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SUMMARY

We review recent developments in space mapping techniques for modeling of microwave devices. We
present a surrogate modeling methodology that utilizes space mapping combined with radial basis function
interpolation. The method has advantages both over the standard space mapping modeling methodology
and the recently published space mapping modeling with variable weight coefficients. In particular, it
provides accuracy comparable or better than the latter method and computational efficiency as good as the
standard space mapping modeling procedure. A comparison between the space mapping modeling
methodologies as well as application examples of optimization and statistical analysis of microwave
structures is presented. Copyright © 2007 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Statistical analysis and yield optimization, crucial for manufacturability-driven designs in a
time-to-market development environment, demand accurate and fast models. Full-wave EM
simulations of microwave structures offer accuracy at the cost of CPU effort. High CPU cost is
undesirable from the point of view of direct statistical analysis and design. The space mapping
concept [1-8, 27] addresses this issue.
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188 S. KOZIEL AND J. W. BANDLER

Space mapping assumes the existence of ‘fine’ and ‘coarse’ models. The ‘fine’ model may be a
high fidelity CPU-intensive EM simulator, undesirable for direct statistical analysis and design.
The ‘coarse’ model can be a simplified representation such as an equivalent circuit with
empirical formulas. Space mapping modeling [9—15] and neuro-space-mapping modeling [16—18]
exploit the speed of the coarse model and the accuracy of the fine model to develop fast,
accurate enhanced models (surrogates) valid over a wide range of parameter values. The main
factor that differentiates space mapping from other surrogate-based modeling methodologies
(e.g. [19-24]) is the use of a physics-based coarse model, which facilitates obtaining good
modeling accuracy for a small amount of fine model data.

The standard SM modeling approach is based on setting up the surrogate model using a small
amount of fine model data (usually a so-called star distribution: 2n + 1 points, where n is the
number of design variables) and performing extraction of the mapping parameters over the
whole set of these data [10, 11]. This simple methodology gives reasonable accuracy especially
for low-dimensional problems. To further improve modeling performance, one needs to involve
a larger amount of fine model information. Unfortunately, space mapping is not suited to
handling a large amount of fine model data by itself, i.e. increasing the number of base points
does not help if the number of surrogate model parameters remains unchanged.

A recently published space mapping modeling approach with variable weight coefficients
[13, 14] was aimed at overcoming these limitations. It indeed provides better accuracy than the
standard method, however, at the expense of significant increase of the evaluation time, which is
due to a separate parameter extraction required for each evaluation of the surrogate model. This
limits potential applications of the method.

A novel approach [15] combines the standard space mapping modeling methodology with
radial basis function interpolation. This combination gives modeling accuracy comparable or
better than the variable weight method [13] without compromising computational cost.
Moreover, because of the underlying coarse model, modeling accuracy is substantially better
than for radial basis function interpolation used directly.

In this paper, we present a brief description and comparison of space mapping modeling
methodologies. We also provide application examples of space mapping modeling techniques
for optimization and statistical analysis of microwave structures. Numerical results confirm that
a combination of space mapping and radial basis functions is the best space-mapping-based
modeling methodology thus far, both with respect to accuracy and computational efficiency.

2. SPACE MAPPING MODELING METHODOLOGIES

In this section, we present three space-mapping-based modeling methodologies. We will use the
following notation. Let Ry : Xy — R™ and R, : X, — R™ denote the fine and coarse model
response vectors, where X, € R" and X. C R" are design variable domains of the fine and coarse
models, respectively. For example, R/(x) and R.(x) may represent the magnitude of a transfer
function of a microwave filter at m chosen frequencies. We denote by Xz € X the region of
interest in which we want enhanced matching between the surrogate and the fine model. We
assume that Xy is an n-dimensional interval in R" centered at reference point

x0 = [X()'1 .. .X()'”]T € R"™:

Xg =[x —8,x"+ 8] = [xo1 — 1, X01 + 1] X -+ X [Xop — Oy X0 + 0] (1)
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where 6 = [0 ...5n]T determines the size of Xz. We use Xz(x’,8) to denote the region of
interest defined by x” and 8. Suppose we have the base set Xz = {x',x%,...,x"} c Xr(x’,9),
where N is the number of base points, such that the fine model response is known at all
points ¥/, j=1,2,...,N. In general, we do not assume any particular location of these
base points.

