau, 1988) which is employed in this 
investigation. 

The on-line estimation method incorporates the capability 
of forgetting old data to allow tracking the model parameters 
when the process experiences changes caused by equipment or 
material aging or by unmeasured disturbances (Ljung, 1987). 
Forgetting is achieved by weighting each N-tuple with powers 
of the forgetting factor A. Recent N-tuples are weighted more 
heavily than older N-tuples. The forgetting horizon index j *  
in Eq. 2 is used to specify the number of past N-tuples that 
are included in the estimation process. The forgetting horizon 
can be deliberately set equal to zero when resetting or reini- 
tialization of the estimation procedure is desired. When j *  =0, 
only the most recent N-tuple of data is used. 

Ideally, the N exposure energies Ei should be equally dis- 
tributed within an operating window and centered about a 
nominal exposure energy. The width of the energy window is 
a parameter that must be specified by the user. A small value 
of N allows the estimation experiment to be conducted using 
the test patterns of a regular production wafer, thus avoiding 
the necessity of performing a specialized experiment on ded- 
icated wafers. As the results in the Simulation Study section 
show, a value of N = 3  is adequate when all three LPM pa- 
rameters are estimated. 

The number of CD measurements required for parameter 
estimation is a significant issue, because submicron resist fea- 
tures can only be measured using a scanning electron micro- 
scope (SEM) which has low throughput. Thus, dedicating 
equipment time to the measurement of control-related CD’s, 
rather than supporting the measurement of final-product li- 
newidth, may be costly. Minimization of SEM load is impor- 
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tant to the commercial success of the manufacturing operation 
and must be recognized as an important objective in the control 
strategy. 

Filtering critical dimension data used for parameter es- 
timation 

The measured critical dimension values used in the calcu- 
lation of the residuals of Eq. 3 can be filtered to prevent 
parameter drift caused by measurement noise. For example, 
the following first-order filter effectively attenuates the con- 
tribution of high-frequency noise to the measurements: 

CD,' ( t )  = OL~CD,' ( t -  1) + (1 - 01,)cD,( t ) ,  i =  1,2, . . . , N (4) 

where CD,( t )  is the raw measurement at sampling instant t ;  
CD,' ( t )  is the filtered measurement; and a, is the estimation 
filter constant ( O i a , <  1). Filtering begins with the initial con- 
dition, CD,'(O) = CDi(0). 

The filtered value CD,' ( t )  is used instead of the actual meas- 
ured value CD,(t)  in Eq. 3.  Note that when a,=O, no filtering 
occurs and the raw measurement is used. At the other extreme, 
heavy filtering occurs as 01, approaches 1. The recommended 
values of a, for this application are in the range between 0.3 
(mild filtering) and 0.6 (heavy filtering). 

Nonlinear Model-Inversion Controller 
The feedback controller is responsible for adjusting the ex- 

posure energy to maintain adequate critical dimension control 
at all times. A new model-based control strategy based on the 
following nonlinear control law is proposed in this research: 

where 

if the feature is a space, or 

A 
P - CDs - CD ( t ) + CD ( 1 )  

2 x,(t) = 

A 
if the feature is a line. The estimated critical dimension C D ( t )  
is calculated using the three model parameters D,, -ye. and E, 
in the LPM equation: 

with 

& ( t )  
X 2 ( t )  =- 

2 

if the feature is a space, or 

if the feature is a line and where E ( t -  1) is the energy used 
to produce the measured critical dimension CD ( t )  . 

This nonlinear model-inversion controller (NMIC) is com- 
pletely defined by Eqs. 5 and 6. Equation 5 corresponds to an 
inversion of the LPM model, since it expresses the manipulated 
input (exposure energy) as a function of a process output 
(critical dimension). This equation can be solved in a straight- 
forward manner by numerical integration of the right side of 
Eq. 5 .  But, before Eq. 5 can be implemented, Eq. 6 must be 
solved for & ( t ) .  Bxause the latter equation is implicit in its 
output, solving for CD( t )  requires the use of a numerical root- 
finding procedure. 

