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Introduction

Smart electromagnetic structures (SEMS) can be defined as structures capable of
interacting with their surrounding electromagnetic fields and either influencing the field or at least
sensing and adapting to its presence. We will define a structure as being "smart” when it
integrates sensing elements (e.g.,antennas), processing elements (neural networks) and control
elements(diodes) in an autonomous manner. SEMS have the potential to provide an adaptive
electromagnetic(EM) environment for the structure on which they are mounted. The adaptive
nature of such a structure may allow the structure to modify its far field image. The ability to adapt
derives from the closed loop nature of the SEMS, hence the speed of adaptation is determined
by the speed of the loop. The speed of the closed loop system is governed by the computational
elements. We consider an Artificial Neural Network(ANN) as the processor. The architecture
described requires three gate delays for each iteration,and three to five iterations to complete the
desired task. Early experiments have shown the time required for a response is about fifteen gate
delays. In silicon technology this would result in a response time of approximately 750 nsecs [11].
With GaAs technology the response time would be reduced to 15 nsecs. Even a digital
implementation of a neural network with a response time of 450 microseconds would be possible.
Even the response time in silicon technology would be suitable for many applications.

The integration of arificial neural processors with tuneable antennas was proposead
several years ago by our group, funding provided by the ARO URI has allowed us to explore this
synergy over the past three years. The control of the operating frequency of a microstrip patch
antenna has been demonstrated. We have established the baseline for research in this area. At
present we are the only university who is publishing work in this area in the U.S.. We believe that
g;.:irs is a unique program offering great potential for payo!f in the area of electromagnelic smart

ns.

Our progress involved understanding the analysis techniques of both neural networks
and micropatch antennas. Qur main goal in this URI program was to “...determine the feasibllity of
a neural network controlled antenna and to quantity the ability of the antenna and the NN to learn
to tune automatically 10 the center frequency of & received signal.” We have achigved these goals
and have in addition had several spin-offs in the area of neural networks that have direct
application to the area of radar and communications systems.

We plan to extend the research that was carred out prevlousl( in our lab to turther
investigate the applicalion of neural processors to the closed loop control of antenna elements,
We will extend the technique 10 several other antenna systems, including a Vivaldi notch anlenna
and a wirg antenna.

Because of its sel! adaplabilily the closed loop neural control of an antenna »‘ament,
provides the potential for design of an easily manufacturable antenna which is immune to typical
siting problems, and is tolerant to moderate external damage. The use of a neural processor in
such a system will provide very tast response times, especially when the system is implemented in
ils native paraliel architecture.




1.0 Statement of the Problem Studied

The micropatch antenna has been the mainstay of conformal antennas for many yearss. The
antenna has tnany advantages including simplicity and size, and a few drawbacks, 6.g., narrow
bandwidth. The electrical characteristics of the antenna can be adjusted using control elements

embedded in the patch itsetf®. We will describe research carried out in the Autonomous Systems
Laboratory(ASL) of Florida Institute of Technology(Florida Tech.) on the control of microstrip
patch antenna elements using a neural network (NN} in the feed back loop to automatically adjust
the operating characteristics of the patch. The advantages of a neural net over a classical
processor and algorithmic control scheme are that the net has the potential to be taught by
example, rather than requiring the calcuiation of new contro! points for each new condition. The
neural net has the advantage of being able to make the required determinations in near real time.
The additional ability of the net to adapt to previously unknown inputs (generalization) and its fault
tolerance makes the neural antenna an ideal candidate for flexible tactica!l antennas for the future.
In addition, the antenna could be manufactured with a set of control devices placed at convenient
points on the patch surface. The network could then determine the configuration of these points
necessary to achieve the desired tuning effect after manufacture thus reducing the effect of
manufacturing tolerance on the performance of the antenna.

The combination of a simple neural network with a microstrip patch antenna shown in Figure 1
has the potential to enhance the characteristics of the patch antenna. An example of this is
center frequency tuning which will be described below.

