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ABSTRACT

In this thesighe major objective is the implementation of the inverse neural network concept in
the design of printed lens (transmitarray) antenna. As it is computationally extensive to perform
full-wave simulations for entire transmitarray structure and thereaftirmpeoptimization, the

idea is to generate a design database assuming that a unit cell of the transmitarray is situated
inside a 2D infinite periodic structure. This way we generate a design database of transmission
coefficient by varying the unit cell pameters. Since, for the actual design, we need dimensions

for each cell on the transmitarray aperture and to do this we need to invert the design database.

The major contribution of this thesis is the proposal and the implementation of database
inversionmethodology namely inverse neural network modelling. We provide the algorithms for
carrying out the inversion process as well as provide check results to demonstrate the reliability
of the proposed methodology. Finally, we apply this approach to designsaitarray antenna,

and measure its performance.
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CHAPTER 1

Introduction

1.1 TRANSMITARRAY ANTENNAS

A transmitarray (printed lens) antenna, depicted in figurell.tonsists of layers of
conducting shapes etched on multiple dielectrietshelrhe conductor layers are divided into a
lattice of cells, with a conducting shape in each cell. A feed horn (or other appropriate radiator)
illuminates the input surface of the lens. There is thus an incident field distribution over the input
surfacethat is not uniform in either amplitude or phase. We wish the transmitarray surface to
transform the incoming feed field so that the field phase distribution over the output surface of
the transmitarray is what we need to provide a particular radiatidarpatThe conducting

shapes thus vary from cell to cell in order to provide a different transmission coefficient
amplitude |Tn| and phasel T, at each cell (say the-th cell) to ensure the necessary

transformation of the incident field at each cell. The feed plus the transmitarray surface forms the

transm itarray antenna.

Although the techniques to be described in this paper can in prinogpleséd with any
transmitarray geometry, we illustrate their use by applying it to one consisting of three layers of
square conducting patches separated by dielectric spacers, as sketchedsectimssn figure

1.1-2. Once we know whalt T must be for each transmittarray element (or cell) the dimensions

of the conductors of each element must be selected. In the present case the diragasidas

on the three conducting element layeomstitute the geometrical feature of each lens element

whose variation allows one to adjust tha@ values. The specific paifa, a,) chosen should be

that which provides the desirddT, anda transmission coefficient amplitud, |that is as close

L In this thesis we will always wish the transmitarray antenna to have a pencil beam, and so the transmitarray surface
must transform the incoming feed field so that the field phase distribution over the output surface of the
transmitarray is as uniform @®ssible, and the amplitude at each cell as close to unity as possible.



to unity as possible (as explained in the footnote). As implied abovd, Thealues vary as a
function of position over the lens aperture, and so temehts are not all identical. The lens is
therefore not a periodic structure, although the cell lattice is regular. Nevertheless, in order to
determine the database of complEwalues versuga,, a,) the element is considered to reside

in an infinite periodic array of identicallsized elements, the phase of the resulting surface's
plane wave transmission coefficient computed, and thus considered to Bbe finethe nth

element. This is repeated for different element sizes and a databakewefrsus feature size

(a,a,)is constructed.

The output surface (that is, aperture) of the transmitarray antenna is shown inFig.hid is
for illustration purposes only. In practice the transmitarray aperture would be divided into many

more cells. The transmitarray can clearly be thought & pnar array of cells, each of size

d,® d,. The centre of the #th cell is (x,,Y,). Each cell acts as a radiating element in the

array. If we desire that the transmitarray antenna has a radiation pattern of soififedsgeape
we can use array excitation synthesis to determine what the amplitude and phase must be at each
cell, and then determine (using a joietermined database) the dimensions of the conducting

shapes in each cell needed to achieve this for a kfeedhincident field.

' Feed
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Fig.1.2-1 : lllustration of Printed Transmitarray Antennar@iguration.
(Courtesy of D.A.McNamara)
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1.2 THE DATABASE INVERSION PROBLEM

The final step in the design of the transmitarray antenna involves the selection of the correct

element sizga,, a,) for each unit cell to obtain the desired phase at points over the transmitarray

output surface. This selection can be eloslatively easily if there is a single geometrical feature
that needs to be selected for each element in turn. However, if there is more than one feature,

such as the two quantitieg and a, in the presentase, the selection process (the process that

needs to Ainverto the database) is more diffi
This inversion process will be accomplished through the use of inverse neural networks (INNs),
somethingthat has not yet been done for the transmitarray and other aperture antennas that use

engineered surfaces.

1.3 OVERVIEW OF THE THESIS

The principal goal of this thesis is the implementation of the inverse neural network concept
for the inversion of the design database used in the transmitarray design pthegser 2 first
describes the design procedure usually used for transmitart@ynas, and explains the use of
the design database of transmitarray elememtsee work described here could only be
undertaken after a thorough study of the existing neural network concepts, and in particular
inverse neural network ideas. The second pa@hapter 2 therefore provides a review of these

concepts.

The most significant contributions of this thesis are developed in Chapters 3, 4 and 5. Although
inverse neural network (INN) ideas have been described and used by others for RF circuit
design,they do not appear to have been used in detailed antenna design work. In Chapter 3 we
therefore take existing neural network ideas and adapt them to the transmitarray type problem at
hand. We show how that it is not practical to apply the INN concemstljito the database of
points obtained directly from fulvave simulations; too many such simulations would be
needed. It is demonstrated how the distribution of these initiaWkale database points can be

examined to decide on how to best use forwasdopposed to inverse) neural network modelling

4



to augment the number of fullave database points by a factor of about fifty, to have sufficient
training data for implementing INNs accurately. It is then shown that the highHinear and
multivalued (that is, not ondo-one) nature of the data necessitates the use of inverse sub
models. The inverse suhodel theory available in the literature is altered slightly to suite some
database inversion issues possibly unique to the antenna design probkedatt€hiextension
offers some flexibility that might be of benefit in the design of this class of antennas in the
future. All the algorithms needed are given in the form of féharts and detailed pseudode

for easy implementation by others. This hasbeen available elsewhere in the literature.

Chapter 4 applies forward and inverse neural networks to the representation and inversion of
transmitarray design databases when not only the transmitarray element conductor dimensions
are variables, but aldbe incidence angle of the field incident on the transmitarray cell. Chapter

5 then actually applies the methods developed in Chapter 3 to design several transmitarrays.
These designs are analysed using-Witdve 3D electromagnetic models to demonstraee t

effectiveness of the forward and inverse neural network models developed.

Finally, in Chapter 6, we conclude with a list of the contributions made by the work of this
thesis.We will also comment on the future potential applications of inverse neeirabrks in

the design of aperture antennas that utilize engineered surfaces.



CHAPTER 2
Review of Transmitarray DesignTechniques& Neural

Network Concepts

2.1 INTRODUCTION

This chapter introduces the concepttrainsmitaray antennasnore thoroughly than it was
done in Section 1.1t bescribeghe working of the transmitarray in detail, the parameters vital
for its design and how these parameters are involved in the design protesction?2.2.
Following that, possibledesign appoachesare listedthat can be employed to successfully
design a transmitarray for given specificatiansSection2.3. Then in Section2.4 thetechnique
that we will useis introduced in terms of database constructizai stores the variation of
transmssion coefficient with respect to the unit cell dirsiens. Section 2.5 consequently
describes how this database is usedthie design process. Existing neuratwork design
approachesn usefor the desigrof printed highdirectivity apertureantennasare reviewedin
Section2.6. Finally, the neural atwork modelling concepas utilized inthis thesiss discussed

and conclusiondrawn in Section2.7 andSection2.8, respectively

2.2 TRANSMITARRAY ANTENNA DESIGN AS AN ARRAY PROBLEM
2.21 PRELIMINARIES

The essence of theansmitarray antenna is shown in Figure-2.dt consists of layers of
conducting shapes etched on multiple dielectric sheets. In other words, the resulting lens is made
up of layers of conducting shapes separated by dielegtacers, as illustrated in Figure 2.2
The conductor layers are diMdd into a rectangular lattice of cells, with a conducting shape in

each cell. The cell size is kept to less tha@. We may refer to the first and last layers of the



lens as the input and the output surfaces, respectively. Bumas we will always consider the
transmitarrayantenna as if it were being used as a transmitting antenna; reciprocity ensures tha
there is no loss of generality in doing so. A feed horn (or any other appropriate radiator)
illuminates the input surfac&here is thus an incident field distribution over the input surface
that is not uniform in either amplitude or phase. The purpose dfghemitarraystructure is to
correct this so that the field distribution over the output surface of the lens is whates to
provide a particular radiation pattern. The conducting shapes thus vary from cell to cell in order
to provide a different transmission coefficient amplitude and phase at each cell to ensure the
necessary transformation of the incident field bgheeell, so that the field amplitude and phase

at the output surface of each cell is what we want it to be. The feed plus the amplitude/phase

transformation surface forms the transmitarray antenna.

The output surface (that is, aperture) of a transmitaargenna is showin Figure 2.23. This is

for illustration purposes only. In practice the aperture would be divided into many more cells.

The transmitarray can clearly be thought of as a planar array of cells, each df 3izk. The

centre of the nth cell is (x,, Y,,) - Each cell acts as a radiating element in the array. If we desire

that the antenna have a radiation pattern of some specified shape we can use array excitation
synthesis to determine what the aityale and phase must be at each cell, and then determine
(using a predetermined database) the dimensions of the conducting shapes in each cell needed to
achieve this for a known feed incident fielche rim of the transmitarray aperture can be of any

shape. a circular aperture (that we used in this thesis) is illustrated in FiguBe tAi€2decision to
include or exclude a cell from the fiparento r

as

X2+ Y d% Y Include m-th Cell

(2.21)
N >[§) Y Exclude m-th Cel
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2.2.2 COORDINATE SYSTEMS

A) Definition of the Coordinate Systems

We refer toFigure2.2-1, which shows three different coordinate systems, whose definitions
are summarised in Table221.

Table 2.2-1 The Three Coordinate Systems Used
Coordinate System Description
XYZ Radiation pattern coordinate system for the transmitarray ZEh@
plane is coincident with the output surface (that is, the aperture) ¢
transmitarray. This will be referred to as the global coordinate sy

XsYsZs The coordinate system of thetimcell (that is, the cell whose
transmission coefficient, is required). It is centered on theémcell.
Xt Yt Zs The feed coordinate systeihis the coordinate system for which w

will typically compute the feed fields.

B) Relationships Between th&Coordinate Systems

In the global coordinate system the centre of tie cell is at the pointx,, y,,- h), and that
element has the origin of its element coordinate system located there.

The global coordinates of the origin of the feed coordinate systerfxarng, z). In most cases
(X, Y,,%) will be at the nominal focal point of the transmitarray, so that
(%, ¥, 2,)=(0,0, -F h. Usually the feed phase centre will be located at this nominal focal
point.

A point with coordinategx,, Y., z)) in the element coordinate system has global coordinates

X=X X, (2.2-2)

Y=Y, W, (2.2:3)
and

z=12 -h (2.2—4)

with (X, Y,,- h) the location of the element coordinate system origin expressed in global
coordinates. The associated unit vectors are

X =x (2.2-5)

=y (2.2-6)
and

E= 2 (2.2-7)

11



A point with coordinategX;, Y; , z ) in the feed coordinate system has global coordinates

X=X,
y: yo +yf
and
z=z {F w 27
The associated unit vectors are
% =x
B=y
and
E =z

C) Determination of the Feed Field Incidence Angles

We write down the basic relations

r_n :(Xn -XO)E (Yn yE)XE(Zn+ ZO) )

=y, %2 @, v)® (2 20>

[+
=]

E=

5

ol
=X, X)E &, ¥y

and

go G- x)ELty, yyt
TG %)y, ¥

The definition of the deproduct of two vectors then yields the relation

_é Q CgSfinc

(2.2-8)
(2.2-9)

(2.2-10)

(2.2-11)
(2.2-12)

(2.2-13)

(2.2-14)

(2.2-15)

(2.2-16)

(2.2-17)

(2.2-19)

(2.2-19)
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Use of (22-5) and (22-13) reduces this to

S x)ERy, WYEs (% % cost._
JO - %) 4y, ¥)? V% %% v w*
and so
Fine =coslf (%~ %) 1 (2.2-20)
PG %) 4y, YD)
Similarly, we have
8 cox, (2:221)

and then the use of .@7), (22-15), (22-16) and (22-17) gives

(Zn- Zo)
a

= Cowiﬂc

and hence

o
G =cosll|e(z"|r|z°) | (2.2-22)

Expressions (A9) and (221) provide us with(g,., £.). These are incidence angles of the feed
field, assumed locally plane, on themcell.

D) Determination of the Feed Pattern Angles

The definition of thedot-product of two vectors in this case supplies the relation

_i;]é é cosf (2.2-23

and because of (221) and (22-18) this becomes

f =cost] (%, - %) (2.2-24)

P0G %) Ay, %)

Comparison of (2-20) and (22-24) reveals that
fot+ [ = (2.2-25)
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Similarly, we have
EC&  sosg, (2.2-26)

Then use of (2-13), along with (22-15) through (22-17) gives

and so

(2.2-27)

Comparison 0f2.2-22) and (22-27) reveals that
In= @ (2.2-28)

The correctness of (225) and (2-28) can be seen by inspection Bigure2.2-1.

2.2.3 FEED FIELD ON THE INPUT SURFACE OF THE TRANSMITARRAY
A) Feed Field on the Input Surface of a Cell

The field of the feed ithe feed coordinate systei®

E'(r.g. HD=E' (1. g )E €/C. . OFFEE . . )¢ (2.229)

If we assumehat the amplitude/phase transformation surface is in theofae of the feed, then

we can instead write

_ - Jkrs

E'(a N={F a0k & 0 (2.2:30)
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The feed field incident on the input surface of tkih gell is then givein the feed coordinate
systemby (2.2-30) with

=l S/, %) O Y)P (2, 4207 (2.2:31)

Q :cos-lie(zn- Zo)

(A

g;

| 2.332)
i

— {] :COS-1|F (Xn- )%) 1|

TN %) €Y, %)

)
|

(2.3.33

This can be converted into rectangular componiertse feed coordinate systetwy the
transformation

€E, @ sieg, cosf cos.gcos, f- sin, fEg
S, o Sig.sinf cos gsin,f cos, fEg (2.2-34)
§E, U  osg, - sing, 0 Ej

The relation between the feed coordinate systel Zs and cell coordinate systerfsYsZs is
such that

Exs = Exf (22—35)
and

o= Ey (2.2:36)

B) Some Background- Oblique Incidence Options
What is meant by oblique incidert®e can sef,,. =0 and vary, ., or havef, . =9C and
varygq,., or many other possibilities. The computed reflection phase versuwill not be the

same in all cases. Access to some basic expressions for an incoming plane wave will allow us to
provide some clarity on this issue, and so are provided next. A plane wave travelling towards the

origin of the XsYsZs coordinate system frommegdtion (g,., f.) has a propagation direction

15



vector IE= {ksing, cosf, ¥Esin gsin, f Bt cos,, . A plane wave travelling in théE
direction has an electric fiel,_ = E, € *&© where E, is the electric field value at the origin,

expressed in the XsYsZs coordinate systerd vectorr, =x &, +/ yE #E& as usual. Thaithe

incident plane wave can be written as
EihC = E) é

The electric field vector of the plane wave must be orthogor@,tand as a consequence

jkoejkO(Xs SiNGinc €0S fnct #s SiN ific SiN it %5 COS ing

(2.2:37)

E, =k cosg,, cosf, +/Ecos g sin_fE sin_ (2.2-39)
g-polarisec incidentwave and

E, = &sinf,, yosf, (2.2-39)
for a 7 -polarisecincident wave. What these expressions look like for the oblique incidence cases

we are interested in here (namely in the and yz planes) are summarised in Table-B.2

Table 2.22 : Terminology Usedin Describing Oblique Incidence Cases

Wave Type Alternative Plane of Incidence Field Expressions
Terminology Incidence Type
g-polarisec Oblique | E (%Y, 2
TM X-z Plane = (E COSQinc _i Sln gc )éKO(XS Sinqinc"'zs COSQ]C)
finc = OO
Normal E (XY 2=kK d=>
f-polarisec Oblique E. (XY 2= g dolstzcosdc)
TE -z Plane — ——
f =9C 4 Normal Einc(xi Y, Z) = _Q é%%

Inc

2.2.4 FIELD ON THE OUTPUT SURFACE OF THE TRANSMITARRAY

Figure 2.2-2 shows a sketch of &ransmitarraythat uses threkyer strip elements, for

example. The properties of the elements are varied over tharg so that the required pattern

16



is obtained. This allows us to model the lens antenna excitation synthesisrpesbke planar
array synthesis one.