A parameter estimator is used to allow the NMIC controller 
to operate in an adaptive mode. The relationship among the 
controller, the LPM lithography model, and the parameter 
estimator is represented in Figure 4. The parameter estimation 
block produces estimates of the process parameters D,, -ye, and 
E,,, which are made available to the controller and to the 
process model. The controller block calculates the manipu- 
lation E according to Eq. 5 ,  and the LPM process model block 
calculates & according to Eq. 6. 

The proposed NMIC structure features a parallel arrange- 
ment of the model and the process. Such a configuration has 
been derived for linear systems by Youla et al. (1976). Garcia 
and Morari (1982) made such a parallel configuration the cen- 
tral theme in the design of controllers for linear systems using 
the internal model control (IMC) principle (Seborg et al., 1989). 
Extensions to the nonlinear case have been reported by Econ- 
omou et al. (1986) and Henson and Seborg (1991). 

The NMIC design introduces several innovations. First, a 
controller that implements model inversion of a nonlinear 
process model has been successfully synthesized. Second, the 
controller design is based on a static model, rather than a 
dynamic model that would normally be utilized in the IMC 
methodology. Finally, the controller design has been integrated 
into an adaptive scheme with a nonlinear parameter estimator 
specifically tailored to the process of photolithography. 

Filtering the CD measurement for the controller cal- 
culations 

The CD measurement used in the feedback loop may be 
corrupted by noise introduced by measurement inaccuracies 

CDS I E I _I D 
CD 

I PARAMETER 
ESTIMATOR 

I --- I 
De.Y, Eo 1 ' T A F = A +  PROCESS MODEL 

CD - CD 

Figure 4. Proposed adaptive control strategy for pho- 
tolithography based on nonlinear model in- 
version control and the LPM model. 
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or by stochastic disturbances. When the noise component of 
the measured signal is large, the controller makes inappropriate 
adjustments, because it responds to random fluctuations, rather 
than to actual process trends. This undesirable effect can be 
prevented by use of a filter that attenuates the noise contri- 
bution to the measured signal. 

The desired noise attenuation effect is achieved by substi- 
tuting the actual measurement CD(t )  in Eqs. 5 and 6 with a 
filtered version, CD" ( t ) .  Filtering can be accomplished with 
a first-order filter with the same structure as that of Eq. 4: 

If 

where a, is the control filter constant (Oia,-= 1). The initial 
condition for the filter is CD" (0) = CD(0). Suitable values for 
a, lie in the range between 0.3 and 0.6. 

Control filtering is an important operation for reducing the 
effects of stochastic disturbances in both adaptive and non- 
adaptive feedback control systems. In conjunction with the 
estimation filter (Eq. 4), the control filter can significantly 
improve the performance of the control loop. It is natural to 
set a,= ae; however, each filter constant can be independently 
specified because the estimation and feedback filters have dif- 
ferent functions. The estimation filter is responsible for re- 
ducing the corrupting effect of noise on the parameter estimates, 
whereas the control filter is designed to prevent the controller 
from making noise-induced random adjustments. 

E ( t )  - E ( t -  1) sumin, then E ( t )  = E ( t -  1) (8) 

Control deadband 
Because commercial projection step-and-repeat steppers have 

a bound on the fastest reproducible shutter speed (typically, 
about 3 ms), smaller exposure time adjustments are not pos- 
sible. This limitation on the control action is expressed in terms 
of a deadband variable, A&,,, the minimum allowable ex- 
posure energy change. No attempt is made to adjust the ex- 
posure dose when this threshold is not exceeded. The control 
policy can then be expressed by the logical condition: 

The control deadband Urnin may be arbitrarily set to values 
greater than the resolution of the optical shutter. Such a choice 
prevents the controller from making small exposure adjust- 
ments that would have only a minor effect on the critical 
dimensions. The performance of the control loop is thus mark- 
edly enhanced. 