RCVR

Figure 1. The microwave patch antenna with tuning points and a neural network to drve the
points can be considered a smart antenna structure.

With a combined NN and anlenna it becomes possible to “retrain® the antenna when and it
performance requirements changs. The trained network will respond rapidly to changing
electromagnetic conditions. Typically one gate delay per layer of the network is required for the
system 10 adapt 10 new conditions. The number of layers may vaty, but two or three layers is
sufficient tor all prob!ems7. The network will theretore be able o adap! in near real time (ca. 30-70
nsec) to a changing environment. The training of the antenna during the fabrication phase can
take place on deliverable equipment so that the antenna can further be adapled to the specific
environment in which it will operate (e.g. VSWR, signat lavel, frequency, boresight angle, etc.)
This allows the NN antenna system to adapl to changes in envirenment, Training tirme depends on
the type of network and training algorithm chosen but can be achieved “off kne.*
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Figure 2 Block diagram of the software simulation of a single patch with a single tuning varactor
installed.

The fundamental power of the neural net antenna resides in the ability of the neural
processor to learn to control the antenna and in the case of frequency control to move the
antenna center frequency(blas voltage) to coincide with the frequency of the stimulating source.
A model of the neural antenna system has been implemented using the C language on a
Macintosh lix. The block diagram of the simulation system is shown in Figure 2 The receiver
module is a simple ! and Q channel coherant raceiver. The neural network is a Jordan type
network with memory. Figure 3 shows the diagram of the network.
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Control
Input Voltage
Mag Output
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Figure 3 The Jordan fke network used for the neural antenna control processor.
1.1 Neural Network Mode!

Our goal in training the smart antenna structure Is t¢ provide high-speed Irequency
tracking of an unknown incoming signal. The system which is-c<nposed of tunable antenna, a
naural network condroller and receiver perforems this function. T.c Clused loop antenna clemant
is trained to oplimize the antenna function within the system.

The network described consists of two layers, tourteen neurons in the input layer and
twenty neurons in the hidden layer. One neuronis in the penultimate layer. Each neurons uses a
sigmoidal squashing function allowing an numetical output ranging from +1 and -1.
One tinear neuron with tixed weights and an inlegrating connection is used for the output of the
netwotk.




Conventional neurons with a sigmoid squashing function, configured in a Jordan muti-
layer neural network are used. Two neurons in the input layer receive sensor information from the
receiver, the rest of the input layer neurons recelve delayed values In a shift register tashion from
their neighbor. There are a total of seven pairs of neurons in the input layer.

For training a conventional back-propagation algorithm was used to adapt the weights.
Since the input layer has time-delayed input values, we wait to change the weights until all input
neurons have received an actual input from a given test pattern. The strategy for training will be
described in more detail below.

1.2 The Smart Antenna Operation

The neural network must determine the proper bias voltage for the tuning element
embedded in the antenna to tune the antenna center frequency to coincide with the unknown
incoming signal frequency. Figure 4 shows the change in center frequency due to change in
input voltage for the tunable palch antenna.

Unknown
incoming signai
A

0n

8

o

5

Q

«c

@ /(1)

frequenc
Desired Center frequer \ aueney

Initial center frequency
of the antenna

: Figure 4. Relationship belween the center frequency and unknown incoming signal
requency.

An antenna whose center frequency can be vared by changing the bias voltage on a
device embeddad in the antenna was first described by Schauben®. We applied this concept to
move the center frequency ol the antenna from position (1) 1o position (2) by applying the proper
bias voltage which is determined by the neural network,

First we must develop an aigorithm to train the sequential neural network 10 do this.
1.3 Training Algotithm

The neural network was tralned with a conventional back-propagation{BP) algorithm. The
basic BP algorithm was miodified %o include a stralegy tor choosing the inpul training patterns and
for calculating the emor terms. Inpul values for the neural network came from the receiver. The
target valus ware detarmined at the output of the neural network. Target values were determined
by subtracting accumulated voltage from the desired target voltage.