The feed field at points on the input side of the cell, expressed in the cell coordinate system
components (albeit in terms of the gl obal Sy S

rewritten as

E>I<n (Xn’yn’- h) :Exs(xnf yn! h) (22‘40)
and

Ey (X, Yoom 1) E XYy B) (2.2-41)

We nextassumethat he fields on the output surface of ttnansmitarraytaken to be (note the

change in th@alue of the global-zoordinate from the one side of the expression to the other)

EM(X,, Y, 0) =T Er (X,,, ¥, -h) (2.242)
and

B} (X Y 0)= T Ey (X Yo -h) (2.2-43)

Quantity T.* (T.") is the complex transmission coefficidot the xcomponent (ycomponentpf

the nth elementThey areassumed to be equal to the transmission coefficient of a plane wave

that isincident, with incidence angle@,., £.), on a structure composed of an infinite number

of elements along the-axis that are all identical to theth element (which reduces it to a
doubly-periodic planarstructure). This is of course an approximation, since ttlfeelement in

the actuatransmitarraywill not be surrounded by elements identical to itself. The wadfid

and T will be functiors of frequency, the properties of the substrate material, the widths of the
conductorsat each layer of the-th cell, and the incidence anglég,., £.). SO we can write
then asT(a,&,.9,., f..f) and T’ (a,a,G,., f.. f). Tabulated values off," and T are

referred to as the design database for the particular transformation surface. In writthgw2.3
are implicitly assuming that ragptic tracking of the field is valid; that the feed field travels

along a ray from the focal point to the centre of ithygut surface of the-th cell and then,

17



irrespective of(g,., f.), parallel to the &axis through the said célio the output surface. This is

of coursenot rigorously correct bus the conventional approach thets been usesuccessilly

in transmitarray.

2.2.5 TRANSMISSION COEFFICIENT REQUIRED FOR EACH CELL

We assumethat the principal polarization of the feed is such that OElS/ need be

considered. The required distributicEjj”t(xn,yn,O) need to obtain a particular radiation pattern
shape will have been determined using some synthesis procedure. Thus the amplitude

distribution E;’“t(xn, yn,O)( and phase distributioarg{ E;’“t (%, Y, ,0} over the otput surface of

the transmitarray are known.
If we take the modulus of both sides 2fZ43) we havé

E;’”‘(xn,yn,O)( =IT,|

EY (X, Yo -h) (2.2-44)

and so the required magnitude of the transmission coefficient amplitude efttleelhis

E§”t(xn,yn,0)1

T =1 (2.2-44)
| | ‘Ey (Xn'yn’_ h){
ExpressionZ.2-43) can also be written as
(¢, ¥ Of 5 ) = T € B,y -n) €D 2249
This implies that
arg{ E* (%, Y, .0} = ard T} +arfE) (¢ .y . -h) (2.2-46)

and hence that

2 As a normally incident plane wave would.
8 Symbol T, is being used instead df‘ for convenience.
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arg(T,} = af@{ B (%W 0}) - ar{JE‘Q .y, I}u (2.2-47)
We earlier mentioned thahe output phase distributiomrg{ E;’“t (xn,yn,o} will have been

determined using some excitation synthesis technique. We can add to it any constant phase

distribution (that is, we can add the same amount of phase to each element) without changing the

resultant pattern; we will denote this constant offgethe symbolY so that the desired phase

offset?

distribution over the output surface of the transmitarray is actually

arg{ B3 (,,%,,0) - arg By 04, ) D+ Yoo (2.2-48)

Thus (2.247) can be rewritten as

arT,} = arg{ E (%, ¥, q) - ar{gE‘;/1 x .Y, -ﬁx) +.Y (2.2-49)

If we nextassumeexpressionZ.2-30) applies for the incident field model, then

arg{ By’ (x,.¥, - h} =k, oF (2.2-50)

Substitution of (8) into2.2-49yields

— out koF .
arg(T,} = afG{Ey 0% % 0}) m + ¥ (2.2-51)

If we nextassumewe want to obtain a pencil beam tharg{ E;’“‘ (%, Y, ,O} = (, and(2.251)

reads

arg{T,} = CIZOS'; * Fiset (2.2-52)

To tie this in withderivations done for conventional lenses, we let the constant phase offset be
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Yoffset - Yoffset _'kOF (22_53)

so that(2.2-52)is

_ KoF
argi T t = F <2 + 2.2.54
g{ n} -K) Cosqn offse} ( )
Recognising that
S F- ko F H_ZpF cesq,- 1 (2.2-55)
i

allows us to algebraically reducesli2.254) to

_ 2pFécosg,- 10
arg{T} = j —n + 2.2:56
AT} = = oes g U o (2.256)

The complex transmission coefficientwill always be associated with a corresponding reflection

coefficient G, . We remark that we will sometimes use the symbglarl S: (the phase wave

scattering parameters) in place afand G, , respectively.

2.2.6 FAR-ZONE RADIATION PATTERN OF THE TRANSMITARRAY
A) Conceptual Model for Radiation Pattern Determination

The transmitarray output surface (thgtaperture) is shown Figure2.2-4. For the purposes of
far-zone radiationpattern computation we will view the transmitarray as a planar array with

complex excitatiorfs

a, = E"(X,Y,0) T, E (X,Y, B) (2.2:57)

#In what follows we will be dealing wit,” only, and so will simply write it &F, .
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Figure2.2-4 View of Output Surface (the Aperture) aff ransmitarray.

B) Planar Array Pattern Analysis Expressions

We are interested in the faone fields only, and can thus write the electric field of the

antenna in the form

jkr

E(rg, §=2—F( ,9) (2.258)

r

wherer is the distance from the coordinate origin located in the vicinity of the array anfgnrig,

is the usual spherical coordinate angle pair, and2p/ / = m is the freespace
wavenumber. All quantities are in terms lo¢ tglobal coordinates. In previous expressibnis the

free space wavelengthy=2 pf the radial frequency, anfithe frequency in Hz. As in most

antenna work the distance dependent term can be suppressed eamd wak with the direction
dependentternfF(g, fonl y, which will stil!] be referred t

in antenna work. It is convenient to define the following quantities:

§ A single indexn will be usedtio number the elements of the array. The total number of elements

inthe array isN,, sothan = 1 N2, é. . ,
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8 The location of theth element in the array, expressed in terms of the global coordinate systems,
IS (X1 ¥, 0).
8 The relative complex excitation of themelement is
a, =|a,|€" (2.259
§ The farzone radiation pattern of thetim element in the array, with, =1, when located at the

origin of the coordinate systens
F™@g, F=F(.q) FFP(, ) « (2.260)

It then follows that by superposition thé&ectric field of the entire array is [1]

Ne J— . . . . .
If(q, J: a an F(n)( ’q)dkxnschosfékyn sin gin (22—61)

n=1

If, as in most arrays, the elements are identical, then it is almost exactlyhati¢he radiation

patterns of the individual elements are also identical (¢Xoe@m phase factor dependent on its

location in the array). We then can wrie™ (g, §=F°( ,g) for alln, and (2.24) becomes

Ne . . . . . p—
'E(q, J: Ife( 1q)a-anejkxnschosfékyn sin gin f:Fe( ’ )(—FAF( 1 ) (22—62)
n=1
with
Ne
FAF (q, /) - a a, ejkxnsinqcos/ejk Y, sin @in (22—63)
n=1

referred to as the array factor. Identical element patterns will indeed be assumed in this

document.

5 Elements near the edges of the array will in practice have radiation patterns that are slightly different from the rest
even though they may be structurally identical. However, if the array is not too small, the effect of this difference
between thén situ patterns of the elements is small. Then the radiation patterns of all elements can be assumed to be
identical, except for the locatiesrependent phase factor in (242
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C) Model for the Normalized Feed Fields

Although we can have any feed, we adopted the model givehzi3@). We now go a step
further and specifically assume a raismsine model for the feed, namkly

F (g, £)=Cc(geos, FF (,.,q) G (;)sing X; -Polarised On-Boresight Field

F, (@, £)=Cc( gsin , fF,(,, @) =G, (,)cog, % PolarisedOn-Boresight Field

(2.2-64)
C:(g;)=(cos g E-Plane Patte (2.2-65)
C,(@;)=(cos g} H -PlanePatte ) (2.2-66)

This model is widely used in studying reflector and reflectarray antennas. It quite accurately
describes realistic feed patterns in the feed main lobe region (which illuminates the
transmitarray). It is ocourse not accurate over angular regions far from the feed mainAbe.

refer to the situation shown kigure3.2-1.

Simple geometry allows us to write

,eD/2 €1 l
=tan'{—— (=tan®* 5 2.267
Qedige = g 2FE D) j ( )
and
fge= (D12 2 (2.2-68)
5Y.RahmatSa mi i , ARefl ector Ant enna sAntenn&hganeeting Handb&k i n J. L. Vol

(McGrawHill, 2007) 4" Edition. [2.21]
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Using .2-30),

(2.2-69)

\/\F;(qf, O +FiC.a0f
r

f

E'(r.q;, f)=

When the raisedosine variation irf2.2-64) through(2.2-66) are inserted, this becomes

Jce@)cos £ +|c, (,gsin , |7
rf

E'(r.q,, f)|= (2.270)

This implies that
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ECg. O™ =2 (2.271)

and so the normalized field amplitude on the irqauface of the transmitarrray is

E"(r.q;. 1) _ \/‘CE(qf)cos (‘2+‘CH (,gsin ‘zf

L —— (2.272)
E'(r.q;. 1) i,
Thus the feed edge taper is
— 2 . 2
‘Ef (Feager G eage ff)‘ - \/‘CE (Gegg) COS ff‘ +‘CH( o SiN f‘f (2.273)
‘Ef (redge’Qedge ff)‘max F /redge
If we assumehatqg. = ¢, =g, this simplifies to
—f
‘E (redge'qedge ff)‘ - Cog‘ qedge (22_74)

‘Ef (redge’qedge f[)‘max F / r.edge

If we wish to have a feed illumination tapef C, dB say, this means we need to sefgstich

that

C, = -20Iog{.iL co8 @440 )} (2.2-75)

edge \

which gives
_-(C,/20) Hog (ryy /F)
Iog{ COS@L e }

(2.276)

" This means that, since the normalised feed field on axis is 0dB[0,1], that at the edge of theJedB.is
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For example, if we have a printed lens with aperture dimension D = 152.4 mmamvith

F/D=0.5. This means that F = 76.2mm. Thus we hgyg,=4<" andr,, =107.76 mn. If we

edge

want C, =10dB, then we must have q = 2.4.

The determination of feed fields on the input surface of the transmitarray could be more
sophisticated than the raised cosine feed model lused It could be extracted from the output
of a detailed computational electromagnetics model of the feed, or it could be found from a near
field measurement of the feed fields bawbkjected to the plane with which the transmitarrray

input surface evenally coincides.

2.3 DESIGN APPROACHES FOR TRANSMITARRAYS

Several approaches have been described in the literature for designing the class of antennas
that can be described as aperture antennas that use printed engineered surfaces, which includes
reflectarrays and transmitarrays. We will classify these, state their applicability, and then briefly

describe each of them. The classification can be stated as follows:

(a). The Brute Force Approach
(b). Use of an Excitation/Pattern Synthesis, Followed by dseDesign Database
(c). Use of a Design Database as Part of an Excitation/Pattern Synthesis Process

Option (a) has not yet been used as it is simply impractical. Option (c) has been used (we will
mention this in Section 2.6) by one or more authorgic@b) is the one most widely used with
the class of antennas to which transmitarrays belong, and is of the same level of approximation
(albeit sufficient for good designs) as Option (c). It is the option outlined in Section 2.2, and is

the one used imis thesis.

A) The Brute Force Approach

This method would involve setting up a 3D fulave model of the complete transmitarray

plus the feed. The fulvave model must be capable of rigorously computing thdidiar
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radiation pattern once the demsions of the conducting shapes in all layers of all the cells have
been specified; in other words it must be able to perform a rigorous analysis. An objective
function is then set up to describe the desired radiation pattern, with all the cell condhapeg
dimensions as optimization variables. Some numerical optimization routine is then used to
extremise the objective function. This method might possibly be used for computationally small
structures (that is, those that are not electrically large)sbnbt viable for electrically large
structures such as transmitarrays; it would require years of computations to come up with a

viable prototyp&

B) Use of an Excitation/Pattern Synthesis, Followed by Use of a Design Database

In order to detenine whatthe transmission phase of each element must be, some sort of
excitation/pattern synthesis that uses as its basis the approximate pattern analysis of Section 2.26
must be used. Once this is known the database of element characteristics cad be use
determine what the dimensions of the conducting shapes must be on each of the individual cells
of the transmitarray. This is the approach used in this thesis.

C) Use of a Design Database as Part of Excitation/Pattern Synthesis Process

In this approach the design database is used as an integral part of the excitation/pattern
synthesis process. In other words, the cell conductor dimensions would be used as the variables
in the synthesis process (that woulsk as its basis the approximptgtern analysis of Section
2.26) rather than the required transmission phase. Thus the synthesis procedure would access the
database otlement characteristics directly. However, there is not advantage with respect to

accuracy or rigor compared to thatpart B.

8 The rigorous 3D fulwave analysis model will be used in Chapter to analyse transmitarrays that have already been
design. Such analyses take many hours of computation. So they not viable as part of an optimisation loop in which
these analyses have to bpeated at each step.
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2.4 DESIGN DATABASE CONSTRUCTION AND APPLICATION

Databases of element characteristics can be constructed in two ways. In both cases each of
the many points in the database, each corresponding to an element with a particular set of cell
conducting shape dimensions, would be found by assuming the cell of that particular set of
dimensions to lie in an infinite periodic structure of identical cells. One can attempt to derive an
approximate equivalent circuit model for this situation anditusecompute database points, or
perform a fullwave analysis of the particular infinite periodic structure (repeatedly of course) to

compute the database points.

2.4.1 Equivalent Circuit Model for Database Generation

In this research werkt attempted the approximate equivalent circuit approach, since this
would have made database generation very rapi@ were interested ina 3-layered
transmitarray, and so th&layered unicell is assumed to be situated i periodic structure
of identical cells Now, if we consider each layer of unit s2tl the periodic structure separately,
it can be rpresented by a metallic screen. The idea is, if we can find the equivalent circuit
representation of each layand later on cascade thasecuits to form the integrated unit cell,
then it would simplify the database gdénerati c
full wave 3D electromagnetic modeldf the fi a s s e-lmferisteudtoe. 3

Z

Interior Layer (a2 ) 1 TP
' - | P I II -~ I |
| I I I I I
s s e L e
Identical Exterior : : 1 [ ]| i ]
Layers { al) h = height of : 4”“ i | | .
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155 A A
AN 1S I E
et el Bl By Ml B 3
| | 1 I | 1
1 L ! I -~ ! | L | 1
1SN N 1 % [
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—-'g"‘— . T x

Figure2.4-1 (a) Unit Cell (b) Unit Cell Situated in an Infinite Periodid¢r8cture
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Zarillo-Lee [2.4-1] gave approximatequivalent circuit model$or plana, very thin metallic
screensand quantified the lumped elememslues. Accordinglythe capacitive screefigure
2.4-3 (a)and inductive screem Figure2.4-3 (b) can be characterizdaly an equivalenticcuit

for a normally incident wave with vertical polarization in the marshewn in Figure 24:
|

Figure2.4-2 TransmissiorLine Modelfor Metallic Screen

Metallic strips

Metallic Patch

Dielectric

Dielectric

@ (b)

Figure2.4-3 (a) Capacitive Screen (jaductive Screen

Approximate Brmulasof admittance for capacitive €¥) and inductive (¥d) screensas
derived in [2.41], are

o,
22 85 24

1 : c = |/

Ya= - CHb B E 2.41)
ca| | - /
P n(CS%E’EZ 8

where
40417 §

b=t 87 (2.42)

(al1)
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Using this equivalent circuit model for &alayer and accounting for the irdayer interaction

we conjectured thequivalent circuishown in Figure 24

Lot 3

cS

L1
S

L2
Sy

c1

T

c2

T

Cc3

T

Figure2.4-4 Equivalent Circuit for the Transmitarray UGiell Lying in an Infinite Periodic Bucture

C1, C2 and C3 anacluded to account fdnteraction between conductive patches of cells on the

same metallicsheet. @ and C5were includedto account for evanescent fieldteraction

between patches dlifferent sheetsC1 andC 3 6 s

d/ead aured © 2 vadeadedend on

0 a ara L1 and L2 represent inductarduge to currents flowing along the surfa€d., C2 and
C3 are found usingquations (2.4) and (2.4-2). Value of C4 and C5 had to be deterndine
iteratively; optimum value for C4 andC5 were selecteduch thatthe fullwave and circuit

response are approximately the same.