Simulation Study 
A successful photolithography controller must be able to 

perform well over a wide range of process conditions and must 

also be capable of rejecting the effect of unknown disturbances 
on the critical dimension. The performance of the proposed 
control strategy can be evaluated effectively using a process 
simulator that can emulate a production environment. Control 
system performance is typically evaluated using set-point 
change tests and disturbance rejection tests. Large set-point 
changes were specified to force the controller to operate over 
a wide range of exposures. In the disturbance-rejection tests, 
the controller was required to cope with process disturbances 
of unknown (or unmeasured) origin. Three disturbances that 
can occur in practice were considered: (i) changes in photoresist 
thickness, (ii) changes in the degree of defocus, and (iii) changes 
in photoresist absorptivity. 

The process equipment simulated is representative of a typ- 
ical high-resolution, single-track lithography line that com- 
prises a resist coating unit (spinner), a pre-exposure bake oven, 
a projection step-and-repeat camera, a post-exposure bake 
oven, and a single-wafer immersion development station. Rel- 
evant characteristics of the resist and optical systems used are 
summarized in Table 1. The printed line CD was measured 
using the band method, which has been shown to  provide a 
good characterization of the linewidth near the bottom of the 
feature (Crisalle et al., 1989). Additional details concerning 
the simulation study are available elsewhere (Crisalle, 1990). 

The photolithography process was simulated using the 
PROLITH program (Mack, 1985) and a customized FOR- 
TRAN driver loop that coordinates the action of a parameter 
estimation routine and a controller routine. The parameter 
estimation problem is solved numerically using the More im- 
plementation of the Levenberg-Marquardt algorithm in the 
MINPACK library of FORTRAN subroutines (More et al., 
1980) based on analytical expressions for the Jacobian of the 
residual vector rather than finite-difference approximations. 
At every sampling instant, the parameter estimation calcula- 
tions are performed using three CD measurements (N= 3) 
corresponding to the energy doses: El = 115 mJ/cm2, E2 
= 140 mJ/cm2, and E3= 165 mJ/cm2. 

The execution-time requirements of the program are con- 
siderable, because the simulator makes a very large number 
of subroutine calls to the PROLITH program (used at its 
highest accuracy level). This consideration led to choosing a 
Cray Y-MP supercomputer as the hardware platform. How- 
ever, we wish to emphasize that such a high-performance com- 
puter is not required for implementation of the strategy in an 
industrial application because the control algorithms and the 
parameter estimation routines have only modest execution re- 
quirements: they can run in a typical engineering workstation 
or personal computer. 

Set-point change test 
Representative results for set-point changes are shown in 

Figure 5 where step changes in set point are made with the 

Table 1. Resist and Optical System Used in the Simulations 

Resist Type Kodak 820 Wavelength [nm] 436 
Thickness [nm] 1,300 Coherence Factor 0.70 
Substrate Silicon Numerical Aperture 0.35 
Development Time [s] 30 Mask Line Width [nm] 850 
Bake Diffusion Length [nm] 54.1 Mask Pitch [nm] 1,700 
Lamp Intensity [mW/cmz] 100 Defocus [nm] 0 
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Figure 5. Response of a nonadaptive NMIC controller 
to a series of set-point changes. 

controller adaptation mechanism turned off so that the LPM 
parameters are constant at all times. The following LPM pa- 
rameters, determined by simple inspection of the fit to sim- 
ulated CD data from PROLITH, were used: D,= 1,535 nm, 
ye=4.9, and E0=90 mJ/cm2. The CD data were unfiltered 
( (Y ,=cY~=O) ,  and the controller was not constrained with a 
deadband (Urnin = 0). For clarity, consecutive measurements 
of critical dimensions and exposure energy are joined with 
straight-line segments in the figure, although it is understood 
that the data represent a series of discrete measurements. 