We initially chose four different pairs of diode voltages as training patterns initial bias
values,desired bias values; (5v,25v), (10v,20v), (20v,10v), and (25v,5v).

A step by step description of the training process is given balow;

Step 1. Inltialize all Input neurons, welghts, and offsets,
Set all input neurons, weights, and node offsets to small random values.

Step 2. Choose an Input pattern at random.
Set the receiver output to an initial bias voltage randomly chosen from the training set,

Step 3. Apply the Input and propagate It forwards through the network,
The output of the individual neurons within the network are calculated as shown below;

o (t) = t(net(t))

Where netj is define as;

>+ W, for hidden neurons

nej ‘
Y0,- W, for output neurons
K

and f describes tho squashing funclion.

Step 4. Determine the desired output

For our network the time course of the system rasults in the blas voltage thal corresponds
to the final tuning frequency of the anlenna being presented at the output of the network. The
constraint that this time function must be well behave is implied. The input and desired patam will
be changed at evary Heration of the network. We choose a desired output as a value which make
the difterence between accurnulated voltage and a target voltage zero.

T()=AM)-TV
=(0t) + At -1))-TV
whero, AV(l)waccumulated voltage attimat
TVs= target voltage used for a given inilial starting voltage.
For a Sellet understanding how 1o decide the desired oulput, we show a graph of

acc.smulated voltage vs. time. Figure 5. shows the untralned network response (or a starting input
diode voltage ol 20v and target voitage of 10v, the graph shows 30 ilerations of the network

(epoches).
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Figure 5. Piot of accumulated voltage and target voltage(10v) vs. time without training.

With a starting voltage of 20V. and the target of 10 volis the untrained network was well
behaved for only eighteen epoches. The error can be seen as the ditference between the
desired value(a constant 10 volts) and the aclual net cutput(e.g. a t=9 the error is approximately
zer0.) After 18 epoches the oulput salurates and no further change information is avallable. ~ he
desired response of the system would be for the output to go directly from 20 volts to 10 volts in
one step. This would provide an ideal step response with no overshoot or ringing. For the
apoches betore tha system saturates the error valuas can be measured and used for back
propagation.  Figure 6 show the output of the penuitimate nsuron for the above session.
?lwnc%‘mere has been no training, the outpul value looks like a random walk uniii the system

urates.
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Figure 6. Piot o! voltage variation on the penultimate neuron.

Step 5. Compute the change of the welghts using back-propagation rule.
Weight changes are computed by the relation:

Awﬁ(t +1)= "5;0: + aAW"(t)

Where v is the leaming rate of the network and d is given by ;




aEp

8 ==——F
pj dnet .
P

and a is the momentum. Ep is the error function for the network. For further giscussion
of the learning algorithm see Rummelhart 8.

Step 6. Calculate the new Input
Based on the tuning voltage determined by the netwoik the receiver and antenna system

output is dstermined. Fora detailed description of the model see Thursby, et al 9, Drigi, et al*0.

Step 7. Repeat step 3 through 6 during response time.
The response time is defined as the time from the start of the stimuius until the system
has reached steady state or has caused the system to saturate.

Step 8. Updete all weights

The weight change is computed after a complete response has been obiained. The
weights are calculated as follows. For each epoch I the ditierence between the desired output
and the actual output is used to determine the weight change for each gpoch. Afier the weight
ch;:ngl:ts (fior all epoches have been accumulated, the average weight change for each weight is
calculated;

the average weight change tor the weight between neuron / and k lor pattern / given by,

N
i . L
[AW lk]_ NIEIAW:k
Change the weights with averaged weight changes using
ew old
Wfk =W +[8v,]

Repeat steps 2 through 8 until the error is reduced to an scceplable tavel,

The ervor is detined as;
E-= }}'.( Ti - Oi)

2.0 Summary of important Resuits

We have doveloped a unique research emphasis that has direcl application to DeD
needs and interests. The ability ol a siructure to adapt o its environment, and in this case to ils
eleciromagnetic environmenl intimates of the potential 1o build a skin of situciure capable ol
modilying its electromagnetic environmant in real time. Tho combinalion of antennas with a rapid
and robust processing technology such as neural nets has the potential to fullill this goal.