To check whether this model is an accurate description of a transmitarray unit cell in a periodic

structure, somaumericaltests were carried oukirst of all, single thin metallic screens wer

tested and results using fullave EM analysis anthe equivalent circuit model were compared.

Secondly, Aayered structures with dielectric materishndwiched between twoapacitive

metallic screens were analyzed. Cell sizeBigure2.4-1 in all the following cases is 3 mm.

Figure 2.45 to Figure 2.47 suggest that as we increase the number of layers of capacitive

screens, thaccuracy of theequivalent circuit model eétreaseslt is due to the fact that with

increasing number of layers higher order evanescent modes are generated in the proximity of the

screenapertures;al t hough

t hhese

modes

donot

poupingagat e

between the closelypaced sheetsahis not well modelled by lumped circuit elements C4 and

C5. This approach was abandoned as part of the research of this thesis.
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a) 1D model: Single Capacitive Layer
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Figure2.4-5 Transmission Amplitude MBatch Size for a Single Capacitivhest

b) Two identical apacitive sheetwith d

ielectric in the middte
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c) Three capacitive screens with two identical exterior layers and independent middle layer

(analogous to th&ransmitarray of interest):

a
=]
=
=
£ &
- =3 Eq. Circuit =i
o4 "
[£5] _4 —] r-UL"
—~
~ &
S e b%@“g
S 2
u] -7
0.5 1 = &

1.5 5

‘ 25 o
ExienorLayers Patch Size (mm) ’

Figure2.4-7 Transmission Amplitude vs Pat8ize for 3Layered Capacitivel&ets

2.4.2Full-Wave Modelling Approach to Database Generation

Instead of using approximate equivalent circuit approach, which we have seen does not
provide sufficient accuracy, we can set up the database usingaful analysis that utilizes the
infinite periodic structure route. This in essence reduces t® adnputation, and so the
computational burden, heavy as it is, is very much lighter than one would need have for the brute
force approach mentioned in PART A of Section D8ce we have created this database,
use the expression from Section 2.2.5d&ermine the phase shiirg{Tn} required at each
particular locaton The f i nal step is to ni nharespecfiedt he de
and we wish to know the conductor dimensions (of the element) needed to realize these required

arg{Tn} values. It is this last step that will be done using inverse neural networks in this thesis.
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2.5 NEURAL NETWORK IDEAS

2.51 Atrtificial Neural Networks (ANN)

A) The Role of ANNs inElectromagnetic Engineering

Artificial neuralnetwork ANN) modelingfor analysis and design of RF integrated circuits,
microwavecomponentsand atenna design can exponentially reduce ftilewave simulation
time needed Once we havea certain amount of datom full-wave simudtions called training
data ( 1. e. response of the s ysANN modd ambea s et
trained to approximate, to a yehigh degree of accuracthe response of the system for input
datasets differing fronthe training dataets.Therefore, ANNs cameduce the number of full
wave model simulations needed whepettive evaluation is required; aANN model can be

used over and over again.

OnceANNs learn device data throughetraining process, the trained neural netwaesthen
useas fast and accurate models for efficient high level microwave circut@ngonent design.
The universal approximatiohéorem[2.5-1] provides the foundation for ANN operatiatating
thata neural network with at least one hiddayer canapproximate any nonlinear continuous
multidimensional function to any desirkxVel of accuracyConsidering these advantagAsINs
have een implemented in diverse areasls as antenna applicatiofs5-2, 2.53], microwave
design applicationg2.5-4, 2.55, 2.517, 2.518], parasitic mdeling [2.5-6], nornlinear
microwavecircuit optimization[2.5-7, 2.58, 2.516], nonlinear device modeling2.59, 2.5
10], andwaveguide filterg2.5-11].

B) Neural Network VersusOnly Full-Wave Modeling

If the ANN approach is compared with conventional modeling techniques a better
understanding can be achievékhe first approach is the detailed modeling apprazarinely

electromagnetieanodels.The deailed models are accurate, but ammputationally expesive.
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The ANN approach, howevennce trained with exact fullave inputoutput mapscan deliver

results wih very high degree of accuracy without having to perform furthemfaile modelling.

C) Idea of NN Modeling

The design ofan ANN model is synonymous tathe ability of the brain to learn from
observations and to generalize by abstraction. TypieaN{N comprises two basic components
the processing elements and the interconnectiotvgeba them.The processing elements are
known asneurons and the connections betwée® neurons are known as linkshich have
associaté with thema waght parametef2.5-12]. Each neuromeceivesstimuli from other
neurons connected to it, then processes the information, andcpsodn output. Neans that
receive stimulifrom outside the networlare termed asput neurons while neuons which
provide output to external components are catlefhut neuronsTheneurons lying in between
the input and output neurons are known as hidden neurgng.neurons,output neurons and
hidden neuronscan be interconnected in various topologiesading to numerouspatial

structures.

Let n andm represent the number of input and output neurons of a neural network bleeéin-
elementvector containing thexternal inputs to the neural netwogkbe am-vector containing
the outputs from the output neurons, amde a vector containing all the weight parameters
representinghe various interconnections in the neural networke Tefinition ofw, and the

mamer in whichy is computed fronx andw, determine the structure of the neural network.
Let inputs and outputs ofdevice(eg.Antenng arex andy, respectivelywhere
X =[X1,X1, X166 6%Xn]" (2.51)
y= [YLYyLY16¢eym]’ (252)

and let the inputbemapped to outputs by a muttimensional nodinear function fthat

representghe analytical (physical) relationship betweennday such that

y=f(X) (2.53)
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Correspnding neural network representation cawgten as
y=f(xw) (2.54)

Now, the goal of th&IN is to approximate this inpwgutput mapping for a given set of training
datg and generalize the relationship for anyem inputs with minimal errorAfter learning the
original inputoutput relatioship through a process called trainirthe NNin equation(2.5-4)
can represent the physical behaviordrb(3). Multiple (x - y) samplescalled training dataneed

to be generatefilom thefull-wavesimuator® in the desired range of operation of the devidee
objective of training is to adjust newratwork weightsw such that the neural model outputs

best match the training data outputs.

D) Multi -Layered Perceptron (MLP)

1) Topology MLP is awidely used neuron topolod®.5-21]. In the MLP neural network,
the neurons are grouped into layers. Typically, an MLP consists of an input layer, one or more
hidden layers, and an output layer, as showirigure 2.5.1. For example, an MLP neural
networkwith an input layer, one hidden layer, and an output layer, is referrash threelayer
MLP (or MLP3).

Let 6s assume t he t oThafirstlayer imtheinputdayer, th&lgyeristbe ar e
output layer, and layers 2 ko1 are hidderayers. Ifthe number of neurons in th&layer areN
suchthat = 1, 2L.et®/¢represent the weight of the link between jitheneuron of thé-
1 th layer and théth neuron of thdth layer. Letx represent théh external input to th&LP

andz' be the output of thé" neuron of thd™ layer. There is an additional weighdrameter for
each neuronwi'0 ) representing the bias for tfife neuron of thd" layer. In other wordsw =

[W?10 WP11 W21 2 ¢ 6 WanLni-1] . The parameters in thigeight vector are real numbers, which
are initialized before MLP trainingUsing various optimization algorithms the weights are

updated during the training process.

In some applications this training data could be obtained from measurements, but this is not relevant to the type of
problem of interest in this thesis.
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After the termination of the training process weight vector is finakeretlit is this final version

of the weight vector which is utilized for the further usage of neural network model.

2) Compositionof the Neurons In the MLP neuralnetwork, each neurois connected to
other neurons and i&d by the information receivedfrom the connected neurons and finally
processes and relays this information to the neurons in the subsequeridayation fundion
is the function inherent to all the neuropandit is through this function that all the information
is processed antthe processed information becomes the outbdlhe respectiveneurors. Next
we consider aeuronin thel™ layerand this neuromeceives stimuli from the neurons of the (
D" layer, i.e.zi"t, "1, z"1é € é .zy." ! as shown irFigure 2.52. Thei™ neuronin thel™
layer processes thigmformation in two steps. Initiallyeach of the inputs is ntiplied by the

corresponding weight parameter and the products are added to produce a weightgd sum

namely[2.512]
g=awz (2.55)
j=0

The weighted sum iequation(2.55) isinturnus ed t o acti vate the neur c
s(.) to producethe final output of the neurasl = s(g'). There are several functions that can be

used as the function for a neuron, but in the literatomest commonly used hidden neuron
activation function is the sigmoid function given by

1
1+e?)

s( 9= (2.56)
The abilityof MLP to handle and modé¢he non-linear relationship between inputs and outputs
makes it sucha powerfulapproximation toolBut it becomes possible only if we choose an
appropriate activation functiofor thebackpropagation learningrocesghe activation function
must be differentiableFor the output neurons, activation functions should be such thyaatee
suited to the outputs in the training/test d#téhe neural network trainirigest data outputare

continuougnon-discrete) and are boundeben sigmoid functions are venyseful.
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Input neuronsimply relay the external stimuli tine hidden layer neuronssing a linear relay
activation function that isz!=x;, i = 1. Thex &re thosen equation (2.81). In the case of
neural networks forelectromagnetic designwhere the pgpose § to model continuous
electromagnetiparameters, a linear activation function can be used for output neAtotne
output neuronthe computation can be expressed as

s( §= dLinear Activation Function

s(9)= iLg%lwf%“ (2:57)
j=0
3) Feedforward ComputationFeedforward omputation is a process through which
computation ofthe output vectoy= [y1, Y2 Yas ¢ ¢ ym] ' is done for giverinputs of the fornx
=[X1, Xz, X3¢ ¢ ¢ Xo] " and the weight vecton. The tedforward computation isseful not only
during neurahetwork training, but also during the usage of the trained neural model. The
external inputs are first fed to theurons in thénputlayer, that is Layer 1and the outputs from
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the input neurons are fed to the hidden nesiraf the second layethat is Layer 2We proceed

in this way and finallythe outputs of the 41" layer neurons are fed the output layer neurons,
that is layer L. For a given epoch (iteration) of feedforward computations weight vector
remairs constant The computatiof the output is done by propagating the input through all the
layers and applying the activatifunctionand summatioior each neuron and this computation

is detailed below.

For the Layer 1, the output is computed using thayrélinction described in equatiod.%7)

and is done in the following manner
zZ=x, 1 i=1,2,é.,N (2.5-8)

where N = number of erurons in the input layer or Layerdnd this output is fed to Layer 2 and

computation of output in Layer is given by
Np1
Z=s(AW?) i =1, 2aéd, Nj 3 1, 2B%N
j=0

Where N = number of neurons in Layer 2, and this output is fed to Layer 3.

This process is repeated for all the hidden layers until and ¢ teden layer computation of

output is given by
I\
Z=s@w#"), i=1,2, 66s3Mél, (2510
j=0

where N1 = number of newns in the Layel-1

In the final step, outputs are extracted from the output neurons in layer L as follows:

y =27, L & m=N, i 251D, éé. , N

Equations(2.57) 7 (2.511) can approximate any nonlinear relationshipy>with very high
degree ofaiccuracy.
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E) Training of Neural Network

One of the most critical stspn NN model development igdining. The NN needs to be
trained withRF/ mi cr owav e c-outpptanaEeThe data, calledraining datg are
pairs of model inpubutput (i.e, X - y) data generated either from detailed microwave simulation

or measurement. Lek be thek!™ sample ofy in the training data. We define the neural network

training error as

EW=2& 800w -df (2512

KG j4

wheredjk is thej™ element of the data vectd, Yj (Xk, W) is thej™ neural network output for
the inputxk, Gy is the index set of all training data, ands the vector of neural network weight

parameters.

Fundamentally the purpose of neural network training is to adjidstuch that the error function
E(w) is minimized. Since E(w) is a ndimear function of the modifiable weight parameters w,
optimization algorithms are used to optimi@édegiming with a initial guess and then iterative

updates

During the training proces the error functioms computed between the output from the model
and measured/simulated output. This error function is then propagated through the various layers
(starting fromthe output throughthe hiddenlayer tothe input layer). In eaclayer the dcobian

of the error function w.r.tthe weight vector is computed in each lay®nce this information is
obtained, it can either be used directly to update the value of each wayneper in the neural
network thebackpropagtion training algorithm [2A3], or usedas gradient information for
gradient based algorithms such as conjugate gradient, Leve¥beggardt or quasNewton
[2.5-14] methods However, he quasiNewton, LevenkergMarquardt and conjugate gradient
methods arenow the best choices for a foaity of neural network traimg problems for
microwave modeling, because they produce models with lower training error and at significantly
faster speed of training than thecka propagation methodSometimes we can encounter
challenges to evade local minima in the optimization loop, which can prevent effective training.

In that caseglobal optimization algorithms, such as genetic algorithms pamticle swarm
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optimization [2.515] can be utilized, but these routines suffer from elongated training times.

Detailed training procedure utilized in this work can be four]@.i+12]

F) Neural Network Microwave Modeling Procedure

The idea of neural network modeling is to uke simple formulas described bg.3.1)i
(2.5.3) to approximate multidimensional nonlinear relations betweamdy. By simply adding
input neurons, a neural network can deal with multidimensional input varia®plesu¢h more
easily than polynomial, rathal, or table model$or interpolation By adding more hidden
neurons, a neural network can handle arbitrary nonlinearity betwaen y more efficiently

than other approximation approaches.
We can summarize the steps to generate a ANN model for a giWenRF problem as follows:

Stepl C Define the input and output Kables of a device or a sthuce.

Step2 C Generate 10 data using EM simulation, phydiesed simultion,or measurement.
Step3 C The gerrated data, i.e., training data, are useiain the neural network.

Step4 C  Once the model is trained, it can be incorporated into a circuit simulator foarfest

accuratesimulation andptimization.

G) Sel-Organizing Maps (SOM)

In some instances the training of the NN as outlined in part E Section 2.5.1 is insufficient to
provide the accuracy required. The smifjanizing map (SOM) approach can then be used [2.5
22, 3.31]. In the neural network modelling, if the number of sarsplke huge and highly
nonlinear, the training process becomes difficult and it has been tested that if we divide the
neural network sample space into sgaces and model these sgaces individually and later
connect them, the we can achieve satisfactaining of neural networkdn SeltOrganizing
Map (SOM), the large input space is divided into smallerspdres and each sapace is
modelled using MLP neural network. SOM is a clustering algorithm that facilitates automatic
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decomposition through pressing and learning of training data (explained in Section 2.5)1 (E

A self-organizing map consists of components called nodes or neurons. Associated with each
node is a weight vector of the same dimension as the input data vectors, and a position in the
map space. The usual arrangement of nodes is adimensional regular spacing in
ahexagonabr rectangulagrid. The selorganizing map describes a mapping from a higher
dimensional input space to a londimensional map space. The procedure for placing a vector
from data space onto the map is to find the node with the closest (smallest distance metric)
weight \ector to the data space vectbhe total number of cluster centers to be determined from
training data is equal to the total number of neurons in SlANhe sample distribution each
neuron represents a cluster cenkarther details of the SOM approa@nd reasons why it is
necessary, will be provided when it is implemented for the transmitarray database in Section
3.3.1.

2.53 Inverse Neural Networks

A) Introduction to Inverse Modelling approach

A typical ANN as discussed in previo&&ctionhas input to output mapping where geometrical /
physical parameters (guide length, substrate thickness, characierstidenceetc.) form the input
data set and output data set, electrical parameters or characteristic response, is sought. A forwa
Neual Network model is obtained this way by adjusting kmeuron weights iteratively. But the
design problemgncounteredn RF circuit and EM design are typically, if not exclusivalyi n v e r s €
60l nversebd stands for t he (ammguts)i tageonfetricalmparaanketers(asr i
outputs)i although there can be a combination of geometrical and electrical paramagieyuts and
outputs as well. This inverse problem cansbésed either by implementingpbmization routines or
EM simulaor/ forward model can be evaluated repeatedly (which can be an onerous task) to find the

optimal solution. Details of sugirocess are given {2.5-19].

The fundamental premise for the inverse problem which is to find geometrical paranwetessgiven

a set electrical parameters, is an arduous task if we go for analytical approach. Therefore, neur:
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network becomes a rational choice in such mattarthis approach geometrical parameters become
inputs and electrical parameters become outgutsv, in order to obtain training data, inputs and
outputs are swapped. This method is termed as

instantaneously once trained.