Figure 5 indicates that in the initial region of operation (set 
point equal to 850 nm) the controller successfully maintains 
the CD at this target value. When a change of set point occurs 
at the tenth sampling instant, the controller adjusts the ex- 
posure energy to drive the CD to the second region (set point 
equal to 1,150 nm). After another set-point change occurs at 
the 30th sampling instant, the controller aggressively changes 
the exposure energy and succeeds in rapidly bringing the proc- 
ess CD to the third operating region (set point equal to 700 
nm). Note that while in the lowest operating region, the con- 
troller makes aggressive exposure adjustments to drive the 
critical dimension to the set point, at the highest operating 
point, the controller acts more cautiously and is more sluggish 
in reaching the set point. The sluggish behavior arises because 
the chosen LPM parameters define a model that fits the process 
behavior particularly well in the middle and lower operating 
regions, but has large errors in the high region, as indicated 
in Figure 6. Note that in spite of the process-model mismatch 
in the high set-point region, the controller is still quite suc- 
cessful, illustrating that the NMIC design has a built-in ca- 
pability for coping with a reasonable amount of model 
uncertainty. 

In these simulations, the CD does not always follow a smooth 
trajectory after the new set point is reached. Small deviations 
(of approximately 15 nm or less) from set point persist. The 
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Figure 6. LPM fit to simulated data over a wide range 
of exposure energies. 

reason for this behavior is that measurement noise is introduced 
when one attempts to characterize a wavy resist sidewall (stand- 
ing-wave effect) with a single critical dimension value (CrisaIle 
et al., 1989). Measurement noise tends to corrupt CD meas- 
urements that are taken in a production environment, where 
a scanning electron microscope is used as the measurement 
tool. An undesirable effect of this low-level noise is that it 
prompts the controller to produce small exposure adjustments 
that are in fact unnecessary. Fortunately, this problem can be 
eliminated using the filter and the control deadband technique 
discussed earlier. 

The set-point changes in Figure 5 show that the NMIC con- 
troller is capable of delivering high-performance control even 
when the underlying model does not describe the photolith- 
ography process with great accuracy. Further improvement in 
performance can be obtained at the higher set point by op- 
erating in an adaptive mode, because the estimator will provide 
a better model representation in this energy range. 

Thickness disturbance 
Resist thickness variations are common disturbances in a 

photolithography line and can cause large critical-dimension 
shifts in narrow bandwidth exposure systems (Bruce et al., 
1989). In Figure 7 a nonadaptive NMIC controller with con- 
stant parameter values, D,= 1,535 nm, ye=4.9, and Eo=90 
mJ/cm2, is used to control the CD when large thickness dis- 
turbances take place at sampling instants 10 and 40. No filters 
or control deadband are used. 

Note that a CD deviation of approximately 130 nm appears 
when the first disturbance takes place at t =  10. The controller 
reacts by reducing the exposure energy and is successful in 
returning the critical dimension to the set point in a few steps. 
Analogous behavior is observed when the next step disturbance 
takes place at f = 40. In this simulation, the NMIC controller 
successfully copes with an important process disturbance, in 
a fully automated fashion that eliminates the need for engi- 
neering intervention. As discussed for the preceding set-point 
change test, the nonsmoothness of the CD trajectory is caused 
by measurement noise; and its effect on the feedback controller 
can be significantly reduced. 
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Figure 7. Thickness disturbance: closed-loop response 
of a nonadaptive NMIC controller. 

Clearly, in an industrial photolithography line, the large 
process faults induced by such thickness disturbances would 
not have escaped detection by the engineering staff. Measures 
would have been taken to eradicate the problem, for example, 
by adjusting the resist coating equipment. Nevertheless, the 
disturbance rejection test dramatically demonstrates the pow- 
erful capabilities of the NMIC design. If the CD deviations 
observed in this simulation had been triggered by a disturbance 
that is not as easily detectable as a thickness change, then the 
NMIC strategy would still have returned the process to the set 
point, because the controller does not require any knowledge 
whatsoever about the sources or magnitudes of the disturb- 
ances. 

