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ABSTRACT

Response surface modeling (RSM) is described as a tool to perform optimizations and sensitivity analysis in optical
modeling. With this method, the behavior of the system is first mapped out using a limited set of ray-tracing simulations,
carefully spanning the full parameter space. This can already be done before the full merit function is known. The
relation between design parameters and system performance is then approximated by fitting the simulation results to
functional forms. All subsequent optimizations are then performed very time-efficiently on the functional descriptions of
the dependencies. This contrasts with direct optimization, where the computationally intensive optical modeling is in the
loop of the optimization algorithm, and where changes in merit function, mapping out trade-offs, and determining
sensitivities, are very time consuming. The paper will discuss the advantages of RSM with respect to direct optimization
and give recommendations for the type of problems that are preferentially addressed by RSM. The method will be
illustrated by a case: how optical simulations were used in the design of Lumiramic™ phosphor conversion components
for LEDs.
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1. INTRODUCTION

The use of optimization methods, while already widely used in imaging optics, is now maturing also in the field of
illumination optics. Most effort is directed towards search algorithms that find their way through the multidimensional
design space as efficiently as possible and thus determine the global minimum of a certain merit function within the
design space. Optical simulations are performed at each iteration to determine the value of this merit function and to
obtain the set of design parameters for the next iteration.

This works well when the behavior of the system is well known (i.e. when a perfect computer model of the real system
exists), when one optical simulation run can be performed in relatively short time, and when the merit function is well
known: this means that all contributions to the merit function, as well as their relative weights, are not subject to
discussion or major changes. When there is a change to the merit function, for instance by new feedback from customers,
the optimization routine has to be run again, demanding a new set of ray trace simulations.

Moreover, the optimization method gives just one answer and does not provide insight in sensitivities and the influence
of manufacturing tolerances. Sensitivity analysis is also very important when there is some uncertainty on the computer
model. This is the case for instance when processes that are notoriously difficult to model, such as volume scattering,
absorption and fluorescence, make up the majority of the optical rays that hit the target. Of course, it is always possible
to set up a sensitivity analysis around the found optimum, but this is time consuming as it involves again more ray
tracing simulations.

This paper presents an alternative approach called response surface modeling (RSM). This contrasts with the
optimization methods described above (which we will call direct optimization in the following) in that the
computationally intensive optical simulations are kept out of the loop of the search algorithm. Instead, one starts with a
well-defined set of optical simulations that carefully spans the full design space range of interest. From these
simulations, all relevant response parameters are determined and their response surfaces are determined: the relation
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between design parameters and response parameters is fit using functional forms. All subsequent analysis is then
performed on these functional forms.

This strategy opens the way to types of analyses that are hardly possible or very time-consuming using direct
optimization. Although the method starts with one long time-consuming run of optical simulations, all subsequent
analyses are performed very time-efficiently. This makes it possible to quickly investigate trade-offs and sensitivities. It
becomes possible to turn various knobs in the merit function and to see directly the effect on the found optimum. Not
only does this increase the understanding that is gained on system performance, it also helps in setting the specifications
in cases where the optimum trade-off is not known a priori. Finally, it brings sensitivities to sources of spread
immediately out into the open. RSM fits very well in a Design for Six Sigma (DfSS) approach, where robustness of the
design to spread in process and component parameters is already taken into account in a very early stage of product
development.

The paper is built up as follows. In the next section, the method of RSM is described in further detail. Then, in section 3,
it is shown how RSM is used in organizing the optical simulations in the earliest stages of the design of Lumiramic™
[1]: a novel phosphor technology, developed by Philips to minimize the spread in color points of white LEDs. The final
section summarizes the findings, lists the main benefits of the RSM way of working and the type of problems that are
most advantageously tackled by RSM.

2. RESPONSE SURFACE MODELING

The presented approach elaborates and extends on both response surface modeling (RSM) and what is called design and
analysis of computer experiments (DACE); see for instance [2] and [3]. The approach consists of three steps being
design of computer experiments (DoCE), response surface modeling (RSM), and design optimization, which will be
treated in more detail in the sequel.

2.1 Design of computer experiments

First step is to define the design parameter space to be explored and to generate a set of designs to be simulated. This set
should be such that accurate response surfaces can be constructed for all relevant simulation outputs. The art of
efficiently setting up physical experiments is called Design of Experiments (DoE); see [4]. Computer experiments differ
from classical DoE in the sense that experiments are not subject to random noise, which makes classical design schemes
like fractional factorial schemes less suitable in a computer simulation setting. To have maximal signal to noise ratio,
classical DoE focuses on parameter settings near the perimeter of the design region and builds in replicates (more than 1
experiment at the same design parameter settings).