To elucidate| e ttamnsder design of a generic microwave (Mdévice with physical dimensions
(aa,&), substrate height bnd let the corresponding response in terms of electrazahpeters b&;:
and S1. Therefore a forward ANN modaind corresponding (onef the possible) inverse NN model

that can approximate this device would h&hwetopology shown in Figure 2%

al al
S11 521

Inverse ANMN
Forward ANN or INN

al a2 h 521 511 h

Figure 2.54 Forward Neural Network and Alongside one of the possible inverse Neural Networ
Configuration

In the inverse model we can stbatsome of the outputs and inputs are flipped but h (substrate
height)is still an input parameteBut sucha model (et us call it the direct inverseadel) often
faces a stumbling block in terms of noniqueness ofthe xC y mapping (inpubutput
relationship) or multivalued solutions. This medmat multiple inputs ofthe forward model can
have thesame outputghis means thaine input value athe inverse model can produceiltiple
outputs.As a consequence, training eaverse modetan becomehallenging.This problemis

illustrated in Figure 25 for the simple scalar inpautputmapof f (x) = »2.
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Figure2.55 (a) , (c) Represeorward model y=%Xwith manyto-one mapping. (b), (d) Represent
Inverse model|, _ [T“M with nonunique multivalued solutions

Figure 2.55(a) shows plot of y¥x?; as it can be seen for two different values of x the value of

function canbe the samehat is thifunctionis manyto-one.Figure 2.55(b) and 2.55(d) show

the plot ofthe corresponding inverse functior = ‘Nﬂ and its map, respectivelAs we can
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see a single input forthe inverse model has multiple possible outputs. To overcome this

predicament a novel methodology was developdd.520].

The proposed technique initially finds out whether there isurgue inpuoutput mapIf so,
thenso-calledadjoint neural netwdérwhich is thederivative informatiorof the neural network

outputs w.r.t. inputsUsing these derivative criteria, training datgastitiored various groups

based upon the slopeaé&h group of data is used to train a separate inverse nvaadeh is

caledthe6 i mesubmo de |l 6 . Snodekndividaallyslwle s n 6t suffer from

solutions, the modelingoodaccuracy.

B) Inverse Modeling Formulation

Let the forward modeling problem be representeid agjuation (2.58), namely
y=f(x) (2.513

wherex is an-element input vectoandy is amelement output vectoiherefore, x = [x X2

é X' ,y=[yy2€ . .m] "yand f represents the inpattputrelationship Figure2.5.4 shows a
3-input forward model andts corresponding inverse model with some inputs and outputs
swappedNow lets consider a scenario such that few of the inputs and outputs are swapped and
say a subset ofandy is swapped thus forming an invers@del. Considerindix to be an index

set containing the indices of inputs of the forward model that are moved to the output of the

inverse model

Ix ={i|if xiis swapped tobecome output of inverse gic (2.514)

Similarly, lets define another index detontaining indices of outputs of the forward model that
are swapped and have now become inputs of the inverse model

Iy ={i|if yiis swappedtobecome input of inverse nip (2.515

Also, let X and Y be vectors of inputs and outputs of the inverse model. They differxieomd
y in that some elements have been swapped. Therefore inverse model can be defined as
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y = f(X) (2.516)

where f representsnput-outputrelationship of the inverse modey, containsy; if il Iy andx;

if i1 Ix; X includesx if i | Ix and y if i 1 ly. Forinstance lets again considenfard
and corresponding inverseodel for a MW device as representedrigure2.5.4, where we can
write for:

Forwardmodel- x1 = al, % =a2,x=h;alsoyr =Si1, y» = S and

and,

Inverse model Z=Sn,g=&1,g = h; and yl=al,Y2:62

Thus,
k={1,2} (2.517)
ly={1,2} (2.518)
x=[X1,X2,%]" (2.519
SASAN (2.519
y=1y.Y,1" (2.521)
= [x,.%]" (2.5-22)

Once the inverse model topology is developed according to the methodology, next process is to
train the inverse model. Ideally training data is generated in a similar way as for the forward
model using EM/ Circuit Solver and finally inputs and outpares swapped in accordance with

the desired model. This neural model thus generated would be a direct inverse model which, as
explained inSectionA, is suitable when 10 relationship is one to one or monotonous. Whereas if

that s not t e@laimedis mexBectionasetutdized. e s a

C) To Check Whether Non-Uniqueness of 10 Relationship Eists

As discussed in previol&ectionif we encounter forward 10 map to be ngronotonic then

nortuniqueness of inverse 10 map causes a problem. To overcome that first of all we will need
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to be sure whether neanique inputoutput relationship existdor the inverse model under
considerationNow, if two different input values in the forward model lead to same output, then
certainly there will be a contradiction in the inverse model as one input will have multiple value
outputs. In that case training of the inverse model becomes problematicwaill lead to high
training error which is undesirable. Therefore, detection @fmonotonic nature of forward

input-outputrelationship becomes indispensable, and is determined next.

The procedure to aomplish this is proposeth [2.5-20] and wewill describe it here. To
determinewhether the inpubutput map is nomonotonic letds considetyx andlyindex sets,as
defined byequations Z.517) and (2.5-18), respectively. Both these index sé@ve egal
number of elements anddices (i.e. elements ) ik andly are in increasing order. Now, we

define distance between two samples of training data, sample nuanial; as

d® :\/é (x" X2 ™ X™? (2.523)
i=1
(superscripg |, k depictthe sample number in the traig data wherein each sample contains

input vector and corresponding output vector)
where d*" symbolizes the normalized Euclidean distance between two samples namely sample

numberk andl : X and X are the maximum and minimum value ®f which is

) = (k)

computed from the training data >_<i(k and y  represent values ok and §/i in the kth

sample of training data, respectiveNow, we define neighborhood of sam&g) using a user

defined threshol d, U (its value d&%)ﬁesiLh'ﬁs on st

o

neighborhood ifd*” < U. We then define maxi mum and mir
reside within the neighborhood of as

Given that a sample lies within a neighborhood_(%)f, we ddine maximum and minimum slope

as

47



1
A max em o ,— K =) — (max) — (min >
y O =gd(kk,|) ) a Ly -y )y -y ))]2 Ef (2.524)
max ~ 2 eon . —K® —O —(max) — (min < :
g = I (COMRE B VI S | L
(k) Q) (max) (mi )) 3
é min e m — — — (max — (min) . » @
Sy Ay -y Iy -y )T
0 = (k1) i= i i d
Y in _gd DR nl k-0 / —(max) — (mi”)) 2 t (2.525)
& a [ -x)/(x  -x )7

Once these slopes are computed in the neighborhood for a given sampteeck whether
multivalued solutions exigh the neighborhood for the sample under consideraﬁ«%).( If in

the neighborhood of>_<(|), the slope is larger than the maximum allowed slope or ratio of
maximum to minimum slope is largerthan the maximurallowed slope change, we can
ascertain that there exist multivalued solutions for the current samipsecriteria for detection

can beexpressea@s:

If, Y o> Yia (2.526)
and

then multivalued solutions exisQuantitiesy’,, and y ., are useiselected values and the

selection criteria is discussed next.

Now the question arises how to decide the neighborhood (depictddidrya given sample. It

has been observelat if there ardk samples in training data atdnumber of outputs then,

K-1
28d
e> — it (2.5-28)
K-1
where
N .
ai':\/é_ (yj<'+1> .yjﬂ))2 i E 2, e K (2529
j=1
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Equation 2.5-28) and (2.5-29) state that)must be greater than twitke average training data

step size foy.

¥ - can be apprornated by computing slope for the forward model, using same principles as
equation 2.5-24) and(2.5-25), and taking the inverse of i.,, can be application dependent but

usually its value can be around 1.

D) Method to Divide Inverse Model Training Data if Multivalued Solutions Exist

Inverse model training data need to be preprocessed once its been ascertained that
multivalued solutions exist. Then the next objective is to segment the traininopidat@arious
sets such that e a ¢ h -usiquénessl af sofutioBstproldem f Jo.enow tier o m

challenge remains, what criteria must we utilize in order to partition the data?

As an illustrative example, we look at the division of data for adimensional (1 input and 1
output) neural network model Letss again consider the inpatitput relationship depicted in
Figure(2.55), i.e.

y'= f(x) #x)° (2.5-30)

Note that neur al net wor kyi modvelids eoautaputy or efpa

example to avoid confusion with the generalized cBisav, letis examinethe forward model
whose analytical form is given mguation 2.5-30). It can be bserved that;if we segment the

input domain into two segments such that for one segment the slope is negative while for the
other slope is positivehe two segmets (groups of inputjhus generatedhave corresponding
inverse submodels with unique solutions. This way we can evade the complication of

multivalued solubns. In mathematical terms:
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If for the K" training sample

ady's _, (2.531)
dx'~,
then
[V X d T H 2.5
32)
otherwise
[V X T H, (2.533
where k = 1, 2, é. KHnandrH ae thetcainingdatargets fersinverseb

model number 1 angumber 2

In this casey is not needed since we have graph for the examplgr gnis taken to be 1.

100 T T

90 .

70 Negative Slope Positive Slope 7

=X
0
o

T

|

f(x)

w
o
I
|

Figure2.5-6 ForwardModel and main Bifurcation According to Sign of thédpe
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Figure 2.57 Correspondingnverse MbdelDivided into Two Inverse Sub Models thus

Eliminating Multi-Valued Solutions

The gproach described above is for 1 inpltoutput model but in RF and MW design we
encounter multivariable models and therefore we need to extend this formulation to multiple
dimensions. Todo so we need to compute derivativafsoutputs versus inputs foorward

model Derivative information is formulated for only those inputs and outputs pairs that have
been exchanged (to form the inverse model). Again considering a generalized neural network
with n-element input vectax and melement output vectgrwith Ix and ly index sets as defined

in Part B ofSection2.5.3-B. Therefore derivative computed at each training sample, for the

inputs and outputs swapped to form inverse model, can be expressed as:

%w:x(k), i f1,and j i1, (2.534)
]
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wherek= 1, 2, 3, éé. ., K, and K is the number of
derivative information, training data dsvided into two sukgroups for each pair of one element

from Ix and one fromy. This is done as follows:

If for K" sample
Wix=x0 <g (2.5-35)
KX

then current sample is platen a different group as opped tahe sample for which

Wiix=x0 >g (2.536)

]
Hence, this sample will bplaced in a distinct groupgdeally ¢ is equal to zero but we can
assign it a vary small positive value and that will introduce overlapping connection at the break
point between the two groups. The choicegbfonly affects the accuracy of the model in the

overlapping region and rest of it remains unaltered.

If,
Number of elements in skt=p
Number of elements in sBt= q

Then

Minimum number ofnversesub modelsequired =p3 g

After finishing this task we end up with Bgast p3 ginverse submodels. Now, the problem

arises inthe fact that, when ghuser submits an input to the inverse-suwuelshow to decide
which submodel to useHenceforth, a mechanism has to be developed to choose tneosiah
that gives the most accurate result. This technique will be discussed in the nexschajetil

againsthe backdrop of inverseesaral network applied to design the transmitarray.

52

S

a



2.6 EXISTING USE OF NEURAL NETWORK CONCEPTS IN THE DESIGN OF
PRINTED HIGH -DIRECTIVITY ANTENNAS

Existing applications of neural network concepts to {dghctivity reflectarray antennas
described in this section. We note at the outset that in all these applicatiorsithlenetwork
concepts havéin the terminology of this thesidjeen used ilms fAf or war do neur a
establishaugmented databaseAlso, these are all for the gign of reflectarrag rather than
transmitarray¥. In reflectarrays only the reflection coefficient phase is important; the magnitude
is always unity. In transmitarrays both the phase and the amplitude of the element transmission
coefficients are of intest. In order to be able to place this work in the context of the present
thesis, it will be necessary to refer back to earlier sections of this chapter, as well as forward to

sections still to come.

Reference 7.6-1] usesso-called Minkowski elementdor the reflectarray unit cellsThree
geometrical parameteraind thefrequency are the inputs taeural network model and the
reflection coefficienphase is the outputhus four inputsare mapped to one outpdthe FDTD

based commercial electromagnetic simulation c@®Il Microwave Studids the fullwave
analysis used to generate accurate data to be used in the training of the neural network, which is
used as an interpolator to augment the number of poinilalaieain the database. Bypmparing
reconstructeddata (obtained using the neural networihd additional fullwave data, it is
established that the egeralized regressionneural network (GRNN) model can reliably
characterize theeflection coefficientphase Compared to thé&/LP neural network with feed
forward computation andquastNewtonas the training algorithrthat we have utilizein setting

up the neural network models Bection3.3 of this thesis,GRNN has an advantage that it
doesndt iple gemiionseefareucbniverging to the optimal set of weight vedBRNN
onlyrequireas i ngl e pass (one iteration) to Ol earné.
to quasitNewton based neural network modek that it requires substantial comptidga time

(and hence resourcef) evaluate new points once learning is complete. Given ithahe

present workye need to repeatedly access the forward neural network model relattbtisdip

YTo the best of this author os k manetwerks qéaansmitsray desijn t he s uj
has not yet been reported by others.
11 This will be apparenin Algorithm-6 and Algortihm11 inSections3.5 and 4.5.
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characterizes inptdutput relationship of transmitarray ticells, use of the GRNNvould lead
to enormous computational cost associated with esigniteration. Parallelization can be
implemented to combat this bottlenegkhen using theGRNN approach,but it leads to

complexity in algorithm formulation.

Reference [&-2] describesthe generation of the augmented reflectiphasedatabase for
reflectarrays that use Minkowski elements, but using théilayer perceptron (MLP)neural

network approach described in Part D of Section 289.1n or dero ttohefii anwgemdnt
database during the reflectarray design direct use is made of a numerical optimisation routine
(particle swarm optimization or PSO) This approach does have one excellent characteristic,
namely that element dimensiorsse selected according the sensitivity of the resulting

el ementsd6 reflection phase to small di mensi on
approach in the present thessssimilar to that in [2.6-2] in the use of the MLP route for
generation of the augmentedtabase (albeit for a transmitarray surface rather than a
reflectarray). However, use of tRSQalgorithmapproach for inversion of the database only
requiresong computing times for each elem&rdut dso provides only one solution. As we will

see in Section 35, we need multiple possiblelement dimension outputs (the data are
multivalued)for a given transmission coefficient phase value in order to select the best possible
amplitude. Hencethe PSOapproach was deemed unsuitafe the invertingprocess in the

present thesis. I2[6-3] similar methods are applied to thesthn ofan X-band reflectarraypy

thesame group which authored.¢-2].

The MLP neural network topology is employed .64] to augment the database for the
reflection coefficient phase of reflectarrays, for four different typeslerhents: 1-layer square

patch, tlayer modified Maltese cross;l&yer stacked patch, andl&yer square patch. This
validates the appropriatehes of t he MLP model for database 0
model will also be used in this thesis, albeit for transmitarray elements rather than reflectarray
ones. Referenc[6-4] does not discuss the inversion of the database.

12 And there are more than 2000 elements for each transmitarray.
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The design of a rédctarray antenna with a contouredam radiation pattern is the subject of
[2.6-5]. A neural network model, trained using fulave data points as usual, is used to augment
the design database, and its accuracy is confirmed through comparison to ddditliemave
points. In order to reduce the overall time in the neural network modelling symmetry is
exploited, and mulistep training along with other improvisations is used. However, only
forward neural network modelling is usdd Section 3.3we will show that the use of self
organizing map (SOM) based clustering neural network generationan achieve similar

accuracy.

2.7 CONCLUSIONS

Section2.2 provided a discussion of the assumptions used in the design of transmitarrays.
The approximate (yet aarate) techniques used for computing transmitarray radiation patterns
was also provided, as well as the basics of the transmitarray design procedure that will be used in
this thesis. Although this is not new, it is not available elsewhere in the cdbatediven here.

We have also used some structured notation for increased cBeitijon2.3 briefly discusses

the approaches one could think of for transmitarray design, and explains why one has been
chosen here (as in fact already outline®ection2.2.4). Two ways of generating initial design
database points are mentionedSection2.4, with reasons given for choosing one of these in

later chapters.

As the thesis proceeds it will become increasingly clear that the use-ofafedl analysis alone

for database generation is not computationally efficient. It will also become clear that inversion
of the database, which is necessary for completing thesntigarray design, is a difficult
problem. This thesis will show that neural networks can be used to overcome both these
difficulties. Section2.5 therefore provides an introduction to the neural network concept, with
some emphasis on the inverse neural network ideas that have previously not been used in

antenna work, and which will be developed for such application in Chapter 3.
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Details of exsting usage of neural network modelling in the reflectarray (as opposed to
transmitarray) antennas are describe&attion2 . 6 . We found that wher esc

networks have been used for these antennas, the inverse neural network concept has not.
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CHAPTER 3
Design Database Constructio& Inversion Using Neural
Network Characterization of Computational

Electromagnetic Data

3.1 PRELIMINARY REMARKS

Figure 3.31 summarizes the complete transmitarraya design procedunéiones in
Section 2.4.In this chaptg in Section3.2, the database is generated and owing to some
shortcomingddentified here in Section3.3, we discuss the need fortiéicial neural retwork
characterization oftransmitarray antennalement size and correspondm transmission
chamlcteristics. Along with that the processfofward neural networknodel generation using
selforganizingmapsis elucidated.In Section3.4 the subsequent inverse model generation is
explainedto invertthe mapping be&teen inputs and outputs of transmitaredgmentsand the
next step is to extract output from the trained inverse neural network ,mddeh itself is a
complex procedureas proposed irSection3.5. Finally, inSectiors 3.6 and 3.7, we establish the
acaracy of the neural network model thus generaad conclude the chapieespectively.