Defocus disturbance 
A defocus error in the exposure equipment is a process 

disturbance that is difficult to measure and therefore can easily 
remain undetected. To simulate the effect of this type of dis- 
turbance, a defocus error of 1 Rayleigh unit (1,779 nm) is 
introduced at t = 10 in Figure 8 ,  while the process is in closed- 
loop mode using a nonadaptive NMIC controller (D, = 1,535 
nm,ye=4.9, Eo=90mJ/cm2, (~,=(~,=0,andAE,,,~,=0). Good 
performance is observed only until the defocus error occurs, 
at which point the controller performance degrades; and it 
fails to bring the CD to set point and settles into an oscillating 
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Figure 8. Defocus disturbance: closed-loop response of 
a nonadaptive NMIC controller. 

exposure-adjustment pattern. The reason for the poor con- 
troller performance is that the constant values of the LPM 
parameters available to the NMIC controller do not model the 
defocused process well; therefore, adaptation is required to 
improve performance. 

One adaptation scheme that could be used is off-line ad- 
aptation. In this approach, when a large critical-dimension 
deviation is detected (using SPC monitoring techniques, for 
example) the engineering staff initiates a parameter estimation 
experiment with the intention of obtaining parameters that 
better describe the perturbed photolithography process. The 
NMIC controller then resumes operation using the new pa- 
rameter values. In the simulation shown in Figure 9, the model 
parameters are initially fixed (D,=81.3 nm, ye= 1.74, and 
E, = 32.2 mJ/cm2). When the effect of the defocus perturbation 
causes a CD disturbance at t = 10, a new parameter estimation 
experiment is carried out and updated parameter values are 
obtained (De=607.3 nm, ye= 1.47, and Eo=79.4 mJ/cm2). 
With the updated model, the NMIC controller is capable of 
making effective exposure-energy adjustments to drive the CD 
to the set point. 

The adaptation scheme can also be performed on-line. In 
this case, the parameter estimation mechanism is active at every 
sampling instant and provides the NMIC controller with an 
updated set of parameters, which is used for the current ex- 
posure adjustment calculation. Figure 10 shows the CD tra- 
jectory obtained when an adaptive NMIC controller adjusts 
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the exposure energy to counter the effects of the defocus dis- 
turbance. The controller successfully brings the CD to the set 
point. In this simulation, a forgetting factor X = O . 5  and a 
forgetting horizon j *  = 50 are used to discount old CD meas- 
urements. Figure 11 shows the evolution of the three estimated 
LPM parameters as functions of time. They are adjusted by 
the parameter estimator from their initial values (correspond- 
ing to the perfectly focused process) until they converge to  a 
final state (corresponding to the defocused process). 

Subjecting the NMIC controller to a defocus constitutes a 
particularly significant test. Note that the most natural way in 
which the Hershel-Mack model can account for defocus effects 
is by adjusting the intensity distribution function in Eq. la. 
However, in all the simulations presented here, the nature of 
the disturbance is assumed to be unknown; thus, the parameter 
estimation mechanism is constrained to find an adequate proc- 
ess model by adjusting only the three available model param- 
eters, while leaving the intensity distribution function fixed at 
its nominal value. The NMlC controller performs well despite 
the fact that the model is prevented from exercising one of its 
degrees of freedom, namely, a true correction for defocus 
errors. 