In Design of Computer Experiments (DoCE) it generally gives better results to use space filling schemes in which the
design points are distributed equally throughout the design space. For more background and references on this subject we
refer to [5,6].

Deliverable of this step is a list of design parameter settings for a batch of simulation runs.
2.2 Response surface modeling

Second step is to obtain accurate response surface models for each of the relevant simulation outputs in terms of the
design parameters. The batch of simulation runs, obtained in the first step, is performed using the simulation software.
All output values of the simulation runs are collected and fit functions are determined for the relations between design
parameters and output (response) parameters. For linear or slightly non-linear relations first or second order polynomial
models are usually sufficient. In case of highly non-linear relations Kriging models [3] can be used, that are actually
sophisticated interpolation algorithms that can fit any shape of response surface.

Very important part of this step is model validation. Perhaps the best way to assess model prediction capabilities is to run
the simulation tool at a number of additional design points, not part of the original set, and to calculate the root mean
squared error (RMSE) between RSM results and simulation results. However, taking into account that the simulations
are typically very time-consuming, this is a costly option. We have good experiences with the use of (leave-one-out)
cross-validation to assess the prediction capabilities of a response surface model. Given the simulated data of n design
points, this technique loops through all the design points. In every cycle of the loop the current design point is held apart
and an RSM model is constructed for the remaining (» — 1) design points. The prediction capabilities of this RSM model
are then assessed on the design point held out: the error between RSM and simulation result is determined. This error is
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determined for all design points and in this way the cross-validation RMSE is calculated without having to perform
additional simulations.

Note that these validations do not reflect the absolute accuracy of the calculated results with respect to real-life
experimental results. They show how well the RSM models can substitute the more time-consuming computer
simulations.

In this step it becomes clear if RSM is indeed the appropriate tool for the problem at hand. For problems with many
different design parameters, the number of simulations required for the desired accuracy may run out of bounds. In that
case, it would again be computationally more efficient to do well-chosen direct optimizations. This has to be weighed
against the increased understanding that an RSM analysis offers. A good compromise for these problems would be to use
RSM to get an approximate understanding where the interesting regions in the design parameter space are, and then use
direct optimization to find the local optima with the required accuracy.

2.3 Design optimization

Now we have validated RSMs for the relevant simulation outputs, they can be used for prediction, robust design,
optimization and sensitivity analysis. By applying Monte Carlo simulation techniques on the RSMs the robustness of a
certain design to random variations due to manufacturing variation can be evaluated. Design optimization consists of
finding values for some design parameters satisfying a set of constraints and minimizing/maximizing some kind of
properly chosen merit function. Many software packages providing RSM functionality also offer some kind of
mathematical optimization techniques. It is often very useful to exploit optimization to calculate so-called trade-off
curves between two competing design requirements involving re-calculation of the optimal design for a number of
successive design parameter values.

The results obtained in this paper where obtained by using the design optimization tool COMPACT developed by CQM
[7].

3. LUMIRAMIC™ CONVERSION COMPONENTS FOR LEDS

3.1 Introduction to Lumiramic

Lumiramic is the Philips trademark for ceramic phosphor components for LEDs. Instead of the conventional phosphor
technology, where a slurry of phosphor powder is deposited on a blue LED in a wet-chemical process, the phosphor is
now a polycrystalline ceramic plate [1], which is a separate component that can already be characterized separately from
the LED. These characterizations allow predicting the performance of the resulting white LED much better than is
possible with the wet-chemical process. Optimal combinations of Lumiramic and blue LED can be determined
beforehand, to obtain minimal spread in color point of the final product. See the schematic drawing in Figure 1 to show
where the Lumiramic is placed in a typical Philips Lumileds LED package. It is used together with thin-film flip chip
(TFFC) InGaN dice [8], that do not have any bond wires protruding from the top of the die and that provide a flat
mechanical interface for Lumiramic tile attach.

dome

Lumiramic

TFFC die

Figure 1. Schematic drawing (not to scale) that shows where the Lumiramic is located in a Luxeon™ Rebel package. It is
used together with a TFFC (thin-film flip chip) blue InGaN die.

Optical simulations were used to get an understanding of the optical processes inside the Lumiramic, such as absorption,
fluorescence, and scattering, and how they determine the performance of the final product in terms of color point and
efficiency. The optical simulations were performed using ASAP and LightTools. The blue die was taken as a Lambertian
surface source of blue light, which was then traced through the Lumiramic model. The spatial distribution of the
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absorption of blue light and the generation of phosphor emission was explicitly simulated. All rays were then traced to
the point where they leave the LED package or where they are lost in any parasitic loss mechanism.

