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ADVANCED ELECTROMAGNETIC DESIGN OF ANTENNAS AND MICROWAVE
STRUCTURES WITH SPACE MAPPING TECHNOLOGY

Abstract

For the first time, Space Mapping (SM) technology is applied to the design of patch antennas.
The aim of SM is to integrate time-consuming electromagnetic (EM) simulations into the design of
antennas and microwave structures in the most efficient way. With the aid of a physically based “coarse”
model, which is less accurate but fast, SM optimization technique aligns EM “fine” model responses with
the “coarse” model responses automatically. The number of EM simulations involved is typically of the
order of the number of optimization variables. Two typical methods, Surrogate Model based Space
Mapping (SMSM) optimization and Neural Space Mapping (NSM) optimization are discussed. SMSM
formulates the EM design problem into a general optimization problem. It exploits a linearized frequency
sensitive mapping in the design iterations. NSM optimization is a novel technique to implement space
mapping through artificial neural network (ANN). The mapping from “fine” to “coarse” model space,
including frequency or any other independent variable, is constructed iteratively during optimization.
These SM optimization techniques are illustrated successfully by several design problems in both
microwave and antenna engineering: an H-plane resonator filter, a rectangular patch antenna and an

impedance matching network for a rectangular patch antenna.

I. INTRODUCTION

EM design is being accepted more and more widely as an advantageous technique over traditional
design methodology in antennas and microwave engineering, which generally employs physically based
“coarse” models. However, the computationally intensive EM simulations make direct EM design, which
utilizes EM “fine” model directly in the optimization loop, prohibitively time-consuming. Taking
advantage of a fast “coarse” model, SM technology bridges the gap between the “coarse” model and the
“fine” model.

In comparison with a full-wave EM “fine” model, the so-called “coarse” model is a rough

representation of an EM system. The “coarse” model is less accurate but much faster than the “fine”



model. However, it should be capable of exhibiting the principle characteristics of the “fine” model. A
coarse model can be an equivalent circuit model, an approximate analytical model or an EM model with a
coarse grid. The equivalent circuit model is the circuit formulation of an EM system. The approximate
analytical model can be constructed by simplifying the original structure by an approximate structure with
an analytical solution. The EM “fine” model can be a Finite Element Method (FEM) [1] or a Method of a
Moment (MoM) simulator [2, 3]. Both of them simulate an EM system on the basis of a discretized grid.
An EM model with a coarse grid could be a “coarse” model with respect to a fine grid EM model [4].

SM technology is a further development instead of a discard of traditional design methodology.
Firstly, the design parameters of a coarse model are optimized to satisfy the design specifications. With
the aid of the coarse model, SM optimization technique then aligns EM “fine” model responses with the
optimal “coarse” model responses automatically. The number of EM simulations involved is typically of
the order of the number of optimization variables. The successful application of SM technology in
microwave engineering paves a way to applying SM technology in antenna engineering.

Design methodology based on genetic algorithm (GA) and MoM has been reported in the design
of a dual band patch antenna [5] and the geometry of a patch antenna [6]. MoM in spatial domain [7] is
the commonly used numerical method in rigorous analysis of patch antennas. They formulate an EM
boundary value problem into a system of linear equations. When forming the coefficient matrix, the
numerical computation of a Sommerfeld integral is encountered, which has an oscillatory and slow-
converging behavior. It is, therefore, very time-consuming. GA has been applied to engineering
optimization as a global optimum searching strategy. GA is structured to solve an optimization problem
by imitating the process occurring in natural evolution. It utilizes mutation operator to escape from a
local minimum. It is a stochastic technique rather than a deterministic one. The penalty for the global
property is low efficiency, especially in case of combining with computationally intensive MoM.

When the shape of a patch antenna is chosen and only the dimensions of the patch antenna need
to be optimized, GA/MoM integration method is rather inefficient. Generally, an initial design, which is

based on an empirical model (transmission line model, cavity model or multiport network model [8]), can



be achieved easily. In this case, SM technology provides a more efficient way to the EM design of patch
antennas. Since SM concept has been proposed firstly [9] in EM design, many other methods on SM
optimization have been developed.

