ABSTRACT

Adaptive Load Impedance Optimization for Power Amplifiers in
Reconfigurable Radar Transmitters

Joshua Lee Martin, M.S.E.C.E

Mentor: Charles Passant Baylis II, Ph.D.

A fundamental tradeoff exists in radar transmitter design between linearity and
efficiency due to the signal amplification. These transmitters are driven into saturation in
order to increase efficiency, but may potentially violate regulatory spectral mask
limitations. An adaptive method for optimizing linearity and efficiency for power
amplifiers in radar transmitters is presented. This approach uses intelligent search
techniques with load-pull measurements for power-added efficiency (PAE) and adjacent
channel power ratio (ACPR) to dynamically maximize the PAE while meeting spectral
requirements. Using load-tuning, an algorithm performs a steepest ascent search for the
PAE optimum load reflection coefficient, followed by a steepest descent search for
ACPR. The steepest descent search, when begun at the PAE optimum, approximates the
Pareto optimal frontier between the two objectives. This trace enables PAE to be
maximized for an imposed limit on ACPR, optimizing the performance of adaptive radar

transmitters under spectral mask constraints.
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CHAPTER ONE

Introduction

The concept of reconfigurable or adaptive radar is a system which, in addition to
traditional detection purposes, possesses the ability to adapt its emissions to
accommodate diverse operating environments. These types of radar systems are often
capable of producing unique emissions for improving target detection [1, 2, 3], operating
in multiple frequency bands [4], and adjusting to various spectrum obstacles [5].
Information pertaining to the radar’s operating environment is incorporated through
various sources, such as an environmental dynamic database [6]. The use of this
information enables the reconfigurable radar to fulfill missions in which accurate real
time sensing is paramount.

Emissions from radar transmitters are affected by factors such as signal choice
and constituent circuitry. Influences for selecting the proper waveform include
minimizing the ambiguity function [7], sidelobe suppression [8], and increasing signal to
noise ratio at the receiver [2]. Additionally, the amplification stage of the radar
transmitter introduces many unwanted spurious emissions at high output powers [9].
These spectral effects degrade the system linearity and produce electromagnetic
interference separate from the intended emissions.

The spurious emissions from high power radar transmitters possess the ability to
interfere with neighboring communication channels [10]. Communication systems
typically operate at power levels much lower than radar systems and are sensitive to

signal distortion. Unwanted interference from radar systems may cause bit errors and



reduced signal to noise ratio. Radar systems operate in a broad range of the
electromagnetic spectrum and thus have the potential to affect a large number of
neighboring communication channels. The United States has assigned the FCC with the
responsibility allocating certain frequencies for which commercial electromagnetic
emissions may operate. Government frequency spectrum is regulated separately by the
NTIA, which includes radar emissions. The separation of different emissions is
accomplished by imposing strict operating limitations on users of a particular band, such
as maximum operating power, transmit time, and emission bandwidth. These restrictions
ensure both separation among the various frequency channels and that multiple users can
coexist within the same bandwidth.

Radar system emissions in particular are regulated by the RSEC criteria [11]. The
restrictions imposed on the transmitted waveforms are implemented in the form of a
spectral mask, a tool which profiles the relative power between in-band and out-of-band
channels for an allocated radar frequency band. This regulation specifically targets out of
band characteristics of the emitted spectrum and ensures that any undesired signals
outside the intended bandwidth are sufficiently attenuated. High power radar systems
which emit significant spectral leakage may face significant performance degradations
from reduced output power should the spectral constraints become increasingly strict.
The immediate consequence of reduced output power for radar systems is maximum
detectable range, but also could severely hinder the operating efficiency of the
amplification stage. The latter issue is significant from an energy conservation
perspective since less of the large power required for amplification is used to amplify the
signal and instead contributes to undesired factors such as temperature increase. Recent

developments in economically-driven wireless applications are threatening to intensify



the regulations on radar emissions. As of 2010, the National Broadband Plan mandates
the release of 500 MHz of additional electromagnetic spectrum to be used for the
emerging wireless broadband networks [12]. Consequentially, radar systems which
operate in this frequency range will be further limited in performance due to stricter
spectral mask requirements.

Ensuring the effectiveness of radar system performance is critical for both
commercial and military applications. As wireless technologies and applications
continue to advance, radar emissions must adapt to an ever-changing spectrum
configuration and utilize all available detection capabilities under spectral mask
constraints. Characterizing radar circuitry in order to minimize out-of band emissions
has been achieved through load-pull characterization, along with other metrics such as
output power, efficiency, etc. Additionally, radar systems may need to operate in a
dynamic spectrum access environment in which emissions must share the same
bandwidth. This development would require radar systems to be cooperative with other
types of emissions.