2.1. Standard space mapping modeling

Standard space mapping model (SM-Standard) is a generic surrogate model R, : Xy x M, X
Mysn X Myyy — R™ defined as [10]

Ri(x,A,B,¢c)=A-R.(B-x+¢) 2

with matrices A = diag{ay,...,an}, B € M,x,, and ¢ € M, (M, denotes the set of k x [ real
matrices) found using the parameter extraction process

N
(A,B,¢) = arg min » [[R/(x") — Ry(x", o0, B, )| 3)
@b —

Note that R is a coarse model composed with linear transformations. Apart from model (2),
(3), an optional frequency scaling can be implemented that works in such a way that the coarse
model is evaluated at a different frequency than the fine model using the transformation: w —
fo + fiw, where F = [fy f1] € R? is obtained together with matrices A, B, and ¢ using a parameter
extraction process similar to (3). More general space mapping surrogate models can be found,
e.g. in [3,10].

The standard space mapping surrogate model is very simple and fast, because once the space
mapping parameters are established, model evaluation cost is roughly the same as the evaluation
cost of the coarse model, which is assumed to be much cheaper than the fine model. The
limitation of this model is that linear mappings such as (2) may not be able to provide sufficient
accuracy. Moreover, including more base points has little effect on the model’s accuracy because
of the finite number of model parameters, and also because the parameters are extracted in one
shot for the whole region of interest.

2.2. Space mapping modeling with variable weight coefficients

Space mapping modeling with variable weight coefficients (SM-VWC) [13] overcomes the
limitations of the standard model discussed above. This methodology uses the generic surrogate
model (2), however, the model parameters are obtained in the following parameter extraction
process:

N
(A,B,)=arg min > wi(x)IIRy(x) ~ Ry(x", 0 B Wl “)
PV k=1

The weighting coefficients wy in (4) are functions of x. They are calculated according to

exp(—||x — x|[/C - y?)
SV exp(—Ix — %|2/C - %)

Mjk = W’k(x; C”y) = = 1729' . '3N (5)
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where x is the evaluation point, y =y (8, N) is a characteristic distance depending on the size of
the region of interest and the number of base points

2 n
VEN) = ;6,- (6)

If the base points are uniformly distributed in X, 7y = (8, N) is just an average distance between
neighboring points. Constant C > (0 determines how fast the weighting coefficients decrease with
increase of base-point distance from x. Paper [13] contains a discussion on the implementation
details of the method. In can be shown that this space mapping modeling methodology with variable
weight coefficients can assure any required accuracy, provided that the base set is sufficiently dense,
even if the number of model parameters is fixed [14]. The disadvantage of the method is the
significant increase in the evaluation time, which is due to a separate parameter extraction process
required for each evaluation of the surrogate model. This limits potential applications of the method.

2.3. Space mapping modeling with radial basis functions

The recent development in space mapping modeling is a combination of space mapping and radial
basis functions (SM-RBF) [15]. In particular, on the top of the standard space mapping surrogate, a
correction term is added that interpolates the difference between the fine model R, and the standard
space mapping surrogate R, through radial basis functions [25,26]. Let R/(x) = [Ry1(X)... Ry, X
(x)]" and Ry(X) = [R,1(X)... R,,»(x)]". The radial basis function model R, is defined as

S Ae(Ix — ¥ /7)

Ry(x) = s )
S Amg(1x = X|1/7)

where ||.|| denotes the Euclidean norm. The parameters /;; are calculated so that they satisfy
O =F,, k=12,....m (8)
where & = [2e1 ko .. Aen]

>

Ry p(x") — Ryx(x!)
F = : ©)
Ryp(xV) — Ryp(xV)
and @ is an N x N matrix with elements
D = p(IIx' = x'[1/7) (10)

with y = (8, N) being a characteristic distance of the base set defined by (6). Parameter 7 is used
in (4) as a normalization factor.
In this paper, we use a Gaussian basis function defined as

o) =e", r=0, ¢>0 (11)

In the experiments presented in this paper, parameter ¢ is adjusted to minimize the
generalization error calculated using the cross-validation method [22] (¢ was kept fixed and
equal to 1 in [15]). Other choices of basis functions can be found in the literature [26].
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MODELING OF MICROWAVE DEVICES 191

The combined surrogate model R : Xz — R™ is defined as
Ry(x) = Ry(x) + Ry(x) (12)

where R; is a standard space mapping surrogate model, which is obtained using a subset of the
base set X3, e.g. the star distribution [10], however, in this paper, we use the whole X to
determine R;.