3.2 DESIGN DATABASE
Database generation consists of various stages starting from the unit cell characterization
according to the transmitarray to be desigrsetting up the full wave EM simulation of the unit

cell using Floquet port analysis and periodic boundary conditions, and storing the relevant S

parameters.
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3.2.1Unit Cell Specifications

In this thesis the transmitarray undeonsideration is a-Bayered structure as shown in Figure
3.2-1 where the exterior layer of each cell has idensgalareconducting patch dimensions a
andtheinterior layer of the unit celthelayer embedded in the dielectri@s square conducting
patch dimensionawhich is independent of the exterior layer. Dielectric material with dielectric

constantlj is filled between the adjacent layers and electromagnetic field impinges upon this

structure by virtue of the presence of feed horn.

Database Generation
Database of geometrical parameters mapped to electrical parameters |s

Inversion of Database

Geometrical parameters for each cell are calculated by inverting the base
using Neural Network Modeling

Figure 3.1-1 Transimitarray Design Approach
3.2.2 Periodic Structure Analysis

As discussed before, each unit cell of the transmitarray has unique dimensions depending
upon the desired phase shift and foe periodic structure analysis ofparticular cellit is
assumed tht theparticular cell(letés say H cell) is lying in an infinite periodic structure in the

x-y plane as shown in Figure 322
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Figure3.2-1 Side view of the transmitarray showing geometrical dimensions associated with each cell

Figure 3.22 depicts the periodic structuamalysisprocedure, where nthelemgnte | | 6 s ge o met
is shown (b) and it is assumed to be residimghe periodic structure ifd). Now, consider

Figure 3.22 (d) wherethenc e | | i's |'ying i npregresentpiateelenoedti ¢ st r
spacing and 6s6 is the cpahmeters forzthes.perivde stiuadunef t o
Due tothe infinite structure assumption, appropriate periodic boundary conditions reduce the
problem to a field analysis for a single c&but to facilitate that, following conditions needs to

be met:

/0

S<—— (3.21)
1+|Sing, . |
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s being the unit cell sizg,, is the free space wavelength of the incident electromagnetic wave
and g, is the maximum angle of the incidence which will be for the cell located farthest from
the center of the transmitarray. Therefore, for the edsen g, = O° i.e. normally incident
wave, s </, whereas forg,_,= 90°, s < /,/2. In the periodic structure analysis carried out in
this work, we have used the lower threshold which is $,42 to account for the fact that cells

lying far awayfrom the center (given that we are considering an infinite periodic structure), the

incident wave would have a large npero incident angle.

We have used square unit cell in our design,f s | a& 8lust@tedirFigure 3.2-2(d). The
full wave eletcromagnetic computationsere performed using Ansys HFSS, a commercial full

wave simulator employing finite element method basethod.If E;“ and E;’”t are the incident

and transmitted fielgsrespectively which are defined athe nf" e | e me nt Oteen @ase nt er

described in Section 22they are related as
E (X Y 0= TYE] (X, Y -h) (3.2-2)

where quantity T” is the complex transmission coefficiefar the ycomponentof the field

through the W elementassumed to be equal to the transmission coefficient of a plane wave that

is incident, with incidence angle&y,.., f£.) in Figure 2.2-1, on a structure composed of an

nc’
infinite number of element® the xy planethat are all identical to the'nelement (which
reduces it to aoubly-periodicplanarstructure). This is of course an approximation, since the n

th element inthe actuatransmitarraywill not be surrounded by elements identical to itself. The

value of T will be afunction of frequency, the properties of the substrate material, the widths

of the conductors at each layer of théhncell, and the incidencangleqq,., £.). So we can

write themas T” (a, &,9,., f.. f. .} In what followswe fix the materiap ar a mgh)and ( U

T

frequency(f) as well as assume thtlte plane wave is normally incidefit and thereforeT” is

13 Oblique incidence will be considetén Chapter 4
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only a function of aand anamely T ( &, &). Because of thé©(’ symmetry of the particular

structure under consideratiofy, = T

Tabulated values off * and T’ are referred to as thdesign databasdor the particular

transformation surfac@ransmitarray in this caseJo emulate the infinite periodic structure

perfect electric conduors (PEC) areplaced along the-axis and perfect magneticonductos

(PMC) areplaceal along yaxis, on the boundaries of the square unit cell as showigiare 3.2-

3. This imposes field polarization in the ydirection (vertical polarization) for thancident
electromagnetic wavé@his is automatically accomplished by HFSS when being used to analyze
plane wave scattering from infinite periodic structuidse square unit cell is chasbecause it

can be used for duglolarization or circular polarizaton appl i cati ons as wel
order of rotational symmetry is 4 Qfotational symmetry). Hencany of the two orthogonal

polarizations would be supported.

/ PMC

—— conducting
patch

Figure3.2-3 Top View of the Unit Cell witlBoundary Conditions Pertainirig Infinite

PeriodicStructure
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Using thisunit cell in the finite Ement computations using HFSS.2-1], we generate a
database of tramission coefficierstas indicatedabove. We only vary the dimensions of the
conducting patches of the unit cell,(a) andkeep other parameters fixedas

s=3mm cell size

h=1mm  height of substrate
U=2.2 relative permittitivity
f =30 GHz frequency

6 is so chosen that it is smaller than hal:
equation (3.21) but large enough to be above the tolerance of photolithographic etching process

used to fabricate the structuiehe frequermry of operationvas chosen to lie in a band thvaitl

enable us to compare the results in this thesis with work on transmitarrays done by others.

3.2.3DatabaseGeneration

We vary a and a and fix all other variables and find the correspondirapnsmission
coefficient forthe n™ element lying in an infinite periodic structure in the ylane.A non
uniform sample space foriy(a) was chosen based upon tieserved sensitivity in the periodic
structure response to changes in #g. In regons of more rapid variation in the response the
higher the sample density used.as depicted in Figuré. 3rRtotal 4893 sample points, (@) are

selected, and a full wave analysis is performed for each point.

As precisely noted in Section 262 the tansmission coefficientT(”) will be referred to as:3

We describeS-parameter database as:

(arg{ %1} | %J) = gnabase( 3, @ (3.2-3)

14 Reasoning behind the selection of theses parameters is provided in Chapter 5.
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Sample Space for Design Database Generation
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Figure3.2-4 DesignDatabase Sample Space lllustrating Némiformity of SamplesSelecteased
upon Degre®f Non-Linearity of Response

We feed the samplggl, & ) to the full wave 2 electromagnetic simulator and store the
corresponding phasea(g{ Su}) and amplitude |(521|) of the transmission coefficienThis

provides the $arameter databases shown in the next few figures.

In Figure 3.25, the range of phase values was fre27®® to 37 which shows not the entire

phase range (36Dis covered. It is due to physical limitations of the unit cell structure used in

this designFigures 3.2 and 3.26 show the transmission phase and amplitude, respectively,
with respect to all the combinatie (a, &) shown in Figure 3:2. Figure 3.2/ however,
demonstrates the possible transmission amplitudes available for each transmission phase value.
Now, ideally we would want unit transmission amplitude for each phase value (0 dB) but due to
computatmal | i mitations, as well as the physical
possible. Therefore, in the optimal case we should be able to get transmission amplitudes marked

by the red envelope in Figure 8Zor each phase value.

64



S, Phase (degrees)

. 28588
50— 28882
-3gER2 et %
.-098§8§8go
4
0-] w%g‘égoo g
03028 ogog BT
RRR A2 s SR
. iremiiaian
ap BB
-100 .- oo gﬁgﬁ‘%§

a, (mm)

a, (mm)

Figure3.2-5 Transmission Coefficient PhaseMus ( a, &)

821 Amplitude (dB)

Figure3.2-6 Trarsmission Coefficient Amplitude &sus (&, &)

65



S21 Amplitude (dB)

821 Amplitude (dB)

o

4

1 | |
-250 -200 -150 -100 -50 0 50
821 Phase (degrees)
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3.3 ARTIFICIAL NEURAL NETWORK (ANN) CHARACTERIZATION OF
TRANSMITARRAY CELL RESPONSES

The transmitarray design proce§sgire3.1-1) involves inversion of the database in s3ep
In other word, thegdatanasemap in equation (3.2) needs to be inverted i.e. outputchme
inputs and vice versa.Ug tothe highly nonlinear nature ofg,,..... €vident inFigures 3.25
and 3.26, the inverse map represented ¢y __ is even more nofinear. We thereforewould
need large amount of data samples (of the apfl@&00,000 but currentlyg,,...... contains only

4893 samples ) fonverse neural network modellingvhich would be impractical given the
sheer amount oftomputdion time and extensivenessin the full wave electromagnetic
simulations. Therefore, wirst usea 0 f o artfidal redral networkANN) to accurately

characterizeg,,,.... Using the 4893 full wave points order to accelerate the response time for

the calculation ofransmission coefficient at many mdie, &) values, for use in the inversion

process.

Therefore, two forwardANN models are created usiray3-Layered MLP*® neural network

topology; one fos: phaseand anothe&: amplitude These models are generated as follows :

forward

Forward model br forward phase modelf,; ;" , maps (& &) to S phase

arg{S,} = fmi"(a, a,) (3.31)

f forward

Forward model 2r forward amplitude modeglf,,.;" , mapsa, &) to S1amplitude

1S, = 5 (a, a,) (3.32)

where,
x = {a1, &} (3.33)

represergneural network input vect@nd,

15 See Section 2-3
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&\ — n  gforward
y:{821} IFy arg{%l} nn,1 1

" (3.34)
py=1s. "t

represerd theneural netwrk output vectorGiven the highy nonlinear nature of the function
Sei(ae, @), apparenin Figure 3.25 and Figure 3:5, forward neural network training process
becomes difficult to do accurately due to the limited amount of training data samples. In order to
possibly surmount this pblem, theSOMmethodis next implemented.

3.3.1 SekOrganizing Map (SOM)
A) SOM Topology

The SOM approach was briefly introduced in Part G of Sectiorl.28e place a higher
dimensional data spaeto thelower dimensionaimap by finding the node with the closest
(smallest distance metric) weight vector to the data space vatiertotal number of cluster
centers to be determined from training data is equal to the total number of neurons IMSOM.
the sample distributionagh neuron represents a cluster cerifee SOM network is created
from a 2Dabstractattice of 'nodes’, each of which is fully conreztto the input layerFigure
3.31 showsthe SOM network of 3 X 3nodes(in the computational layegonnected to the input

layerrepresentinga two dimensional vector.

Each node has a specific topological positianpfint in the abstradattice'®) and contains a
vector of weights of the same dimension as the input vectors. That is to say, ifriimg tdaita
consists of vectorsf dimensionsn such as:

V = [V, Vo, Va...Vin

Then each node will contain a corresponding weight vedtdimensionsn:
W = [Wi, Wo, Ws...Wh

®We emphasize the adjective Oabstractd to avoid confusi
physical transmitarray structir
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In our caseeachinput vector Vhas 3 dimensiongn = 3)and so does the weighector Wfor

each nod¥

V=[a & arg{Sa}] for fam™ (3.35)
and

V=la & |S]  for f o5 (3.36)

The output of the SOM is the distribution of input sample space into discrete clusters according

to the criteria in Algorithrel.

Nodes or Neurons

Computational
Layer

<——— | SOM Weights

Input Layer ' ‘ ' <——— | Source Nodes
a

& arg{S1}
or |S4

Figure 3.31 2D SeltOrganizing Map

17Inputvector\ﬂn the case of SOM is differepand(3R)om i nput vect
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B) SOM Learning

For SOM training, the weightector associated with each neuron moves to become the
center of a cluster of input vectors. In addition, neurons that are adjacent to each other in the
topology should also move close to each other in the input space, therefore it is possible to
visualize a highdimensional inpuspace in the two dimensions of the network topology. The
default SOMtopology is hexagondlut we have usedrectangular topologyFigure3.3-1 shows
the neuron locations in the topology, and indicates how many of the tramtimgi associated
with each of the neurons (clusteeners). The topology is aBy-3 rectangular grid, so there are
9 neurons Training data is divided into @lusters using SOMas shown inFigure 3.3-1.

Bas i c al -Dynatrix with ®acltaele@entpeesenting a clusteFigure3.3-2 and 3.33 show

the SOM topology and distribution of training samples (input vectors) among the clusters
(nodes)respectively for the phase model (same procedure is followed for the amplitude model).
4893 samples are distributed among 9 clusters based upon criteA&garithm-1. The
generalized SOM Learning Algorithm is #ollows, cktails of whichcan be found ifi3.3-1]:

Algorithm -1
Training occurs in several steps and over many iterations:

1.) Each node's weights are initialized.

2.) A vector is chosen at random from the set of training data and presented to the lattice.

3.) Every node is examined and the one for which weights are closest to the input vecto
winning node The winning node is commonly known asest Matching Unit (BMU).

4.) The radius of the neighborhood of the BMU is now calculated. It is initiated Watlya value,
typically set to the 'radius' of the lattice, but diminishes with eachgtem® Any nodes foung
within this radius are deemed to be inside the BMU's neighborhood.

5.) Each neighboring node's (the nodes found in step 4) weights are so adjastbdyt get close
to the input vector. The closer a node is to the BMU, higher is the degree to which its
are altered.

6.) Repeat step 2 for fhumber of training sampleggrations.
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Figure3.3-2 3X3 Rectangular Grid Representing Nodes/ Neurons in
the Computational Layer of the SOM

Hits

25

1:5

Y-Coordinate

0.5

-0.5

1 1.5 2 25 3 3.5
X-Coordinate

-1 -0.5 0 0.5

Figure3.3-3 Number oHits for each Cluster i.e. Number of Inpitector

forward

Sample Associated with Each Cluster Center the Phase Modelfannl
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C) Sub-Model Generation for each SOM Cluster

Once allthe input samples of the form V (i the input vector for SOM learning process
which is formed by combining the inputsand outputsy of the forward neural network in
equation(3.3-1)) are fed to the SOM ancbnsequentlclusters are formed\ine distinct sub
forward neural network modelwere generatetbr the forward phaseneural network model
(3.31) - onemodel for each SOM clusteEach of the ninenodelshaveinput vector of two
elements [ a @] and an output vector of one element [ argf$ . Mathematicallythevariable

vecta space of fjory® (3.31) is divided intonine subvector spacesand each sufector

space is used to generatdymodelsgiven by,

i f forward

annl where i=1, 2, 3é. 9 (3.37)

Each of the 9 suineural network models were generated usiag3 layered multiayer
perceptron (MLP) as the topologandwere trained separately using the corresponding dataset
from the related SOM clustefinally, the outputs were combined to obtain a ladggabase.

Input Layer Hidden Layer Output Layer
with 2 Neurons wi th ONO withl Neuron

a
arg{S:1}
or
X~ |S24]
&

Figure 3.34 Multi-layer Perceptron Topolodysed for Forward Neurdetwork Sub-Model Generation for Phase
( f forward ) for each SOM Cluster

f forward
ann1

ann,2

) and anplitude(
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Algorithm -2: Forward NN Sub-Model Generation with SOM

—[al'g{$21
x=[ay az]"
y" -[|$21|]

v =[xy]
(input vector
for SOM)

n=n+1

SOM Clustering
based on Algorithm-1

Generate MNeural
MNetwork

vas—™ Model (sub-model)

for each SOM Cluster

Store the data
in each cluster for
sub-model learning

Are all
samples
used?