Unlike the original SM optimization technique [9] which constructs a linear mapping using some
fine model simulations, Aggressive Space Mapping (ASM) algorithm [4] aims at finding the optimal fine
model instead of the mapping itself by exploiting quasi-Newton method. It utilizes as few fine model
simulations as possible. Parameter extraction (PE) is a crucial part of ASM algorithm. It extracts a set of
coarse model parameters whose response matches a given fine model response. PE is formulated into a
classical optimization problem in SM. It may lead to nonunique solutions, which can make the ASM
algorithm diverge. Multi-point PE [10] has been suggested as an efficient way to improve the uniqueness
of PE. Trust region ASM (TRASM) algorithm [11] automates the multi-point PE in ASM. Based on
TRASM algorithm, Hybrid ASM (HASM) algorithm [12] addresses the problem of a poor coarse model.
The algorithm carries out SM optimization as long as SM is converging. Otherwise, it switches to direct
optimization. Surrogate Model based Space Mapping (SMSM) optimization algorithm [13] draws upon
recent developments in both surrogate model-based optimization and modeling of microwave devices.
The surrogate model, which is a convex combination of a mapped coarse model and a linearized fine
model, can be considered as an improved coarse model. It exploits a linear frequency-sensitive mapping
in a novel way. This approach is shown to be especially powerful if a significant response shift exists.
Neural Space Mapping (NSM) is an important development of SM technology. NSM optimization
technique [14] is proposed to exploit SM-based neuromodeling techniques [15]. It implements space
mapping through artificial neural network. The mapping from “fine” to “coarse” model space, including
frequency or any other independent variable, is constructed iteratively during optimization.

SMSM and NSM optimization techniques are discussed in Section 1l and Section I,
respectively. Several design problems using SM technology are illustrated in Section IV. The design of
an H-plane resonator filter is carried out by employing NSM algorithm first. Then the design of a

rectangular patch antenna with inset is solved by SMSM algorithm. Furthermore, SMSM algorithm is



applied to design an impedance matching network for enhancing the input impedance bandwidth of a

rectangular patch antenna. The conclusions are given in Section IV.

Il. SMSM OPTIMIZATION TECHNIQUE

A. Space Mapping Optimization vs. Optimization via Surrogates

We denote the fine model responses at a point X eRj™ and frequency @ by
R (x¢,®) e yNrd. These responses may include the real and imaginary parts of Sy, etc. The response

vector Ry (X;) € "™ denotes the responses over all the N, simulation frequencies where m=N; N, .

The original design problem is

x; =argymin U(R; (x;)) @)
Xt

where U is the objective function and x? is the optimal fine model design. Solving (1) using direct

optimization methods, e.g. [16], can be prohibitive due to the model’s intensive simulation time.

SM optimization exploits the existence of a fast but less accurate “coarse” model of the circuit.
We denote by X.eR™ and R, (xc.) € R™® a coarse model point with corresponding response,

respectively. ~ SM establishes a mapping x.=P(x;) between the two spaces such that

R (x¢) = R.(x.)[12]. The space-mapped design X; is a solution of the nonlinear system
f(x1)=P(x;)— x:=0 )

where P(X;) is approximated through Parameter Extraction (PE) and X; is the optimal coarse design.

Previous SM-based optimization algorithms solve (2) iteratively. Let x(fi) be the ith iterate in the

solution of (2). The original ASM algorithm utilizes a quasi-Newton step. Our TRASM algorithm

minimizes H f (X(fi+l))H using least squares within a trust region. The HASM algorithm addresses the



problem of a poor coarse model. It utilizes SM as long as it is converging. Otherwise, it switches to a
direct optimization phase.

Here, a time-intensive model is optimized using a “surrogate” model [17]. We denote the
surrogate model in the ith iteration by R(Si) (x,) € R™<. The step taken is obtained by solving
h® =argimin URY (xP+h®)) ¢, [pD] <50 ©)
h(')
where 50 is the trust region size. The point x(fi) +h® is then validated using fine model simulation. It
is accepted if it improves the desired fine model objective function. Otherwise, the accuracy of R(Si) (xf)

should be improved using fine model validations. Additional fine model simulations may be generated to
improve the surrogate model in certain directions of the parameter space.
B. Our Surrogate Model

In the ith iteration, the SMSM algorithm utilizes a surrogate model expressed as a convex
combination between a linearized fine model (LFM) and a mapped coarse model (MCM) Rfri]) (X¢). Itis
given by

RO (x1) = A0 RY (x¢) + A= 2" (R (x) + 30 A %) 10 e[0,1] “)
Jgi) € R™" is an approximation to the Jacobian of fine model responses at x(fi). The parameter 20

determines which of the models LFM or MCM is favored. The LFM in (4) ensures that the algorithm
will work even when the coarse model is poor or even wrong.