Once coefficients A are found, evaluation of (7) is fast, which means that the evaluation cost of
model (10) is not significantly larger than the evaluation cost of the standard space mapping
surrogate model (2). This is in contrast with the modeling technique [13], requiring a separate
parameter extraction for each evaluation of the surrogate model, which involves a number of
coarse model evaluations (typically hundreds or even thousands).

3. COMPARISON OF MODELING METHODOLOGIES

In this section, we compare the accuracy of the space mapping modeling techniques described in
Section 2 using examples of microwave components and structures.

3.1. Description of the test problems

Problem I: Microstrip right-angle bend [9]. The fine model, Figure 1(a), is analyzed by Sonnet’s
em™ [28] using grid with a 0.5 mil x 0.5 mil cell size. The coarse model, Figure 1(b), is an
equivalent circuit with parameters calculated from Kirschning et al. [29]. The design parameters
are X = [W H ¢]". The response vector consists of reflection coefficient |S;;| in the frequency
range 1-31 GHz. The reference point is x = [25 12 9]%, and the region size 8 = [6 4 1]".

Problem 2: Second-order tapped-line microstrip filter [30] shown in Figure 2. The fine model is
simulated in FEKO [31]. The coarse model, Figure 3, is the equivalent circuit model
implemented in Agilent ADS [32]. The design parameters are x = [L; g]'. The response vector
consists of transmission coefficient |S,;| in the frequency range 3—7 GHz. The reference point is
x =[6.977 0.060]" mm and the region size is & = [2 0.03]" mm.

Problem 3: Bandstop microstrip filter with open stubs [33] shown in Figure 4. The fine model
is simulated with Sonnet’s em [28] using high-resolution grid with a 0.2 mil x 1 mil cell size. The
coarse model, Figure 5, is the equivalent circuit model implemented in Agilent
ADS [32]. The design parameters are x = [W; W> Ly L; L»]'. The response vector consists

(@)
Figure 1. The microstrip right-angle bend: (a) the fine model and (b) the coarse model [9].
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Figure 2. Geometry of the second-order tapped-line microstrip filter [30].
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Figure 3. Coarse model of the second-order tapped-line filter (Agilent ADS).

Figure 4. Bandstop microstrip filter with open stubs [33].
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MODELING OF MICROWAVE DEVICES 193

of transmission coefficient |S;| in the frequency range 5-15 GHz. The reference point is
x? =[5.6 10.4 119.2 118 112]" mil and the region size is 8 = [0.4 0.4 2 2 2]T mil.

3.2. Experimental setup

For each of the test problems, we performed a number of experiments using the following
surrogate models: SM-Standard, SM-VWC, and SM-RBF. Table I gives details of the base sets
used in our experiments. The base sets have growing numbers of points (and decreasing
characteristic distances y) in order to examine the dependence of the modeling error on the
amount of fine model data used to create the model.

Accuracy was tested using 30 test points randomly distributed in the region of interest. The
error measure used was the /, norm of the difference between the fine model response and the
corresponding surrogate model response.

3.3. Results and discussion

Tables II-1V give numerical results (error statistics) for the models with the various base sets
considered. Figures 6-8 show error plots (the modulus of the difference between the fine model
and the corresponding surrogate model response versus frequency) for the SM-Standard and
SM-RBF with base set Xp;, respectively. Figures 9—11 show dependence of average modeling

I I
TLIN TLIN
Term 1 TLA TL2 Term 2
Z=50 Ohm Z=70 Ohm 7=70 Ohm g Z=50 Ohm
E=Ec0 E=Ec0
= F=10 GHz F=10 GHz =
TLOC TLOC TLOC
TL3 TL4 LS5
Z=Z1 Ohm Z=Z1 Ohm l Z=Z1 Ohm
= Ref E=Ec1o — Ref  E_peq = Ref E=Ec1O
F=10 Ghz F=10 Ghz F=10 Ghz

Figure 5. Coarse model of the bandstop microstrip filter with open stubs (Agilent ADS).