Figure3.3-5 Algorithm for Forward SutModel Generation Process Employing SOM Clustering

Figure3.3-5 delineates the forward neural network-sabdel generation processingthe SOM
clustering explained irSection 3.3-1(B). Here,x and y represent the input vectors for the
complete forward model for phase and amplitude as given in equéi&i and(3.3-2), and
they are combinetb form V, the input vector fothe SOM. This way sulimodels ardrained
andstoredin adatabasgdatabasel for phase models arghtabase? for amplitude modejs It

is important to note that sample space for each of thensubls is determined by the SOM as
per the distributiorshown inFigure 3.3-3. In essencegatabasel representgollection of data

structuregin this case neural netwopksf the form
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Forward submodel index

based on SOM Clustering )
Mapping Forward

/

R — i f forward

: databasel 1 wherei =1, 2,i3é.9
Fu_n_ct_ion representin Phase(1) oAmplitude (2) forward model
artificial neural network(ann)

i £ forward ) ,

: database? — fann,2 where | =1,2,3¢é.9

Figure3.3-6 Definition of the Neural Network Databases and Explanation of the Symbols Used fo
Model Representation

A quasinewton algorithm[2.5-14] was used to train the fiward phase/antipude submodels
according to the process flow describedFigure 2.5-3, and equationg2.5-5) to (2.5-10) in
Section2.5 are used for feedforward computationgh the sigmoid activation functioutilized

in the processDuring thetraining weight vector w = [ w w2 ] (shown inFigure 3.3-4) is
updated using aforementioned optimization algorithm and to summarize the neural network
training and testing procedure lets define some terminology Beree, we have clustered the
complee dataset stored iQgatavaseinto 9 clusters, we will show th&aining and testing

conventions utilized in our model generation for one SOM cluster and it would be identical for

forward

other 8 clusters. Lrdeelﬁ‘remdatabaselfordiéaﬁM ai=flpr ward su

N Yepresentshetotal number oflata samples in this cluster
IsY r e p rtleesi@dexdetdor all the samplesintheclustes | [ 1 2 é N]
'Y r e p rtleesdex detof training daias well as validation data
leY r e p rteesdex detotestdata

Training and testing datasets are formed by dividing the complete data set (for-thedsibn
guestion) by a given proportioin our case weplit Isinto two sets with 7%-25% split such
that | contains 75% of the samples for training antids a total share of 25% of the samples

used for testing. We define training erwanich quantifies the error for the curresgt of weghts
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and is calculated again after every update of weight vedtaw, using the generalized equation

for quantifying training error and modifying it for the training' d’)f"wa“’ (i=1) model, we get

1
Evaining (W) = ea a(yJ X W) -Y',)° Tj (3.38)
e1| lj4 L
where,
T n = 1,2,3éN (sample index)
1 Xn= n"inputvector sample such that, % [ a., & ]n

T vyi (xn,w) = " component of theutputvector ycomputedior the " sample and current
weight vectory = arg{S1})

T yhj= actual output from the dataset used for training

T i-= index for the output vector

Since the output, for the model in question, is in fact sctidarefore, j=1 is the only possibility
in equation(3.8) and one of the summations can be negledhds, equatior{3.3-8) can be

rewritten as®:

1
1€, , E

Evaining (W) = = &€ (yl(Xn, W) -y'.)® © (3.39)
el L

Oncethe training erroExyaining is below the prescribed limit, theaining is terminated. Ae next
step is neural network testingnd we utilize the dataset ascribed specifically to testing using the

indices in the testing index set Theaverage test erras quantified as:

S ANy W) - ¥'y))
@’I |e(§£ y|max_ y'min

average_ 1
est -
I

1
5%
8 E (3.310)

In equation (3.310) I, is the number of elements in the index seBimilarly, the worst ase

test error is calculated as:

18 In this case we are using Euclidean Norm for the error computation but norm of any order can be used.
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t _ (yl(X ’W) - yI ,1)
Ve\I;)tI'S case_ m aX n n

1 1 1
e Y max™ Y min

(3.311)

These error measures defined above are calculated for each of the $ tugieththe phase

and amplitude modelandthe mean of these erraebulatedas showrbelow.

Table 3.31 AverageTest Error

Forward Model AverageTest Error
No SOM clustering SOM Clustering (mean errq
of all sub models )
forward 4% 0.8 %
fann,l (phase)
f d . 0 0
fanonrlvzvar (amplitude) 11% 23 %

Table 3.32 Worst Case Error

Forward Model Worst Casd estError
No SOM clustering SOM Clustering (mean error (
all sub models )
0, )
fa]:)r:ﬁ/ard(phase) 10% 4 %
f forward _ 19% 9%
ann2 (amplitude)

Significant improvement in theemral network model performance is made having implemented
SOM as is evident in Tab®R3-1 and Table3.3-2. These forward suimodels are then combined

forward d f forward

to recreate original forward models,,,; ann2

. In this way 250,000 database points

were generated to be utilized for inverse modeliigure3.3-7 represents the augmented input
sample spee which was finally used for database inversion proeesi-igure 3.3-8 shows the
corresponding output sample space. These sample spaces resthiefcombined suispaces of
the SOM clusteed ANN models.

C) Output Extraction from databasel and database 2

Figure3.3-7 demonstrates the procedwsedto extractthe phase and amplitude information

from thedatabaseof submodels(generated in Algorithr2 ), given the input vector x = [1aa].
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The process is identical for both amplitude and pleas@ction and this is how we are able to
increase the sample density fpktavase The catabasen Figure3.3-7 can either belatabasel or
database?, depending upon the output paramesmught, namelytransmission phase or

transimission amplitudeegectively. Therefore, if we want transmission phase for the given

input x =[a a&] then, databasel(' fymy- f or i =) islutilized &d if ®ansmission
amplitude is to be calculatedatabase? (collection of' faf,:gard for i =), islinvdkedén. . 9
Algorithm-3.

Algorithm -3: Output Extraction from Database of Forward Sub-Models

Xx=[a;az] ProvisionalOR intermediat® y 6 t o i
SOM cluster for input

-
Complete Forward
Meural Metwork
Maodal |
/ﬁfm
— NN Sub-Models
wmmnm:arg{sm} \_//
or — sub-model 1
yProvisional _y g, | - sub-model 2
) = R,
8] .
N sub-model 9

& N~

Identify SOM
Cluster for V'

Select the corresponding
NN Sub-Maodel

Figure 3.37 Algorithm to Extract Transmission Phase and Amplitude Using NNMatels Using SOM
Mapping
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The above process is repeated fy = 250,00 samples and the output is stored tive

augmented,,...s 1he augmented sample space is representédjime 3.3-8, andFigure 3.3-

9 depicts the output amplitude and output phase for each of the inptitpuine 3.3-8 obtained
utilizing Algorithm-3.

Augmented Input Sample Space of the Database Using ANN
I I I

25

05—

Figure3.3-8 Input Sample Space of Combined ANNs

The Pllowing are the advantagesfofward ANN characterization of transmitarray database:

1.) It allows for regeneration of thousands,evenmillions, of sample points of transmission
coefficient which can be utilizkin thelaterinversionprocess which, otherwise, can be
almost impossible due to computational limitations. Thus it allows &olarger

concentration or density of sample points available

2.) Given the instantaneous response of the ANNSs, it reduceothputational time for the
optimization process involved in the Inverse Neunstwork modelling since the
forward neural network models form an integral part of ithesrsion processo be
described in Section 3.4
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Amplitude versus Phase Using ANN Characterization
2 I \ I \

0~ ° 9P DPyRm
$

821 Amplitude (dB)
T

. | | I | \ |
300 -250 -200 -150 -100 -50 0 50
821 Phase (degrees)

Figure3.3-8 Output Sample Spawf Combined ANNsor Input (a, &) Pairs ®iown inFigure3.3-3

3.4INVERSE NERUAL NETWORK MODEL GENERATION

We refer toFigure 3.1-1 again. InSection3.2 Step-1 was undertaken.t&p-3, which is the
final step in the proceswiill be addressed hefe In order to accomplish that step, we need to
generatdnverse modelsTheinverse problemwhich is to find geometrical parameters from a
given a set electrical parameters, is an arduous taskattempt to use conventionahalytical
approachBased on observations of inversion methods mentioned in Section 1.2 and Section 2.6,
we have pursued the inverse neural network (INN) approach due to its greater flexibility
compared to other approaches. Although the INN approach has been applied wawaditier
[2.5-20], it does not appear to have been used in the design eflingghivity aperture antennas

comprised of engineered electromagnetic surface.

19 Step2 is discussed iChapters, it is not directly related to database generation or inversion.
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In this approach geometrical parametéecome inputsand electrical parameters become
outpus. We alreadyhave neural network models, the forward neural network models both for
transmission amplitude in equation (3B and phase in equation (23 mapped from
geometrical parametersifa) to electrical parameters (argidand | S1| ), as shown in
Figure3.4-1. But for the inverse problem inputs and outputs are inverted partially or completely
as indicated irequationg2.5-15) through(2.5-21).

(a.a,)  (arg{ Sxu}.[Sxu) (arg{ Sa1}. [Sa1]) (a.a,)

Forward
NN

Inverse
NN

Geometrical
Electrical

Input Output Input Output

€Y (b)
Figure3.4-1 (a) Forward Neural Network® Map, (b) Inverse Neural NetworkQ Map

The design process employed in this research only demlamdisversion of transmission phase

forward neural network modehnd doesnét requi neavork moeeltabep | i t uc
inverted as indicated in the design process flow diagfigure 3.4-2. The anplitude neural

network model is only required whereweed to select the best possible &) pair for which

max transmission amplitude is obtaindthis is demonstrated ifigure 3.4-2. We seek the

element parameters:(ap) for a specified phase arg{$.

It will be helpful to provide some furth@mformation on the need for the inverse model, and why
only the phase model needs to be inverteohsler the forward phase motfehs given by
equation(3.3-1), namely

20 Note that equation (3:B) is the composite forward phase model but in the design process we useftirevauth
phase models as described in Figure.3
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arg{S,} = fi"(a, a,) (3.41)

Here,

X=[a, &] (3.42)
is theinput to the neural network model

y=[arg{S1}] (3.4-3)

represents theutput spacef the model

Forward neural network model
amplituce is used here and is notl
quired to be inverted

4
" Find associated
transmission Select the (aa,)
Generate amplitude for each with the highest
Database member of set transmission
using Forward NN amplitude.
(amplitude)
CreateForward Find set of
Neural Network possible sizes
Models for Phase (8y,&) from the
and Amplitude INN Model
A
s N
Generate the Input the phase
Inverse Neural correction
Network Model required for the i
(INN) for phase cellto the INN

h

AN

\ Inverse Neural Network for only

phase igeneratedhere

Figure3.4-2 Transmitarray Design Process Highlighting the Steps where Phase and Amplitude

Neural Network Models are Used

flvedi st he mdagreforefor thée inyerse rifodelve need to invert this mapy Y

annl
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For convenience, we wilket X and y be the input and output vectors for the inverse model.

Thus the inverse map & Y ¥ , and the inverse modean be defined as

where,

and
? — ( f forward)'1

ann,1

or

F _ inverse
f fann,l

Therefore, we can represent thiN as

(a.a) = fvre(arg{S,})

(@)

Figure3.4.3 Neural Network Model Representation for (a) Forward Phase Model, (b) Inverse Phase Model

(3.44)

(3.45)

&}

(3.47)

(3.48)
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As described irBection2.5.3, inverse neural network mosgleduch as in equatio3.4-8) suffer
from multivalued solutions dum® the fact that the forward models are not-tmene. Thus, the
training ofthei nver se neur al model becomes difficult.
(direct inverse modél)ssample spacis divided intoinverse submodels each of which denotes

part of the sample space of the original inverse model.

In order to do that, first of all we need to check whether multivalued solexist)as is thecase
for one dimensional inptdutput relationship ifFigure 2.5-5. Using equations2(5-22) to (2.5
28) it was established thatultivalued solutionslo exist Hence, there is a need to create inverse

submodels according to theriteria discussed in what follows.

We need to compute derivatives of outputs versus inputshéforward model. Derivative
information is formulated for onlyhbse input and outpytairs that have been exchangeal

form the invese model). In this case, sinttetwo inputs are swapped with the single oufast

evident in equation§3.4-5) and (3.4-6), the partial derivativeof the outputof f.°"* (the

ann1

rward

forward model) with respect to both inputs & ;" must be determineénd based upon this

derivative criteriatheinverse model is segmented.

“: forward

Since, for the forward modef ;" i npu't vect otwo eements asoshowm in n s

equation(3.4-2), whereas the output contains a@iementas shown irequation(3.4-3), there are

two partial derivatived possible according to which segmentation can be perthmaenely

A@rg{S,i})

Derivative 1 w0 (3.49)
da1 X=X

Derivative2 MI w0 (3.410)
da2 X=X

where k = 1,,%ih&thérudber.oksamples, and the K" sample.

21 These partial derivates are in accordance with the generalized partial derivatives defined in equati88)(2.5
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Recall that in section 3:2 we used the ANN characterization gf_,... {0 generate250,000

sample pointsThese nowvact as the sample space for the inverse model in equati$8). In
other words, we havé= 250,006

Accordingly, if forthek" sample

d@arg{S,,}) Ix=x® < (3.4-11)
da,
in which case th&" sample belongs tsubmodel spacd, as opposed to the casderefor the
k" sample
LCEICHFVENTIN (3.412)
da,

then current sample belongs gsobmodel spac®.The choice ofli was discussed in Part D of
Section 2.53.

This way now théargesample space for the complete inverse model is divided into two inverse
submodels using Derivativé. To simplify, we can refer to thewverse submodel spacd by

the termGroup 1, and submodel spac® by the termGroup2. We next letk; and K be the
number ofsamples in Groufi and Groug2. Samples from ach group arehen considered
separately.

Derivative2 is usedor further segmentationt, lfor the K"samplein Group1, we have

d(arg{S,,}) Ix=x¥ < (3.413)
da,
then
x® | Group1.1
otherwisejf

22 The inputs and outputs of augmentegugscare flipped to form the inverse vector space as indicated in
equationg3.4-4) through(3.4-8)
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d(arg{S,,}) Ix=x® > (3.414)
da,
then
x® | Group1.2

wher e k = 14, 2, 3, éééé. K

Similarly, Group2.1 and Grouf2.2 are generated by further segmentation of Gwsing
Derivative2. We thenhave four inverse submodels,each of whichrepresent partial sample

space d the inverse modeequation (3.48) and are used in conjunction.

Input Layer Hidden Layer Output Layer
with 2 Neurons with O6NO withl Neuron

Figure 3.44 Multi-layer PerceptroMLP) TopologyUsed for Inverse Neurdetwork(INN) Sub-Model Generatio

inverse
for i

The above describes the procedure for tackling the problem of multivalued solutions by dividing
the sample space in to suipdels. We next describe tlaggorithm (namely Algorithrd) for
implementing this. We then discuss the performance of Algofithand its shortcomings, and

the resolution of these sttoomings through the use of Algorithin
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Algorithm 4 To segment the direct inverse modspace into inverse suimodels

using adjoint of the neural network

Input: entire samplspace of inversdirect inverse model

Output: Direct inverse model space segmented imerse submodels

begin
v zbg default busmall positive valués chosen
Ns Y tot al number of sampl esesimedel call ed training s
comment s mal | positive or negat imodelovedapbue for U all ows

for iterate through all direct inverse modalmip | e s t(ok (Yk 1Y) Ns)
comment: compute partial derivatives of output w.r.t. inputs for forward ANN model

comment: x® denotes thetktraining sample

if w |x=x¥ < comment computed at'Rsample
a
if d(arg{S,}) Ix=x® <
da,

x® | Groupl.1

Lelseif 9@rg{S,}) |x=x® >
da,

x® | Groupl1.2

end

elseif M|X=X® >
da,

if d(arg{S,} Ix=x® <
da,

x® | Group2.1

S— d(arg{szl})lxzx(k) ~
da,
x® | Group2.2

end

end

end

return Groups
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After iterating through all the 250,000 samples and feeding these sam@&gotithm-4, we
obtain 4 inverse suimodels. Then, each suhodel is trained usinghe LevenbergMarquadt
training dgorithm [2.5-14] according to the process flow described Figure 2.5-3, and
equationg2.5-5) to (2.5-10) in Section2.5 are ued for feedforward computationshe sgmoid
activation functionn equation 2.5 is utilized in the process. Dug the training, weight vector
whN = [w,"N.w,\N] shown inFigure 3.44 is updated usingbove mentioned optimization
algorithm. 7o summarize thénverseneural network training and testing procezluve define
some terminology here. 8havecreated 4nverse submodels but will illustratethetraining and

testingconventions utilized in our model generationjfest onesubmodel it would be identical

for theother 3submodels L et 6 s nigversesulpnib@elcorrasponding to Group.1

Ni11Y  presentshetotal number of data samplésa Groupl.1 inverse sunodel
sample spagen this case Ni1= 96,000

1™ Y 1 e p rtleesdex detsor all the samples in tBeoup1.1,
[ 1 MNaq é

I™Y 1 e p rteesdex detof training data as well as validation data

INN _
[ =

I™Y 1 e p rteesdex detsof training data

Training and testing datasets are formed by dividing the complete data set (for-thedsibn

question) by a given proportion. In our case we dglit into two sets witha 75-25% split such

that I ™" contains75% of the samples fdraining whereasl " has a total share of 25% of the

sanples. We define training erromhich quantifies the error for the current set of weights and is
calculated again after every updatdhadweight vector Now, using the generalized equation for
guantifying training erroand considering the inverse model defined in equs(®#-4) through
(3.4-8), where

1

1€, 2, . E
W) = =6 @ ay;&,w™) y.)? ¢ (3.415)

22 <, ,

G o1 c

where
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T n = 1(sdmpl@indax¢ N
x. = rinputvector sample such thax, = [ arg {S1} ]"

T V. (X,,w) =" component of theputput vector y computed for the fi sample and
current weight vectory =[ ai, & ]

. y',, = actual output from the dataset used for training

1 j= index for the output vectpy=1, 2

w™N = weight vector associated with each synapse (connection betw@eeurons)

=

INN
raining

Oncethe training errork, IS below the prescribed limit, theaining is terminated. e next

step is neural network testingnd we utilize the dataset ascribed specifically to testing using the

indices in the testing index set Average test error is quantified as:

1

& v (% v ) 5%

averag INN 1 é g‘(y] (Xn’W) - y n,j) O l:
B -=——SA & - = gt (3.416)

! 28n| l.C Yimax™ Y jmin —t

where
I™ = size of index set™
Similarly, theworst @se test error is calculated as
2 (V; (X, W) - ¥',))
INN_ v ,

worst cas ot — max ma’\ J_ n n,J (34-17)

FINNC =g 1 RV
nl-le J y j,max y j,min

Having computed training and test errdos all four of theinverse submodels (INN sub
models), i was observed thdahe average training error is still very high (around 13 %). In
Figure3.4-5 andFigure 3.4-6, linear regression plots are presented demonstrating the erroneous
training of the inverse models f@roup 1.1 using the test data for this group; the plots basically
depict the accuracy of the inverse neural network training process in terms of linear regression
which should be unit ideally. On the vertical axis we have theabkhown values of the inverse

neural network outputs while on the horizontal axis we have output from the neural network for
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the test data inputsdeally all the points must lie on the y=x lihown in redbut that is not the

case as we can witness; instead the points are scattered and regression is lower than unity. For
other inverse model groups (Greli2, Group2.1 and Grou2.2) similar observationsiere

made. To further confirm thmaccuracyof the 4 submodels, training and test error plots are
presented in Figuse3.47 and 3.48. In order to overcome these shortcomings, the situation
demands furtherefining of the inverse model generation stggte This is achieved via

Algorithm-5, which is discussed next.