The MCM utilizes the linear frequency-space mapping

Ri (X1, 0)~RY(x, ,0) =R PV (Xt,0).PY(X1,0)),j=1,2, ., N, (5

PO (0] [BO sOTAx] [0
{Pg)(xf’a):) ) tOT 5O o; ’ y(i) , ©

where



and AX;=X;—x{. The parameters B e R™", s e 1™, t0 e g™, 0 e g™, ;0 e R} and
y(i) e ®* are the mapping parameters. wj is the jth simulation frequency, j=1, 2, ..., N,,. Here, a fine
model point Xx; and frequency w;j correspond to a coarse point P(i)(xf ,wj) and frequency

PO (X1, @)

The advantage of utilizing the frequency-sensitive mapping (6) is illustrated for a single response
case by Fig. 1. It is required to extract the coarse point X. corresponding to a given fine point x,. The
PE optimizer may not have enough information to align the almost disjoint responses. However, the

responses could align perfectly if a frequency mapping w. =P, (w) is applied to the coarse frequency

axis. Fig. 1(b) illustrates possible aligned results.
The mapping parameters of (6) are obtained so that the MCM approximates the fine model over a

region of fine model parameters and frequency. They are obtained by the optimization procedure

[BD, sV, ;0 O »M=argd  min H el e el T H "
B, Sa t! 0-, C1 y

e =R(PY (0. PP () 00)-R, (6 ) v (P eV, Vg k=120 N, N=Ns N, (8)
where V@ is a set of fine model points whose cardinality is ’\/(‘)‘ =N,. V@ is mainly composed of a

subset of previously simulated points. It contains points that are within an a-neighborhood of x(fi) and

sufficiently cover this neighborhood. Additional points may be simulated by the algorithm. This occurs
if the algorithm fails to make a successful iteration and the previously simulated fine points do not
adequately cover the a-neighborhood.

C. The SMSM Algorithm

The ith iteration of the algorithm proceeds as follows. First, the set v is constructed. The

mapping parameters are then estimated using the optimization procedure (7)-(8). The step h® s



obtained by solving (3), where the surrogate model is given by (4). Notice that (3) utilizes only coarse

model simulations and can be solved by traditional optimization methods.

h® is accepted if it improves the objective function. Otherwise, it is rejected. The parameters

JS), s and 1Y are updated in each iteration. Broyden’s formula [18] is used to update J?).

Initially, we set 3™ =J_, the Jacobian of the coarse model response at X;. The trust region 50 is

updated based on how the actual reduction ra in U matches the predicted reduction r,. The ratio

ra . YR PN -UR: (xP+1h) o
pP= rp U (Rgi)(x(fi))) —U (Rgi) (X(fi) N h(i)))

is thus evaluated at the end of each iteration. If p>0.75, the surrogate model has good accuracy and we
set 90V =m0, 7,>1.0. If p<0.10, we set §(*V=x,5M, 0<m,<1.0. Otherwise, we set
o6t =50 20 js ypdated to favor the more accurate model, either the LFM or the MCM. It is

initialized by 2 =1. The actual update utilized is

)
. (10)
e +[es)]
where EJ) = RD (x+hD) - R; (x +h®) and E = Ry (xM) + 3V h® = R; (xV+h®) define
the prediction error using the MCM and the LFM, respectively. The AFSM algorithm terminates if n+1

consecutive unsuccessful iterations are carried out or if Hh(')H becomes sufficiently small. Fig. 2

illustrates one iteration.

The algorithm can be summarized by the following steps

Step 1. Given x® =x;, 20=1, 59, a, 3P =77 and i=1.

Step 2. Construct v .
Step 3. Apply the optimization procedure (7)-(8) to obtain the mapping parameters.

Step 4. Obtain the suggested step h” by solving (3).



Step 5. If U(R, (x{? +h®)) <U (R, (x{)), set x!"V=x®+h® else x{=x®.
Step 6. Update 3@, 5@ and ;0.

Step 7. If the stopping criterion is satisfied stop.

Step 8. Set i=i+1 and go to Step 2.

I1l. NSM OPTIMIZATION TECHNIQUE

A. NSM Optimization: An Overview

We start by finding the optimal solution X" that yields the desired response using the coarse
model. We select 2n additional points following an n-dimensional star distribution [15] centered at X,
where n is the number of design parameters (Xc, X: ). The percentage of deviation from x.” for each design
parameter is determined according to the coarse model sensitivity. The larger the sensitivity of the coarse
model response w.r.t. a certain parameter, the smaller the percentage of variation of that parameter. We

assume that the coarse model sensitivity is similar to that one of the fine model.

The fine model response Ry at the optimal coarse solution x.” is then calculated. If Ry is approxi-
mately equal to the desired response, the algo-rithm ends, otherwise we develop an SM-based neuromodel

over the 2n+1 fine model points.

Once an SM-based neuromodel with small learning errors is available, we use it as an improved
coarse model, optimizing its parameters to generate the desired response. The solution to this problem

becomes the next point in the fine model parameter space, and it is included in the learning set.

We calculate the fine model response at the new point, and compare it with the desired response.
If it is still different, we re-train the SM-based neuromodel over the extended set of learning samples and
the algorithm continues. If not, the algorithm terminates.