Table I. Base set data for test problems 1-3.

Test Base Number of base

problem set Base set description points y
Xpi Uniform mesh of density 2 + star distribution 15 2.97

1 Xm Uniform mesh of density 3 27 2.44
X3 Uniform mesh of density 4 64 1.83
Xpi Uniform mesh of density 3 9 0.68

2 Xp Uniform mesh of density 4 16 0.51
Xn3 Uniform mesh of density 5 25 0.41
Xpi Star distribution 11 1.68

3 Xpo Uniform mesh of density 2 U star distribution 43 1.28
Xp3 Uniform mesh of density 2 U star distribution 73 1.15

U 30 edge® points

*Thirty points randomly chosen out of points in the uniform mesh of density 3 but not belonging to Xp,.

Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2008; 21:187-203
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Table II. Modeling results for test problem 1. Verification for 30 random test points.

Model Base set Average error Maximum error Standard deviation
SM-Standard 0.0096 0.0219 0.0042
SM-VWC Xp1 0.0063 0.0179 0.0037
SM-RBF 0.0045 0.0096 0.0023
SM-Standard 0.0095 0.0196 0.0037
SM-VWC Xp 0.0086 0.0179 0.0047
SM-RBF 0.0029 0.0067 0.0016
SM-Standard 0.0084 0.0184 0.0038
SM-VWC X3 0.0027 0.0056 0.0012
SM-RBF 0.0005 0.0013 0.0003

Table ITI. Modeling results for test problem 2. Verification for 30 random test points.

Model Base set Average error Maximum error Standard deviation
SM-Standard 2.57 5.52 1.30
SM-VWC Xpi 2.47 7.33 1.85
SM-RBF 1.40 2.77 0.84
SM-Standard 2.32 5.09 1.16
SM-VWC Xp 1.67 4.85 1.12
SM-RBF 0.74 1.64 0.52
SM-Standard 2.15 4.72 1.05
SM-VWC Xp3 1.25 3.16 0.64
SM-RBF 0.52 1.91 0.63

Table IV. Modeling results for test problem 3. Verification for 30 random test points.

Model Base set Average error Maximum error Standard deviation
SM-Standard 0.0389 0.0635 0.0084
SM-VWC X1 0.0326 0.0483 0.0058
SM-RBF 0.0055 0.0154 0.0038
SM-Standard 0.0403 0.0581 0.0073
SM-VWC Xpo 0.0296 0.0440 0.0051
SM-RBF 0.0024 0.0108 0.0022
SM-Standard 0.0404 0.0599 0.0074
SM-VWC X 0.0243 0.0343 0.0061
SM-RBF 0.0022 0.0110 0.0021

error on the characteristic distance y. Table V presents the qualitative comparison of the
surrogate model evaluation cost for all the considered methods.

The results show that the SM-RBF model—the combination of space mapping and RBF
interpolation—outperforms both the standard SM model and the SM model with variable

Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2008; 21:187-203
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Figure 9. Test problem 1: average modeling error versus characteristic distance y. Data for
SM-Standard (0), SM-VWC (x), and SM-RBF ().
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Figure 10. Test problem 2: average modeling error versus characteristic distance y. Data for
SM-Standard (0), SM-VWC (x), and SM-RBF ().

weight coefficients. Moreover, the computational cost of the SM-RBF model is significantly
lower than the cost of the SM-VWC model and almost the same as for the standard SM model.
The reason is that the computational cost of SM-RBF and SM-Standard is virtually the same as
the cost of the coarse model (after their parameters are established). The evaluation cost of the
SM-VWC model is much higher because of the fact that each evaluation requires a separate
parameter extraction, which typically amounts to hundreds of coarse model evaluations.