25

Il %Training Error
20+ % Test Error -

10~

% Neural Network Learning Error

2 3
Inverse Sub-Model Group Number

Figure3.4-7 Average Training and Test Error for each of the 4 Gra\fper

Slope Based Segmentation of the Direct Inverse Model Sample Space
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Figure3.4-8 Worst Case Test Error for each of the 4 Grodftsr Slope Based

Segmentation of the Direct Inverse Model Sample Space

Similar to what was suggested in [26], we segment the direct inverse model sample space
(using Algorithm-5) into several segments (sabgments) disregarding the derivative criteria
(slope based segmentation). We then apply Algoridhtm each suisegment. There are 4 groups
for each sulsegment. This reduces the size of the sample space for earkeirsubmodel
significantly, and limits the training error tremendously. The details of Algofirare showrin

the form of pseudcode and a flow chart in Figure 34

After implementing Algorthd in conjunction with Algorithreb, 2250 INN submodek were
generatedFigure 3.410 shows theest error(error measured once neural network learning is
finished to ascertain accuracy of trainingalculated for each of the subodels The sub

models are represented as
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Algorithm5: Further Segmentson and InverseSub Model Generation

Input: entire sample space of invedigect inverse model

Output: Direct inverse model space segmented imferse submodelsand stored in aiNN Repository

begin
Ns Y tot al n u mb e rtrainify samplen M idirec imeae nodewhera Inputs dnd outputs
are in accordance with equation-84
comment accuracyof an inverse model in each of the steps stands for the training and ézsbin
comment training is undertaken atch step when number of segments increase for each segment
individually and thus, we have a corresponding inversensodbel for that segment

inverse , . . .
if fann1 (direct inverse neural network model ) is accurate

comment terminate $tore the direct inverse model in the INN repository
else

. inverse A
comment: start segmentation of,,,;, model 6s sampl e space

comment segment direct model into Sségmentslisregardinglopecriteria

if submodels are accurate

comment terminatel st ore 6S6 segments in I NN repository)
terminate

else
comment: check for mn-unique solutions using egs. 22 to 2.528

if nonunique solutions exist

commentf eed each of Algo@hin 1geeativelewhichswilltetwrn 4 subsegments
based upon the slope criteria

convergence = false

while convergence alse do

fori=1to S
Function Call: Algorithm-1(s egment number 6i 6 )
comment: Algorithm-1 will return 4 subsegments or sutmodels for ' segment

i Y i+l
comment there will be S*4 submodels in the INN repository at this stage

if all the submodels areaccurate
convergence = true
terminate (store the sumodels in thdNN repository
else
| convergence false
comment Increase the number of segments from S to i2Sreduce the number of
samples in eacltegment by half
S \% 2*S
|_end
end
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else
comment: if there are no norunique solutions then increase the number of segments of direct

inverse modeby 2 twice.

convergence = false
while convergence = falsedo

sSY 2*S
if submodels are accurate
terminate (process finished and store all the sabdels in the repositoyy

end
end

end

end

_end
return INN Sub-Models
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Algorithm5: Logic Flow

-
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Generate Direct
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Are the Models
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Do Mon-Unigque
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Exist?

Database-1
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Segment Inverse Vector Space
Using DerivativeCriteria
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" Additional Work If Non-
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Mo

Yes

Are Sub-Models
W

Figure3.4-9 Logic Flow Diagram for Algorithrb?®

23 Algorithm-5 is adapted from [2:30]
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Figure3.4-10 Percent Test Error versus the INN Sdbdel Number

It was observedsee Figure 3-40) that most of the INNSub Models hadn average test error
under 1.2 %which is an acceptable numbatso, the maximum error thaesultedwas 4.97%,
for model numbe496. A histogram of the test error frequency distribution amtireyinverse
submodels isplotted inFigure3.4-10, showingthe average test error of most of the models well
within the 2% range. Therefore, it is established that implementatigigafrithm-5 along with

Algorithm-4 for inverse suimodel generation was successfrésulting in 2250 suinodels

95



(stored indatabase3). The next hurdle is howo seek output from Databa8e This will be

discussed in Section 3%

Frequency Distribution of Average Test Error
350 T T T T T T T T T

300

250

200

Counts

150

100

50

0 0.5 1 1.5 2 25 3 35 4 4.5 5
% Average Test Error

Figure 3.411 Histogram of Average Test Error for Inverse Svbdels

3.5 OBTAINING OUTPUT FROM THE INVERSE SUB -MODEL DATABASE

The next step in Inverse Neural Network implementation for a general microwave modelling
is thederivation of output from the datahse of inverse suimodels generated in Section 3.4.
Although it might seem obvious to just feed the desired phase to the deahadeseek the
corresponding dimensions for the transmitarray elementdtuth inverse model to choose
from t he isé&adnundruns To Pedolve this, Algorithm 6 was used. If we look at Figure

24 It is appropriate to restate where things stand:-Wwalle simulation was used to produce 4893 points in the initial
database. The forward ANN process used this to produce an augmented database of 250,000 points-5Algorithm
and Algorithm4 resulted in 250 INN submodels to invert this augmented database. Databésénhe collection of
forward sub ANN models for argfg. Database? is the collection of forward sub ANN models fogi|SDatabase

3 is that for the overall INN process, consisting of 2268 model. Section 3.5 deals with the procedure to actually
access and use datab&se
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3.4-2, which delineates the entire methodology of transmitarray design, and divide the whole
process intdsectiors, we can obtain a better topological awareness as to where egrhihivh

(described before and to be presented in 8extiors) is used as shown in Figure-3.5

Algorithm-1
Algorithm-2
Algorithm-3
7\

transmission

amplitude for Select the (aa))

each member of with the highest
set using transmission

Forward NN amplitude.

Generate

Database

CreateForward
Neural Network
Models for Phas€

Find set of
possible sizes
(84,8) from the

i
1
1
1
l
: and Amplitude INN Model
= e
[ Generate the Input the phase :
: Inverse Neural | correction Algorithm-6
: Network Model [ required for the
: (INN) for phase nth cellto the INN I
e ————— A -
v
Algorithm-4
Algorithm-5

Figure3.5-1 Transmitarray Design Process Flow Discretized 8#otiors According to the

Algorithms Used Annotated version of Figure 32)

Now that INN model is complete we couldroceed to design the transmitarray based upon
Algorithm-6, which wediscuss next. However, we only use it for design in Chdptelere we

will check the accuracy dfie INN modelling To do this we will consider an arbitrarily selected
set oftransmission phase valuesnd will proceed to derive the corresponding dimersifor
associatectlemens using Algorithm6. The algorithm is first listed in pseugmde and then in

flowchart form. After that its implementation is discussed. It is verified in Section 3.6.

97



Algorithm-6: Output Derivation from the Datals& of Inverse Sublodels (Databas&)

comment. to determine patch dimensions fét @lement for specified transmission phase and maximum

transmission amplitude

comment: Databasel Y dat abase of f or-modesdompmasegenaadted illgaritmo3 k s u b
Databas® Y dat abase of f emodels fodmplitiee gersetatednireAgarithAi3k s u b
Database8 Y dat abase of i imodelsfergeneraed nAlgorithde t wor Kk s ub

Input: Transmission Phase (arg{¥") required &the center of ielement on the tranmistarray aperture
Output: Patch Dimensions [1a& ]" for the current element that result in the given transmission phase
begin

X - input for inverse modeland Y - output for inverse model

X - input for forwardmodel, and y - output for forwardmodel

comment: access Databask

i feed the desired phasé" = arg{S;1}" at the {' element to all the inverse suodels stored in

Database3 (1l et the number of models be 6M6 and theref

Ui store the outpuin"elementsizé) r om each of tniodels6 M6 i nverse sub
(V' =la, al) =f (X" &9{S,})
"i4,2,3..... M

commentnow t hat pwossibleaaues fodéthMibrelement size, we need to ascertain which outputs are
closer to the actual output by the process of elimination based on an Error function.
C o mme Mtbautpuds are considered asputs to the forward neural network model.

0 feedh e pobssidbleoutputs to theforward neural network model for phadellowing theoutput

extractionproceduredescribed in Algoritha8 from the forward sumodels using SOMtilizing
databasel

(% =arg{S,}) =M™ (V" [&,8,]") i"1,z.M

i Comput e t Dassocated vath each Bf thildinverse models

E =£Q[(M =arg{S,.},) (X" &g{S,)}")]*
21 [max(x)- min(x)?

K\Cml -

comment: ideally we would selecthe mi" inverse submodelgiven thatéEdis minimum for i = mbut we also
need to consider thessociatedrarsmission amplitude withthé'® | e ment 6 s di mensi ons
comment: hence, we select to@2nodels with least error; Bnd compute the transmission amplitudes
associated with each one of thesing databas2
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comment:l eR0 d epresents t he i-mallédsxselestedtby virtoerof leagsbchthtv er se s ub

U i/ P Eiisamongst least 20 error values
(ISl )= 0™ (v, $a, al})
" piP

comment: selecttopl0 models with the maximum transmission amplittideom set 6P& and st or e
in set 06Q6 such that
1] Q/P

Q AP ={q: 1S ly is amongst top 10 transmission amplitude values}

inverse

comment: for all the inverse sumodels in set Q with index d' € 4,

) such that & Q, the training range

is defined as the range of each element of the output vector df thedg! i.e. if for the §mode| inputsare

mapped tdheoutpus as
(Vo =la. al) =Fo (%, &9{S,})
"q1Q
comment then,training range is expressed for each element of the output vector as;
max(‘a, )- min(a ) &
max(*a, )- min('a,)

comment for an inverse model, the output is considered valid if and only if it liesmiithitraining range
comment: determire index for the inverse suimodeli n s &t whi6h@h output dimensions

inverse,

(Y =[a, &]3) lie within the training range of the inverse smindel * f " *%for gl Q

while j <= #( Q) [cardinality of {
it (%a,-max(*y, =4 ) )<0
if (%a,-min('y, =%a,))>0

f inverse

ann to

comment select the outpug_/jn = a, ag];1 from the inverse model

be the final output

break
end
end
j+ +
end
comment this wayinverse submodel with index6 q ;&is s€ected which satisfiedl the criterion above

and its output is used to determiy@ometry of the ielement of transmitarray
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Figure 3.52 Algorithm to Find the Dmensions ofn™ Element of the Transmitarray for a Given

TransmissiorPhase The Portion Shown in Dashed Lines Differs from that Suggested by other Authors.
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We will divide Alogirthm-6 into sectionshave a detailed look at the role that each part plays in

the overalllogic flow. Figure 3.53 shows theStagel in which we feed the input,X(' =
arg{S1}", desired transmission phasetta n cell/ element) to the Databa8eof inverse sub

models andsubsequently, we have to identifyhich inverse suimodel 6 s out put i s
Therefore, we in turn feed each output vectyf £[a, a,T'), the output fromeach of the M

inverse submodels(where M=2250the number of dumodels in Databas®) to the forward

neural network.Recall that we created databases of forward neural netwadisg self

organizing maps s explained in Algoritha2; namely [atabasel (phase) and &abase

(amplitude) which store forward neural netiwgulbmodels Also note that to extract the output

from databasd and databas2, weneed to implement Algorith/8. Thus, we feegach output

vector to Algorithm3 and seekhe coresponding phas@rg{S:i}iwh er e i=1,2, 3¢é. M
databasd. To determine whiclof the M inverse sunodelsmodel gives the best output, we

will move to theStage2 of Algorithm-6, depicted in Figure 3-8.

Stagel
SubModels Generatedin 1" 0up! Database of Forward
Alaorithm-5 yi" = [al a2] Sub-Models for Phase
9 from m-th Sub-Model
|NN(m) m
Database-3 @
L 21"‘ Forward
= INN®) > y2" ¢
X" =arg{S21)" V2N Neural )
: INNG) - Y3 ——————
L) Network
s
rom s to
Correction for INN® " Forward (Phase) o
n-th element) —> yin NN Using Accessed 33
f SOM using SOM 3 2
— 1 (Algorithm-3) B®
Assuming INN Data g— ﬁ
. v &
Space is segmented INN®M Y 3 8
@ @
@
S,

into 'M' Segments <
thus 'M' Inverse W v

Sub-Models

Compute output from
\ each inverse sub-model Yvy

Figure3.5-3 Stagel of Algorithm-6 where we Seek M Possitritputs Onefrom each the M Inverse StodelS
in Database
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In Stage2, the output from databask the Mphase values, (arg§gi " i = 1, 2 a8 é. . M)

considered and compared with the original phase valo€ = arg{S14" and e rsoir OE
computed. Thethe 20 models witithel e a st i6e rarroer cohBEb sen and t heir

t he s/AstdiscasBed iSection3.2 and illustrated ifrigure 3.2-8, ideally we would choose
dimensions [a&]" for the i'-element for which unity transmissi amplitude is achieved. Since

itdos not possible to achieve unit$ wawguitdi tude
wantthe highestransmission amplitude associated with eactsehalue. This is the essence of

the next stepwhere we feedhie outputs from 20 inverse satodels y°=[a, a,]’(" piP),

to Databas® that stores forward neural network suibdels for amplitude|S:1. Using
Algorithm-3, the amplitude associated with each of the 20 outputs is compWtedhenreach

the final stage of Algorithré which isStage3, shown in Figure 3:5.

Stage?
Output phase for
r_each Vi

6 m
= - g—
o NEheed) argis2th [q_
53 Fornard e Compute 'E;’ for arg{S21),
=5 Neural Ye" each sub-model and arg(S21); [
S Select top 20
T %q Network X
2 U || subModels yp" sub-models with e
g g o J| (Amplitude) D - [ |east'E; and store
g o Accessed ) their modell-llndex in arg{S21), {€—
ERG Using Yo) setP
£ SOM
3 (PEP) arg{S2L}y [

Figure3.54 Stage2 Of Algorithm-6 Where WeCompute Error Associated With The Out@ftEach Inverse
SubModel And Also The Transmission Amplitude Associated With The Selected Models

25 A physical limitation of the selected transmitarray element geometry, as previously pointed out in Figure 3.2
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Only 10 models argetained, namely thoseith the highest amplitudes from among the 20
modelsand t heir i nde x Aftersfilteeng the eitduts ifon best gansmids@o .
amplitude, we also need to check whether the osifipoin eachof these inverse sumodels,

v'=[a, & (" qliQ), lie within the range of outputs for that model. In order to check this for
the d"inverse submodel, we refer to the training/ learning data used to traig‘theversesub
model. We scrutinize both the elements of tRewfput vectora! as well asal; both of these

must lie within the training range (detalleing shownn the pseudaode of Algorithm6). Any

of the inverse sumodel outputs meetinthis criterioncan be considered as the final dimension
to be usd for " element. This is where this method contrasts with traditibvisl algorithms
(eg. [2.520]) as well as the algorithms in the present literature (discussed in Secticas 2t6)

allows freedom to select from multiple possibledd values.