A multi-disciplinary program atways has the problem of tinding a home in between two
estabiished discipines wilh the hope that someday the rulti-disciplinary area will carve oul its own
niche for acceplance. The concept of sman skins in which the smart elcclromagnelic structures is
embodied has indeed begun the process o! self government. The area has several yearly
conferences its own joumal and a tollowing of several thousand praclilioners. with this stant it is
quile likely that the area will conlinue to ¢ vw. As wilnessed al several national conterences the
concept of neural networks and their application to the control of struclures bolth mechanical and
elesiromagnetic has received quile a bit of atlention, and has achieved some success. Florida
Tech. and the Autonomous systems Lab have been able to play a significant partinthis growth as a
dirett result of the URI tunding.




2.1 Modeling A Neural Antenna

The mode! used to date for the neural antenna and the impedance modifying elements
has been based on the University of Colorado code written by Gupta, Chang and Benalla, and the
Transmission iLine Code developed at Auburn University. The latter has been made available
through a cooperative effort between Florida Tech. and the Harris Corperation. Our efforts have
been directed towards the establishment of a basetline for these codes to verify their accuracy and
our measurement methods with respect to micropatch antennas and the embedded control
devices used in the neural antenna.

In addition to the electromagnetic model for the antenna alone there is a modet for the
antire system. This mode! is made up of several different components some are embodied in
software and others in hardware. Figuret shows the sketch of the model. The status of this
model is that the software model for the system is running and giving good results. The second
phase of the modeling and prototype development has begun and pans of the model are being
externalized in hardware. The antenna and controlling voltage supply have been removed from
the software and are being tested as hardware elements coupled to the software model. The
HP8510B network analyzer is being used 1o simulate a receiver. The model is running on a Apple
Macintosh Il controlling a set of transputers as the computalional devices.

2.1.1 Resuilts Ot Tralning

The system was trained to respond 10 four different starting and target trequencias. The
final orror in training was less than 0.05%. The network converged to similar error vaiues for
several ditferent initial weight sets. Thus the conliguration seems to be stable. Figure 9 shows
the resulls o training the network to produce the desired respanse.

O > \ ¢ “ 24 A4 Y v
0 v 2 3 .
0 Uume o ] 0

Figure 9 Resulls of training network 1o tune the antenna.

Figure 10 shows the resulls of several (C*ts ol inilial and final values that were not used lor
training. The abilily of tha anlenna sysiermn !0 tune to the desired center frequency is
demorstrated by the rapid movement from the starting vollage to the desired final vollage.

2.1.2Furither Test Resuits
Because of the inherert non knear nature of the system we have investigated the

responss of the trained network from several points of view. Firs! the network responsa to
ditferent initial conditions for a fixud taiget should not change significantly over the cperaling




range of the system. To test this we presented the system with several different initial conditions
for a given target value.
35 7
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Figure 10 Results of testing the trained neural antenna with previously untested conditions.

The response of the system to these conditions is shown in figure 11. Four different target
voltages 5v,10v,20v, and 25v, were chosen for this set of tests. Regardless of which starting
voltage we choose, the system converge to the desired target voltage in four or fewer iterations.
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Figure 11. Response of the network with training patterns.

The second case of interest is one where the input condition is held constant and the
desired output is varied over the range of operation of the system. This corresponds to the actual

operating range of the embedded control device. Figure 12 shows results of test cases where
different target voltages were used to test the network with the same starting voltage (15v).
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Figure 12. Test result for non-trained target voltage. ,

o

15

The steady state error of the network when compared with the desired tuning voltage is

shown in Figure 13
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Figure 13. The eror produced by the neural antenna system over the set of ‘est cases shown in
Figure 12.

Figure 13 shows that the error from the desired response of the system is well contained
and centers around the desired response.