At the point in the design process where optical modeling was invoked, there were a number of obstacles for direct
optimization methods. First of all, Lumiramic was designed to be a platform for a wide range of LED packages for
different customers, end-users, and applications. There was no such thing as a well-defined merit function. Second, the
optical models for the materials were not known very well and were difficult to model in the simulation software. This
means that even if there had been a well-defined merit function, a single iterative optimization method would have given
just one answer, probably wrong, and not contributed anything to the understanding of the system.

For these main reasons, an RSM approach was invoked. We wanted to understand the system, its sensitivities (how
accurately do we need to know and control all material parameters), and its trade-offs. We wanted to respond quickly
when merit functions became clear for certain LED applications.

3.2 Setting up the problem

After a first set of exploratory simulations, a list was made of the most important design parameters that determine the
performance of a Lumiramic LED. They were separated into those design parameters that relate to the Lumiramic itself,
and those that are part of the LED or the LED package around it. Then it was determined which of the output parameters
must be determined by computationally intensive ray trace simulations, and which by more straightforward calculations.
This resulted in the diagram of relations as in Figure 2.
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Figure 2. Schematic drawing of the relations between the most important design and response parameters, and how
calculations were used to determine the dependencies.

For the more straightforward calculations, it makes sense to leave them out of the DOCE/RSM method. For instance, the
effect of the emission wavelength of the blue die has the following two effects on the final result:

e the mean free path (mfp) for absorption depends on the blue die wavelength in a known way, through the
excitation spectrum of the phosphor;

e there is a predictable shift in the #’ color coordinate of the blue emission spectrum.
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These two effects were kept outside the RSM models, and incorporated in spreadsheet models.

3.3 Design of computer experiments and building the RSMs

The DOCE was built as closely as possible around the computationally most intensive part of the calculation, which is
the ray trace. For the DOCE, the following parameters were used as inputs: mfp for absorption, mfp for scattering, and
tile thickness. The outputs were: the transmitted (blue) power and the emitted (phosphor) power, both scaled to 1 W
input from the original blue source in the ray trace simulation. These two power values can be translated to a color point
and to a conversion efficiency value in a relatively straightforward way.

Although the encapsulant of the LED package does play a role in determining the response parameters, it was kept
constant in each of the DOCEs; a number of different DOCEs were performed, one for each LED package of interest,
and separate response models were determined per LED package.

For each input parameter, a region was selected that was as wide as possible within all practical limits. Then, the
COMPACT software tool [7] was used to generate a design space filling set of simulations. Numbers of simulations
were typically between 50 and 120, depending on the desired accuracy. The software tool allows starting with a smaller
set of simulations, and then generating additional simulations if the accuracy with the smaller set is not satisfactory. Each
individual simulation could last around 30 minutes, leading to a total simulation time of 25 to 60 hours; although this
may seem long, the big advantage is that all these calculations can be performed in a batch mode overnight or in the
weekend, without the attention of an operator required.

The response surface models were generated for the direct outputs of the ray trace simulations (the converted and the
transmitted powers), but it proved to increase the speed of optimizations to generate response surface models also for
color point and conversion efficiency. The response parameters are then determined not directly from the DOCE, but
after combining the direct output values of the DOCE with the spectral spreadsheet calculations.

Typical results are shown in Figure 3. Shown is a typical relation between thickness and v’ color coordinate for three
different phosphor compositions, differing only in the resulting mfp for absorption, where all other parameters are kept
constant. The RSM for v’ color coordinate was too complicated to be described by a simple polynomial, therefore a
Kriging interpolation model was used. The software uses slide bars to vary the other parameters and get the new relation
between thickness and v’ instantly on screen while varying the parameters not explicitly shown in the graph. The right
panel shows the result of the cross validation of the RSM for the v’ coordinate for all simulations in the DOCE.
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Figure 3. Example results from the analysis of the DOCE. Left: typical relations between tile thickness and v’ coordinate for
three different phosphor compositions, based on an RSM model. Right: the cross validation result used to validate the
RSM model with respect to the detailed optical simulations.
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Curves as in the left panel of Figure 3 allow for extremely quick optimizations. The designer does not have to know the
exact color target at the time the simulations are run. When the designer is presented with a color target, he can
immediately read from these curves what the initial guess for thickness and phosphor composition is.

It should be noted that there is a remaining uncertainty when comparing the simulation results to real life, due to the fact
that the relation between the mfp for scattering, which is a microscopic quantity that cannot be measured directly, and
the output of experiments designed to measure the scattering strength of the material (such as porosity determinations
and angle-resolved laser scattering), is known only up to a certain level of accuracy. But this uncertainty does not affect
the quality of the simulations. Once a more accurate relation between mfp for scattering and a measured material
property is established, one can put more accurate values for the mfp in the model calculations, but the models
themselves remain the same; it is certainly not necessary to re-do the computationally intensive run of ray trace
simulations.