Stage3

l

Select 10 outputs
(yo") with
highest amplitude
and store index in
set'Q’

Check if for the g-th
INN (g€ Q) whether
y9, lies in the
training range of
INNg?

yoh = [a1 7]
is the output

S

S

No

Check for the
next model in

set'Q’

Figure 3.5-5 Stage3 Of Algorithm-6 WhereWe Check Whet her A Selected

Proximity Criteria Based Upon Triaining Range

This is a very important aspect as far as inverting databases for the design of transmitarrays and

other aperture antennas based on engineered surfaces. In the present case being used as an

example, the 10 sets ¢f, a,] values that prdde the highestS,| values for the specified

desiredarg{S,;} is only one type of possible selection process that can be implemented with the
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INN approach under discussion. Alternatively, we might wish to accepgall,] values that
provide a|521| larger than a certain value (eg. this might be larger than 10), and then select those

elements that are gmetrically closest in conductor size to elements (of diffeeeg{S,,} ) that

would be adjacent to the element in question in a typical transmitarray environment. Or indeed

we might use any other desigittated selection criteria.

3.6INN MODEL OUTPUT VERIFICATION

We use Algorithr6, as suggested before, to derive the dimensimsa,] of n"

transmitarray elementor a given transmission phase value. This transmission phase value
arg{S1} of each &ement is computed usiregjuation(2.2-56) derived inSection2.2 But for the

time being we just want to test taecuracyof our INN modelling procedure.Thus, wmnsider

a s et arbitiardy sedettedransmission phase values (argf®, assuminghat they range
from -270°to 37 because that is the range of transmission phase values possiblelayiénegl
square patch transmitarray evidentHigure 3.2-8. We consider around 200 different arg{p
valueswi t hi n t hi sandrfiadntigeecorrspondingy Fdiinensionga; a] employing
Algorihm-6, given that we have already implemented Algorithnthrough Algorithm5, and
generated Databed, Databas® and Databas8. Once this has been done, tlext stepis to
determine whetheahe [a1 a] computd through this process are accurate. In order to accomplish
that, we will feed each output from Algorithénthat correspondso a particular transmission
phase value back into Algorithto determine the associated transmission plaaxe finally
compare this phase value with the origisakcifiedinput phas&. We have condensed this

procedure to evaluate the performance of inverse modelling into Algerithm

As indicated in the pseudocode for Algorittymerror E;,, pertaining to the actual specified

transmission phase inpuarg{S,}*, and the output phasarg{S,};, realized using the

dimensions rendered by Algorith) is computed. We also compare the output transmission

26 For each of the 200 arg{$ arbitrarily selected vales referred to in the previous paragraph.
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Feed the set of phase
correction values to the

INN model

| Get the dimensions for

each cell from the INN

' -eed the

dimensions to the
. forward neural network,
and to HFSS model

Compare the target set of
phase values with that from
HFSS and the forward NN

Figure 3.61 SummaryApproach Employed to Authenticate the Output of INN Model

phaseargi{s,,},, computed using the full wave3 model in HFSSfor all the output dimensions

of the form [a &]*(suchthat,arg{§ ' F "k =1,2,3..2( ) with that of the actual

transmission phase inp@g{S,}* and computeEX, . Thus,when we do this for the 200

arbitrarily selected arg{} values we obtain the cumulative error vadefined in Algorithm

7 pseudocod&)f E,,, = 0.026 % andg,,, = 0.15 %.

Vectors Y Uy, ViandMVbar e 6r et ur ne7@ and & coAtdingtransmigsibnnphase
and amplitude respectively, computed using AlgroHBirfor the dimensions rendered bye
inverse modelling process in Algorithéh Likewise, transmission phase and amplitude values
computedusing HFSS (fublwave 3D model) corr@®nding to the element dimensions calculated
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Algorithm-7: INN Output Authentication Using Forward NN and-fmalve EM Model (HFSS

comment:Set O6F6 is created containing 200 el ements repre:
transnitarray elements with rang€70to 37

Input: Set6 Fob Fictional Transmission Phasalues (arg{S,,} " n =1, 2,3) presumablyequiredat the
center of various elementsn the tranmistarray aperture

Output:i) Err onn® 6 Ehe Nor mal i zed Euclidean Norm of the diff

forward neural network and actual input phase valluest F
i) Err a6 6Ehe Normalized Euclidean Norm offomt he di f f e

HFSS and actual input phase valliieset F
iii) Vectors of phase values correspondingaiaput dimengnscomputed by Algorithé andHFSS.
begin
k=1
while k <= cardinality of set F
function call - Algorithm-6( argument = arg{S} )

comment: such thatarg{S,,} i F

comment: store output [ al aX |

function call- Algorithm-3(argument =[ al a2 } )

comment: store outputarg{ QI}ZNN i n vedanodoutpud|S, [i n vedtor 6U

function call- full-wave EM Model in HFSSargument =[al a2} )
comment: store outputarg{Sﬂ}l;M in vedandoutpud 8, F,i n vedtor o6V
comment compute ENN andEEM

EX :é, arg{szl}l/:NN' arg{SZl}k <
AN Emax(arg(s, ¥ )- min(arg(s, ¥) 4

&N

kistheindex for elementsin se

QI\)

& ko k
Efy = 2 arg{SJew ar.g{Sn} O kistheindex for elementsin se
gmax(arg(s, ¥ - min(arg{S, ¥) ¢
k =k+1
end
® 3 ® 2
1 af z 1 ef £
EANN =& Ek N EEM = Z Eé <
n® &, | n® & = ¢

Return: Eann , Eem, U1, U, V1, V2
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Algorithm-7 Logic Flow(for One lIteration)

Database-1
(ANN
sub-models
phase)

Database-2
(ANN
sub-models
amplitude)

Figure 3.6-2 Logic Flow of Algorithm7 for Single teration (K" iteration) Demonstrating the Procedure
Employed to @eck theAuthenticity of the @tput fromthe INN Modelling
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using Algorithmé6 (for desired phase values in set F) are stored in veci@sd\s respectively

The results of these tests are encapsulated in Figur8sad\é 3.64 and in Table 34.

The plots in Figure 3-8 and 3.64 are linear regression curvesimplement Step 4 in Figure
3.6-1, where we have known/ actual transmission phase (afg{&lues on the horizontal axis
(from the set F)and on the vertical axisn Figure 3.63 and Figure 38, we have transmission
phase wlues computed using AlgorithBiand fullwave HFSS modetespectively. Tis is
depicted in Step 3 in Figure 316 The traasmission phase values on the vertical axis correspond
to the [a, &] dimensions output by Algorithsf for the required phase values i($tep 2 in
Figure 3.61).

Linear Regression Plot, R = 0.9991
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Figure 3.6-3 Linear Regression Plot Comparing Desired Phase Values in Set F asel Pha
Output given bySOM based Forward Neural Network Model Using AlgoritBrior the
Output [a, &] Dimensions Computed Usingdorithm-6
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After analyzing all thesealidation check results, dan be seen that when neural network output

is compared with the actual transmission phase values in set F (Figid)e 8.8ery high degree

of accuracy seems to be achieved since R =0.9991 but when we analyze regression in Figure 3.6
4 it appears INN opuut seems to be less accurate. To resolve dbrgusion, we need to
appreciate the fact that when we train the forward neural networknedbls in Algorithr2

using Sparameter database, there is an error associated with training and this error iatpdopag
into INN models and therefor, there is a discrepancy between full wave results and neural
network model results when we compare regression values in Figuwes8d3.64.

Table 3.61 Error Values and Regression Associated from Algorithm

Validation Using Neural Network Model Validation Using EM Model
Eann Rann (Regression) Eem Rem (Regression)
0.026 % 0.9991 0.15% 0.9929

Linear Regression Plot, R= 0.9929
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Figure 3.6.4 Linear Regression Plot Comparing Desired Phase Values in Set F and Phase
Output given by FulWave 3D EM Model in HFSS for the @put [a, a&] Dimensions
Computed Wing Algorithm6
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Moreover, it also remains to be confirmed that whethertransmission amplitudassociated
with each element dimension [&]* corresponding to the desired phase asgfS( " k [ F ), is

large enough for considerable transmission. Ideally, we would want the amplitude to be unity but
due to physical limitations it is not possible. Hence, a threshold is fixed, in this3cdBe such
thatonly transmission amplitude above this thr@shis considered viable. This concept was also
utilized in the determinatiorof dimensions in Algorithe6. The plot in Figure 3.6-4 was
generated to validate that transmission amplitudes for selegtagf[pairsis in fact above3 dB
threshold.

Tranmission Amplitude vs Phase
0.5 | |

(=]

-05

for all Vectors [ a,a,

Transmission Amplitude Computed
]<E (dg)

[
—_
o

R | \ \ \ | \
-500 -250 -200 -150 -100 -50 0 50
Transmission Phase Computed For all Vectors [ a,4, ]k (degrees)

Figure3.6-5 Transmission Coefficient Amplitude vs PhaseVarious[a; &]

In the transmission amplitude versus transmission phase plot in Figu® 86 some
transmission phase values the amplitude is above 0 dB, which is of course physically unfeasible

but due to the error in the training of forward amplitude neural netaalkmodels stored in
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Database?, there is a possibility that output amplitude become greater than 0 dB. Since, the
average test error for the suindels in Databas2 is 2.3%, it is safe to assume that the actual

amplitude corresponding to transmissiongghaalues would be below 0 dB.

3.7 CONCLUDING REMARKS

Several new contributions, clarifications and complete implementational details have been
offered in this chapterAlthough inverse neural network (INN) ideas have been desceahd
used by others for RF circuit design, they do not appear to have been used in detailed antenna
design work. In Chapter 3 we have therefore taken existing neural network ideas and adapted
them to the transmitarray design type problem. We have shawrit ils not practical to apply
the INN concepts to the database of points obtained directly frorwvdwie simulations; too
many such simulations would be neededSéttion3.2 it was demonstrated how the distribution
of these initial fulwave databaspoints can be examined to decide on how to best use forward
(as opposed to inverse) neural network modelling to augment the numberwévelldatabase
points by a factor of about fifty, in order to have sufficient training data for implementing INNs
accuately. Details on the algorithms (Algorithtnthrough Algorithm3) used in such forward
neur al net wor Kk model | i ng t o obtai n -1t dmc augn
Database for the transmission phase and amplitude) are provideéteation3.3. k is then
shown inSection3.4 that the highly netinear and multivalued (not ofte-one) nature of the
data necessitates the use of inversemsatbels. Algorithr4 and Algorithm5 have been given
for such an implementation. The inverse -subdel theory aailable in the literature is altered
slightly in Section3.5 to suite some database inversion issues (and denisiking) possibly
unique to the present type of antenna design problem. This latter extension, implemented via
Algorithm-6  (t o c reeda t 2a {B)alsvanfas some flexibility that might be of benefit
in the design of this class of antennas in the future. The woBeation3.6, implemented via
Algorithm-7, presents solid verification of the effectiveness of the-béiNed inversion othe
augmented design database. All the algorithms needed are given in the form-chdibsvand
complete pseudoode for easy implementation by others; such detailed implementational details

have not been available elsewhere in the literature.
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CHAPTER 4
Design Database Construction and Inverse Neural Network

Model Generation Including Incidence Angle Effects

4.1 PRELIMINARY REMARKS

We characterized thigansmitarray unit cell response usiAdINs in Section3.3 & Section
3.4. Subsequently, iBection3.5 & Section3.6 we generated tHBIN to invert theS-parameter
database. The implicit assumptiaas that for each cell on theansmitarray aperture, the feed
fieldi s 1 ncident nor ma lelyyhe caBeuirteality; msietad) the anglet of pr e c i
incidence ofthe incident wavedependson the centroid coordinates of eackll, and so

changesfrom cell to celllhis is depicted inFigure 1.1-3 andFigure2.2-1; q,. is the angle of

incidencesymbol used thertor a given cell We thereforewanted to investigate the impact of
incidence angleniclusion in the design databdseorder to accomplish this we regenerated these
databases but this time taking into account the incidence. aitgteefore the modelling of unit

cell residing in a 2D infinite periodic structure was carried out by incorporating the oblique

incidence in the process describe®action3.2.

In this chapter, irBection4.2, we will delineate the procedunsedto generatdhe S-parameter
database fooblique incidenceés-parameters wilbe calculated for varying unit cell dimensions

and a separate-garameter database will be generatedefach of thediscrete incidence angle
cases. Thereafter, iBection4.3, we poceed to characterize thesg@p&ameter databases using
ANN modelling on the same notewas undertaken iSection3.3and neural network databases

will be created Then we will move on to th&NN model generation irSection4.4 and the
procedure to intagte these discrete inverse modelsorresponding to various incidence angles

T will beoutlined and implemented. To validate the inverse modelling procedure assume a set of
transmission phase values required on the aperture of transmitarray and wvitleseatput from

inverse models and authenticate it. Finally, we will conclude this chafection4.6.
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4.2 SPARAMATER DATABASE GENERATION FOR OBLIQUE INCIDENCE
CASE

4.2.1DatabaseGeneration for Oblique Incidence Cases Simaked Using FullWave

Electromagnetic Analysis

There are various stages of database construction suahitall characterization, setting
up the full wave EM simlation of the unit cell usingléquet port analysis and periodic
boundary conditionsand storing the relevant-@rametersUsing the same principles as
described inSection3.2, a design database forp&rameters is generated taking into account
aforementionedoblique incidenceangle valuesThe unit cell specifications as described in
Section3.2-1, as well as periodic structure analysis for the unit cell present8dation3.2-2,
are used exactlyn the same way. However, whiketting up the simulations in HFS&he
periodic boundaries apecifiedin such a way thahe impact of ncidence angle is considered
in the computation ofhe periodic structure responsEor each discrete value of the incidence
angle, a separate design database is genevaedill use the symbalf to denote te incidence

angle value.

Because full wave ettromagnetic simulation for the infinite periodic structure is
computationally ver extensive, we only consider fivdifferent oblique incidence cases

represented bg set
X =[0° 5° 20P 35°45°] (4.21)
suchthatg i x " i #1,5]

For eachd; valuewe vary a and a (as shown irFigure 3.2-2) and fix all other variables as in

Section3.2.

Table 4.21 Unit Cell Specifications
s =3 mm cell size
h =1 mm height of substrate
U = 2.2 (relative permittivity)
f = 30 GHz (frequency)
Gnc= f
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We then proceed to find the corresponding transmission coefficient"fefement lying in an
infinite periodic structure in the-x plane. A noruniform sample space fori(a@) was chosen
based upon the associated +hioearity in the periodic structure respon3die more rapidly
varying the response, tharger the number of samplebBosenin that regionas depicted in the

Figure 3.2-4. This approactwas folowed for each diwete incidence angleélhis way five

different Sparameter design dataes (. ... Withi=1,2...5), namely

[arg{sﬂ}’l S21 |] = hisdatabase(q i al’ az) (42'2)

We feed the samplefa, &) to the full wave 3D electromagnetic simulator and store the
corresponding phasearg{ s} ) and amplitude |S,|) of the transmission coefficient arbis
process is repeated for each incidence angéetix . Plots inFigure4.2-1 to Figure4.2-5 are

generated for transmission phase and trarssamsamplitude for all the fiveS-parameter
databases corresponding to different incidence andksh Sparameter database has
approximately 3000 points.

We oberved that for a given pair ¢&, &), the variation of arg{&} and |S1| as function ofg,

follow a predictable patterrand thereforeve can use a polynomial as an interpolant to predict

the values of & for additionalvaluesg such that we can increase the number of elements in

which would facilitate higher accuracy in the final transmitarray dedignen designing the

transmitarray, for a given cell center, the incidangle g,. canhavea value absent from sat,
thusbegging to be approximated to thearestg available. Therefore, denser the sets, the

higher will bethe accuracy ofhe final design. This will become clear Bection4.5, as well as

chapter 5 where we will actually design a transmitarray.

114
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Figure4.2-1 (a)

Figure4.2-1 (b) Figure4.2-1 (c)

Figure4.2-1 (8 Represents Amplitude versBbase dr Each Combinationfd ai, & ), (b) and (¢ Depict

Transmission Phased Amplitudg Respectivelyfor Databasehsl_ database
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