Absorptivity disturbance 
Changes in the absorptivity of the resist material naturally 
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Figure 10. Defocus disturbance: closed-loop response 
of an adaptive NMIC controller with on-line 
parameter estimation. 

occur due to thermal degradation, aging during prolonged 
storage, and inconsistencies in the supplier's stock quality. 
Figure 12 shows that an adaptive NMIC controller with on- 
line estimation is quite successful in rejecting the effect of a 
large change in the absorptivity of the resist photoactive com- 
ponent represented by a change in Dill's absorption parameter 
A (Dill et al., 1975). The evolution of the three estimated model 
parameters in Figure 13 is rapid, since they converge to new 
values shortly after the disturbance occurs. In this simulation, 
neither data filtering nor control deadband are used (a, = a, = 0 
and Urnin = 0). 

Effect of estimation filtering and control filtering on 
closed-loop performance 

The estimation and control filters in Eqs. 4 and 7 are designed 
to attenuate the effects of measurement noise. To evaluate the 
effects of filtering on controller performance, a simulation is 
carried out in which the photolithography process experiences 
a defocus disturbance similar to that shown in Figure 10; how- 
ever, in this case, the simulated CD measurements are delib- 
erately corrupted by noise. The noise is assumed to be zero- 
mean Gaussian with a standard deviation of 10 nm. 

The top part of Figure 14 compares (i) the open-loop CD 
response of the process, (ii) the closed-loop CD response using 
an on-line adaptive NMIC controller without data filtering 

Vol. 38, No. 1 AIChE Journal 



'O0 r 

7- 0.75 
I -  - _  
.- 0 :  
.: 0.50 

2 ;  
f? 0.25 

200 300L I 

- - 
- 
1 - 

' I a I ' * ' I " s I ' " ' 

loo " " ~ " " ~ " " " " ' ~  
10 15 20 

Sample Number 

2.0 

1.5 

t 
.." 

0 5 10 15 20 

Sample Number 

Sample Number 

Figure 11. Evolution of estimated LPM parameters for 
the on-line adaptive controller of Figure 10. 

(ae = a, = 0), and (iii) the closed-loop CD response using an on- 
line adaptive NMIC controller with both estimation and con- 
trol filtering (ae= ac= 0.6). Although the NMIC controller 
without data filtering succeeds in centering the CD about the 
set point, the exposure energy adjustments are abrupt and not 
smooth because the controller responds to noise-induced ran- 
domness in the measurements. A significant performance im- 
provement is obtained using the estimation and control filters, 
as demonstrated by the smoother exposure energy adjustments 
curves. Figure 15 shows the favorable effects of the estimation 
filter on the estimated process parameters, which exhibit smooth 
changes. 

Effect of control deadband on closed-loop performance 
The NMIC controller can be constrained so that it avoids 

making exposure changes smaller than a user-specified dead- 
band of width 2(AEmin). The intention is to prevent the con- 
troller from making unnecessary exposure adjustments. 
Clearly, the deadband should be chosen to be at least equal 
to the energy delivered by the fastest shutter speed attainable 
with the stepper. Larger values can be chosen to allow only 
exposure energy adjustments that will bring about significant 
CD changes. On the other hand, inappropriately large values 
of AE,, can effectively prevent the controller from making 
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necessary process adjustments, resulting in an offset or steady- 
state error in CD. 

The beneficial effects of using a controller deadband are 
illustrated in Figure 16, where the set-point changes of Figure 
5 are repeated, except that now the effects of three deadband 
values are investigated: AE-=O, 0.3 mJ/cm2 and 0.6 mJ/cm2. 
The case of zero deadband is identical to that of Figure 5 ,  
where after the initial transient the CD trajectory displays 
occasional deviations from set point instead of settling to a 
single value. Figure 16 shows that by using a deadband of 0.3 
mJ/cm2, an excellent CD trajectory is obtained when the set 
point is reached. The excellent performance of the controller 
constrained by a 0.3 mJ/cm2 deadband is not preserved for 
the 0.6 mJ/cm2 deadband, which causes an undesirable CD 
offset. This result illustrates the adverse effect of a deadband 
that is chosen too large. 