Table V gives the qualitative comparison of computational cost of the space mapping
surrogate models. For the examples presented in this section, the evaluation time for the fine
model is about 6 min (5 min, 45 min) for Problem 1 (2, 3), while coarse model evaluation takes a
couple of miliseconds for Problem | and about | s for Problems 2 and 3. Typical parameter
extraction time is about 30 s for Problems 1 and 2, and up to several minutes for Problem 3.
(For Problems 2 and 3, we use our inside-ADS optimization approach [34] in order to speed-up
the parameter extraction process.)

Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2008; 21:187-203
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Figure 11. Test problem 3: average modeling error versus characteristic distance y. Data for
SM-Standard (o), SM-VWC (x), and SM-RBF ().

Table V. Qualitative comparison of computational cost of evaluating the surrogate model.

Surrogate model Main sources of computational cost Relative evaluation cost
SM-Standard Coarse model evaluation Similar to coarse model
SM-VWC Parameter extraction Much higher than coarse model
SM-RBF Coarse model evaluation Similar to coarse model

Table VI. Comparison of modeling accuracy: space mapping versus direct RBF interpolation. Models
developed for base set Xp;.

Average modeling error

Test problem SM-Standard SM-VWC SM-RBF Direct RBF interpolation
1 0.0084 0.0027 0.0005 0.0142

2 2.15 1.25 0.52 5.12

3 0.0404 0.0280 0.0022 0.0054

Note: Verification for 30 random test points.

Table VI gives a comparison of modeling accuracy between the space mapping surrogate
models and direct RBF interpolation. The models were developed for test Problems 1, 2 and 3
described in Section 3.1 using the base set Xp3. It is seen that the accuracy of the space mapping
models is better than the accuracy of direct RBF interpolation in all cases except Problem 3 for
SM-Standard and SM-VWC. For Problems 1 and 2, the performance of direct RBF interpolation
is substantially worse than the performance of the space mapping approaches (regardless of the
base set used, cf. Tables II-1V). This confirms that employing the physics-based coarse model,
which is characteristic to space mapping, is essential to obtain good modeling accuracy, especially
for large regions of interest as in Problems 1 and 2. Only in Problem 3, which is characterized by a
relatively small region of interest, direct RBF interpolation beats the SM-Standard and SM-VWC,
however it is outperformed by SM-RBF, which combines the features of space mapping and
interpolation properties of radial basis functions.

Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2008; 21:187-203
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4. APPLICATION EXAMPLES

In this section, we present two examples of application of the space mapping surrogate models
considered in the previous section to optimization and statistical analysis of microwave devices.
The examples provide an additional comparison between the standard space mapping model
and the space mapping model with radial basis function interpolation, verifying the robustness
of the latter.

4.1. Optimization of second-order tapped-line filter

We use two space mapping surrogate models, the SM-Standard and SM-RBF, to optimize the
second-order tapped-line filter described in Section 3. Surrogate models are obtained for the
base set Xp3 with parameters as described in Section 3.

The design specifications for the filter are: |S>;|< — 20 dB for 3.0 GHz<®w<4.0 GHz, |Sy|
> — 3 dB for 4.75 GHz<w<5.25 GHz, and |S3|< — 20 dB for 6.0 GHz<w<7.0 GHz. The
starting point for optimization is x° = [6.977 0.060]", which is the optimal solution of the coarse
model. The fine model specification error at x° is +1.25 dB.

Table VII shows the final solution as well as the specification error of the surrogate
models and the fine model at corresponding surrogate model optima. Figures 12 and 13 show
the fine and surrogate model responses at the surrogate model optimum for SM-Standard

Table VII. Optimization results of second-order tapped-line filter.

Surrogate model Surrogate model specification Fine model specification
Surrogate model optimum error at optimum (dB) error at optimum (dB)
SM-Standard [4.406 0.1936]" —0.78 +1.06
SM-RBF [5.893 0.0637]" —0.65 —0.65
0 !
|
B 7: ——————————————————
|
A0 R/ A e e
|
T A b
2D }
- 20— e —
25 e I ]
230 pr b e
35 i i
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frequency [GHz]

Figure 12. |S»1| versus frequency for the second-order tapped-line filter at the optimal
solution of the SM-Standard surrogate model: the fine model response (solid line) and the
SM-Standard surrogate model response (dashed line).
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and SM-RBF, respectively. It is observed that the quality of the solution obtained with the
SM-RBF model is much better than the quality of the solution obtained with the standard
space mapping model. This is because of the better accuracy of the SM-RBF model, as indicated
in Table II. Actually, the fine and SM-RBF surrogate model responses are indistinguishable
in Figure 13.