3.4 Analysis and application of the RSM models in the design process

The DOCE and RSM method was applied a number of times during the initial design stages of Lumiramic product
development. It has contributed greatly to understanding the system, much more than direct optimizations would. Here
are a few examples where the RSM methodology showed its value.

When optimzing for efficiency, we found that the routine always went for the lower limit of the thickness that we had
set. However, it was found that in production, much robustness would be gained if the thickness was allowed to increase.
The question was how much efficiency would be sacrificed for that. A simple calculation of efficiency vs. thickness for
all other parameters constant indicated a quite strong effect. However, when the system was optimized toward the same
target color point for each thickness value, the thickness dependence of efficiency reduced by a factor of more than 2.
The latter analysis was indispensable for getting to the right conclusions. It involved five optimization runs, but because
they were performed on the RSM models and the ray trace was not in the loop, these optimizations together took only
approx. 1 minute of computation time, and this analysis could therefore be performed for several sets of boundary
conditions.
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Figure 4. Efficiency effect of thickness. Shown as the effect of thickness when all other parameters are kept constant (solid
line) and as the effect when an optimization toward the same color point is performed for each thickness value (dashed
line). The efficiency of the global optimum was set as 100%.

The RSM models could also be embedded in spreadsheet programs where they are combined with other calculations. As
shown in Figure 2, the effect of blue die wavelength was kept outside the RSMs and incorporated in afterward
calculations, by substituting the corresponding mfp for absorption for the combination of blue die wavelength and
phosphor composition, and by inserting the blue die emission spectrum in the spectrum calculator. In this way we built a
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color point prediction tool that could be used “downstream” in the project where people had no expertise with the ray
tracing software. Example output of this tool is shown in Figure 5. It allows finding the correct combinations of
Lumiramics and blue dice that gives maximum yield on the color bins centered on the black body line, and determining
the sensitivity of given Lumiramic designs for spread in blue die emission wavelength.
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Figure 5. Example output of a spreadsheet tool that computes the color points (diamond symbols) of the same Lumiramic
when combined with blue dice of five different emission wavelengths. Solid line is the black body locus.

Because the tool is already built up around RSMs, that use the same conceptual language as models that are derived from
DOE experimental methods, the tool could easily be updated once results from real-life experiments became available.

All in all, the models are used on a regular basis, sometimes even “in-line” in discussions with our internal customers
around the table, allowing sliders to be moved and parameters to be set and showing the results with no noticeable time
lag on the projection screen.

4. SUMMARY AND CONCLUSIONS

This paper describes the method of response surface modeling (RSM) as an alternative to direct optimization algorithms.
Its value is illustrated by its use in the optical simulations used in the early phases of design of Lumiramic, the ceramic
phosphor components that are built into Philips Lumileds LEDs to create white LEDs with unprecedented low spread in
color point.

It is shown that the RSM method is most valuable in cases where:

1. optical simulations are very time-consuming, even a single run, and where there are inherent uncertainties in the
optical model, for instance when difficult-to-model processes as scattering and fluorescence are not present in
the systems as perturbations, but as main effects that strongly determine system performance

2. the merit function is initially not well defined, especially concerning the relative weights and trade-offs between
different response parameters

3. designing for robust performance is required and where the effect of spread in process and component
parameters must be taken into account explicitly in the design

It gives the following advantages, compared to direct optimization methods:

1. more efficient use of people’s and computer’s time; the simulations are time-consuming, but they can be
performed in a single long batch without attention from an operator; the subsequent analyses that do require the
attention of a development engineer do not involve any slow computations
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multidisciplinary and integral optimization, as the RSM framework and language is not restricted to the optical
modeling but fits in a full-system Design for Six Sigma approach

the resulting RSM models can also be incorporated in spreadsheets that can be used by engineers that are not
trained to use the simulation software

the RSM models provide more insights in parameter behavior, trade-offs and sensitivities, and thus provide the
development team with more confidence that indeed the best solution is found, within all system constraints and
robustness requirements.

RSM modeling is less beneficial when:

1.

the system cannot be described in a limited set of parameters; this is the case e.g. when designing free-form
optics; the number of DOCE simulations necessary to get sufficient accuracy goes up when the number of
design parameters increases

the required accuracy of the answer is higher than the RSM models can get in a reasonable number of DOCE
simulations; although in this case one can use RSM to find the approximate optimum and use this as a starting
point in a direct optimization algorithm.
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