Conclusions 
A model-based adaptive control technique for photolith- 

ography that is capable of delivering excellent performance 
has been developed and evaluated. The design consists of a 
reduced-order lithography model, an on-line parameter esti- 
mator, and a nonlinear model-inversion controller. The width 
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Figure 13. Evolution of the estimated LPM parameters 
for the on-line adaptive controller of Figure 
12. 

of the printed resist lines (the critical dimension) is controlled 
by automatically adjusting the exposure energy. 

A series of simulated set-point changes demonstrated that 
a nonadaptive NMIC controller can track an arbitrary set- 
point trajectory. Good tracking performance is obtained even 
in the region where the model does not fit the process with 
great accuracy. This robustness against model errors is a val- 
uable feature of the NMIC structure. An important advantage 
of the NMIC strategy is the capability of effectively rejecting 
the effect of unmeasured process disturbances on the critical 
dimension. Simulation studies show that a nonadaptive con- 
troller (the case where the LPM parameters remain fixed at 
all times) can neutralize the effects of certain types of dis- 
turbances, such as thickness changes. Other disturbances, how- 
ever, change the process characteristics to the extent that 
adaptive control has to be used to realize the desired perform- 
ance. 

The cornerstone of the adaptive strategy is the capability of 
using process data to estimate on-line three photolithography 
model parameters: the effective photosensitivity, the effective 
contrast, and the effective thickness. Nonlinear regression 
techniques provide estimates of the model parameters using 
standard software. The adaptive NMIC design prevents the 
corruption of parameter estimates by incorporating provisions 
for forgetting past data and for attenuating measurement noise 
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Figure 14. Defocus disturbance: response of adaptive 
NMIC controllers with on-line parameter es- 
timation using estimation and control filters. 

via filtering. A salient advantage of the proposed control strat- 
egy is that all the control activities are fully automated, thus 
significantly reducing the need for engineering intervention and 
contributing to the reduction of operating costs. In addition, 
no ad hoc controller tuning effort is involved. The parameter 
estimation technique is a least-squares optimization procedure 
that can be completely automated, again removing the need 
for engineering intervention in the modeling phase. 

Closed-loop adaptive control of photolithography emerges 
from the analysis presented here as a powerful strategy that 
can successfully deliver excellent process performance. The 
adaptive NMIC technique is a specific realization of a model- 
based adaptive strategy and should be viewed as a valuable 
complement to other control strategies, such as SPC, in max- 
imizing the effectiveness of an overall manufacturing control 
program. The strategy presented can be used as a paradigm 
for the development of adaptive control strategies for other 
processes used in the manufacture of microelectronic, photonic 
or micromechanical devices. 
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Notation 
CD = critical dimension, nm 

CD” = filtered critical dimension measurement used for control, 
nm 

CD, = critical dimension measurement at  location i, nm 
C g  = filtered critical dimension measurement at location i, nm 
CD = estimated critical dimension, nm mi = estimated critical dimension at  location i, nm 
C D  = critical dimension set point, nm 
D‘ = actual resist thickness, nm 
0, = effective resist thickness, nm 
E = exposure energy, mJ/cm2 
E, = exposure energy applied to location i, mJ/cm2 

E; = actual photosensitivity, mJ/cm2 
E, = effective photosensitivity, mJ/cm2 

amin = control deadband, mJ/cm2 
i = measurement number 

Z (  l )  = aerial intensity distribution, dimensionless 
j *  = forgetting horizon 
J = error function, nm2 

N = number of measurements used for parameter estimation 
P = photomask pitch, nm 
t = sample number 

Greek letters 
01, = control filter constant, dimensionless 
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01, = estimation filter constant, dimensionless 
7’ = actual resist contrast, dimensionless 
7r = effective resist contrast, dimensionless 
e j  = modelling error residual at location i, nm 
A = forgetting factor, dimensionless 

= horizontal location on mask, nm 
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