B. Coarse Optimization



During the coarse optimization phase of NFSM optimization, we want to find the optimal coarse
model solution x.” that generates the desired response over the frequency range of interest. The vector of

coarse model responses Rc might contain N, different responses (for example, |Su | and | S| ):
R.(x)=[Ro(x)" ... R"(x)']" (11)
where each individual response has been sampled at N, frequency points,

(12)

RI(x.)=[RI (X, @) ... RI(x,oy)]" r=1..N,
It notices that Rc(Xc) in this section is the same as it in Section Il. The desired response R” is
expressed in terms of specifications. The problem of circuit design using the coarse model can be

formulated as [19]
" =arg { minU(R,(x)| (13)

where U is a suitable objective function. For example, U could be a minimax objective func-tion
expressed in terms of upper and lower specifications for each response and frequency sample. A rich
collection of objective functions, for different design constraints, is in [19].
C. Training The SM-Based Neuromodel During NSM Optimization

At the ith iteration, we find the simplest neuro-mapping P @ such that the coarse model using that
mapping approximates the fine model at all the learning points. It should be noted that P ® in this section

is different from that in Section Il. This is realized by solving

W' =arg { min “[ e, ]TH} 14)
w
with
es = Rf (Xf(l)’a)j) - Rc(xcj(l)!a)cj) (158)
Xc-(l) i 0
b =P e, w) (15b)
G)Cj
j=1..,N_, 1=1..2n+i, s=j+N, (-1 (15¢)

where 2n + i is the number of training base points and N,, is the number of frequency points per frequency

10



sweep. The total number of learning samples at the ith iteration is s = (2n + i) N,.

(15b) is the input-output relationship of the ANN that implements the mapping at the ith iteration.
Vector w contains the internal parameters (weights, bias, etc.) of the ANN. The paradigm chosen to

implement P ® is a 3-layer perceptron.

All the SM-based neuromodeling techniques proposed in [15] can be exploited to solve (14). The
starting point for the first training is a unit mapping, i.e., P @ (x, e, wu) = [x"" ", forj=1,..., N, and
I=1,..., 2n+1, where w, contains the internal parameters of the ANN for a unit mapping. The SM-based

neuromodel is trained in the next iterations using the previous mapping as the starting point.

The complexity of the ANN is gradually in-creased according to the learning error &, starting
with a linear mapping (3-layer percep-tron with 0 hidden neurons). In other words, we use the simplest

ANN that yields an acceptable learning error, defined as
5L:H[... e, ]TH (16)
where es is obtained from (15) using the current optimal values for the ANN free parameters w".
D. SM-Based Neuromodel Optimization
At the ith iteration of NSM optimization, we use an SM-based neuromodel with small learning
error as an improved coarse model, optimizing its parameters to generate the desired response. We

denote the SM-based neuromodel response as Rswen, defined as

Rsuen (Xf):[RéMBN(Xf)T RSNI\;IBN (Xf)T]T 17)
where
RerBN (Xf )= [Rcr(xcl’a)cl) RCr(Xch,wch)] ! r=1...,N, (18)
with
{XCJ}: PO(X,,0,W") (19)
@, !

and j defined in (15c). The solution to the following optimization problem becomes the next iterate:

X, (2n+i+1) _ arg { n)](ifn U (RSMBN (Xf ))} (20)

11



If an SMN neuromapping is used to implement P, the next iterate can be obtained in a simpler

} (21)

manner

Xf(2n+i+1) = arg { I’an HPS(I:/? (Xf ,W*) 3 X:
f

E. NSM Algorithm

Step1. Find X by solving (13).

@ yeees X5 en) following a star distribution around x:.

(2n+i)

Step 2. Choose X;

Step 3. Initialize i =1, x," """ = x_.

(2n+i)
o"

Step 4. Stop if R, (x, ", @,)~R.(x;,®,)| < &g, j=1...,N

()

) - X . .
Step 5. Initialize P =P where P<°>(xf“),a)j,wu)={ f } j=1..,N_;l1=1..2n+i.
w

j
Step 6. Find w" by solving (14).
Step 7. Calculate g using (16).

Step8. If £, > ¢, , increase the complexity of P and go to Step 6.

min !
Step 9. If an SM neuromapping is used to implement P™ | solve (11), otherwise solve (20).

Step 10. Set i =i+1; go to Step 4.

IV. EXAMPLES

A. An H-plane Resonator Filter.
B. A Rectangular Patch Antenna.
C. An Impedance Matching Network for A Rectangular Patch Antenna.

V. CONCLUSIONS
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Fig. 1. Ilustration of the frequency-sensitive mapping concept, (a) a significant frequency band shift
exists between fine and coarse model responses at the initial iteration and (b) the coarse model

frequency is transformed such that both responses match.
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Fig. 2. Hlustration of the ith iteration of the SMSM algorithm.
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