We have also tested the system against a linearly changing input frequency for the
unknown input signal. Both positive and negative sloped frequency characteristics have been
tested. The response of the system to a posltively increasing frequency signal is shown in Figure
14,

2400
2380
o -
(3]
8
g FoRe ) v actual frea
@ —e—  desired freq
2370 +
q
2360 W — v L - L Anan ang : v L A
0 10 20 30 40 50 60
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Figure 14. System response for iinearly sweeping target fraquency.

For slower sweep rates the response of the network i$ seen to be step like in response,
with the network waiting for a threshold to be crossed belore compensating further for the change
of frequency. As the slope increases the step sizes decreases and the graph shown in Figure 14
demonsirates an almost continuous updating of the output in response to the input signal. The
greater the slope the betier the network is able to track the input.

2.2 Prototype System

The antenna system which exists in software is being translerred trom software to
hardware ona componen! at a time. The first element o be externalized is the antenna system
itsell. The antenna and contro! diode have been constructed. This has been used to generate
tne data used in the sofiware model for the inilial training of the anlenna system. The secorxt
element to be exlernalized is the control etement driver. An IEEE 488 bus controlled power
supply has been added to the sysiem HP model 6633A. The sysiem is now being {rained using
the antenna rather than a model. The time required to train has increased due 1o the use of
different interlaces however the antenna is training with the actual antenna inserted in the system.

The learning algorithim for the neural network is implemented with a set of four transputers
with a Mac !l as the host. The Mac ll is used as the system conirolier for the antenna system. The
inherent speed of the transputer is reguired for the training to be accomplished In a reasonable
time. Once the network weights have been delermined the network can be implemented using
dedicated neurai network hardware.

1




3.0 Related Spin-off Toplcs
3 1 Anplication of Microstrio Patch Ant lo Ground Penstrating Radar(GPR)

The ability of antennas to operate underground is of interest in the arsa of mining,
geological exploration and environmental monitoring. The use of such antennas is in the area of
ground penetrating radar. The use of radar for the identification of underground structures has
been active for many years. Remote operations of this type using unmanned vehicles is of
interest in the mining industry. The dssign of an antenna for such an application can benefit from
an automatically tuned antenna, as the electromagnetic environment around the antenna is
continually changing and not easily observable. Thus, the neural antenna cculd optimize the
response without intervention from man. We are pursuing tha use of neural antsnnas in the GPR
area. The neural antenna and its capability to change operating characteristics autonomously is
also appealing in such a remote operating scenariv such as a remotely operated GPR.

3.2 Neural Interpretation of Radar Signals

As part of our Investigation of neural networks and their capabilities we have been looking
at their use in signal processing. The use of compression codes in radar signal processing is wide
spread and provides significant resolution improvement. We have been investigating the use of

artificial ’zeurai networks for the ¢eirelation functicn of the raceived radar pulse. In a masters thesis
from our lab'2 we have described a technique for correlation which results in a significant
decrease of the time sidelobes from the correlator, and a decrease in the main pulse spreading
with doppler shift. We are currently studying the effects of system noise on this system. The
:mpllcatl{ons are that the neural correlator is bettor than the conventional Fouiier correlator and at
gast as fast.

4.0 Potential for Contribution to Defense Missions of the Army

The misslon of the army raquires operation in all areas of the world under all conditions
and on land, in the air and at sea. The realm of space has also become the venue of the U.S.
Ay, To operate in such a diverse set of location requires extremely flexible equipment. The
elemant of communications as a vital element of the battle tield commanders tools and the integral
role of antennas play in communications make their study of significance to the army. The use of
conformal antannas is desirable under all circumstances. Not only Is it desirable to have conformal
antennas in the air but on land a conformal anteinna will present less of a hazard and be less prone
o damage. The use of controllable conlormal antennas is also appealing bacause of the
anlennas ability to adapt to damage and to continue to operate in spite of physical damage to the
antenna and supporting structures. The siting of antennas on the surface of vehicles is always a
critical consideration from both the electrical and mechanicat standpoint.
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