4.2. Statistical analysis of bandstop filter with open stubs

We use two space mapping surrogate models, the SM-Standard and the SM-RBF, to perform
statistical analysis of the bandstop filter with open stubs described in Section 3. For verification
purposes, we also perform the analysis using the fine model. Surrogate models are obtained for
the base set X g3 with parameters the same as in Section 3. The design specifications for the filter
are: |S»1]=0.95 for 5.0 GHz<w<8.0 GHz, |55/ <0.05 for 9.4 GHz<w<10.6 GHz, and |Sy|
>0.95 for 12.0 GHz<w<15.0 GHz. We perform statistical analysis around the fine model
optimal solution with respect to these specifications, which is x = [5.6 10.4 119.2 118 112]" mil
(the reference point used in Section 3 for Problem 3) with a maximum deviation of the design
variables of 0.04 mil for W, W, and 2 mil for Ly, L, L, which corresponds to the region size &
used for Problem 3 in Section 3.

The results of statistical analysis are used to estimate the yield, i.e. the percentage of points for
which the design specifications are satisfied. Yield estimation obtained using the SM-Standard

frequency [GHz]

Figure 13. |Sy;| versus frequency for the second-order tapped-line filter at the optimal
solution of the SM-RBF surrogate model: the fine model response (solid line) and the
SM-RBF surrogate model response (dashed line).

Table VIII. Statistical analysis of bandstop filter with open stubs.

Model used in statistical analysis Yield estimation (%)
SM-Standard 69.5
SM-RBF 63.0
Fine model 63.5
Copyright © 2007 John Wiley & Sons, Ltd. Int. J. Numer. Model. 2008; 21:187-203
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Frequency [GHz]

Figure 14. Bandstop filter with open stubs: a statistical analysis at the fine model

optimal solution x =[5.6 10.4 119.2 118 112]T mil using the SM-Standard

surrogate model. Estimated yield 69.5%; 200 random test points; maximum
deviation 0.04 mil for W, W,, and 2 mil for Ly, L, L,.

Frequency [GHz]

Figure 15. Bandstop filter with open stubs: a statistical analysis at the fine model

optimal solution x =[5.6 10.4 119.2 118 112]" mil using the SM-RBF model.

Estimated yield 63.0%; 200 random test points; maximum deviation 0.04 mil for W,
W>, and 2 mil for Ly, Ly, L,.

and SM-RBF surrogate models as well as the fine model are given in Table VIII. |S,]| plots for
all the models are shown in Figures 14-16. It is observed that the SM-RBF model gives a better
prediction of yield than the standard SM model although the prediction given by SM-Standard
is also decent. Note that the plot for the SM-Standard model (Figure 14) is visually different
from the plot for the fine model (Figure 16), however, the plot for the SM-RBF model (Figure
15) is visually indistinguishable from the plot for the fine model. It should be noted that
statistical analysis performed using the fine model took almost a week because of the
computational cost of evaluating the model (about 45 min per evaluation). Analysis using the
space mapping surrogate models takes less than a few seconds when using the multi-point
evaluation capability of the coarse model simulator (cf. [34]).
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Frequency [GHz]

Figure 16. Bandstop filter with open stubs: a statistical analysis at the fine model

optimal solution x = [5.6 10.4 119.2 118 112]" mil using the fine model. Estimated

yield 63.5%; 200 random test points; maximum deviation 0.04 mil for Wi, W5, and
2 mil for Lo, Ll, Lz.

5. CONCLUSION

A review of recent developments in space mapping modeling methodology is presented.
A comparison of several modeling techniques is given, including a novel modeling technique
that combines space mapping with radial basis function interpolation. It is shown that this
combination allows, without compromising the computational cost, the reduction of the
modeling error to a level not attainable for any other space mapping techniques thus far.
Application examples demonstrate the robustness of the method.
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