Adaptive load tuning networks can provide a method for tuning amplification
circuitry to mitigate spurious emissions at high power operation. Chapter 2 analyzes how
nonlinear amplifier operation influences transmitter emissions and device efficiency, as
well as design techniques for accommodating the tradeoff between linearity and
efficiency. Another method for designing a tradeoff between linearity and efficiency is to
examine the Pareto optimal curve between PAE and ACPR. Chapter 3 explores a method
for generating Pareto optimization curves for PAE and ACPR in designing matching
networks with load-pull. This technique parameterizes two objective functions, and

forms a combined set which contains the solution for a particular importance weight.



The Pareto optimization curve allows for the efficiency to be maximized given a fixed
spectral constraint. The application of the Pareto curve between PAE and ACPR serves
as an a priori technique to amplifier matching network design using load-pull
measurements.

Although the Pareto curve generated between PAE and ACPR provides a useful a
priori tool for amplifier matching network design, reconfigurable transmitters must be
able to adapt in real time to changing spectral constraints, modulated excitations, and
device thermal effects. Chapter 4 proposes a method for estimating the Pareto curve in
real-time using a sequential peak search method. Generating this tradeoff path utilizes a
sequential search for both objective discovery and Pareto tracing.

Chapter 5 shows how this method is implemented using both software and
reconfigurable load-pull test benches. The test benches are capable of producing
arbitrary radar waveforms for exciting the DUT, as well as performing simultaneous PAE
and ACPR measurements. The measurement test bench in particular is orchestrated by a
central PC and executes the algorithm in Chapter 4.

The results of the steepest ascent search for multiple initializations are shown in
Chapter 6. Various settings for steepest ascent are shown to have a dramatic effect on the
number of measurements required for generating the Pareto curve. The effectiveness of
the algorithm is determined by the consistent convergence point for each initial starting
point, as well as the approximated magnitudes for PAE and ACPR.

Performing an adaptive load-pull for bi-objective optimization can be useful for
reconfigurable radar systems operating in different environments and for various
waveforms. Chapter 7 explains how impedance tuning can further extend the capabilities

of radar transmitter performance under different modulation schemes in a dynamic



spectrum environment. Possible improvements upon the current algorithm are also
discussed which could reduce the algorithm measurement time.

The goal of this work is to provide a method for applying circuit optimization
techniques to maximize radar performance under spectral constraints. The broader
impact of this work provides a foundation for future adaptive solutions which allow for
hardware level reconfiguration in the field. Due to the application of digital modulation
techniques to adaptive radar, impedance tuning using load-pull enables optimization of

amplifier circuitry to fulfill certain system requirements for arbitrary signal excitations.



CHAPTER TWO

Nonlinear Amplifier Effects and Measurements

Amplifier behaviors vary dramatically depending upon the input signal used for
excitation. A simple way to model such behaviors is through small signal excitation using
S-parameters. This model, however, is only valid in cases where the amplifier transfer
function is approximately linear. Once the amplifier is pushed near saturation, which is
common in radar transmitter applications, the transfer function becomes increasingly
nonlinear. These significant changes in the amplifier transfer function lead to unwanted
effects, such as intermodulation distortion. Intermodulation distortion occurs for
modulated signals under large signal conditions which produce interfering tones inside
and outside of the emission bandwidth. Although these distortions are undesired, high
power and efficient amplifier operation can only be accomplished in amplifier saturation.
Nonlinear amplifier behavior can be characterized using load-pull techniques. This
method provides an empirical study of the amplifier for a given nonlinear operating
condition. This chapter explains the theory behind using load-pull for designing RF

amplifiers and emphasizes the use of ACPR for quantifying the system linearity.

2.1 Intermodulation Distortion
The production of out-of-band signals by the amplifier is due to the nonlinear
transfer characteristics under large signal conditions. The degree of the nonlinearity is
dependent upon the magnitude of the input waveform. Intermodulation distortion does

not occur for CW signals, where only a single tone is present. Most RF systems,



however, use modulated signals due to increased information capacity. In signals with
multiple tones in close proximity, or broadband signals, additional nearby frequency
content is produced from intermodulation of frequency components in the desired signal.
A simple and well known measure of intermodulation distortion is demonstrated through
a two tone excitation [13, 14]. Assuming a weak nonlinear system, the intermodulation
products may be approximated using the power series. Consider the amplifier output, v,,

as the summation of an infinite number of nonlinear products, v;:

v, = ianvi" (1)
n=0

where a,, are coefficients weights. The two tone excitation is the input in this case and is

represented by:
v, = Acosw,t+ Bcosw,t (2)
v, => a,(Acoswt+ Bcosw,t) 3)
n=0

Deriving the amplifier output for three terms yields

v, =a, +a,(Acosmt + Bcosw,t)+a,(Acosm,t + Bcos w,t)’

, (4)
+a, (A cosw,t + Bcos a)zt)
v, =a,+a,(Acoswt+ Bcosw,t)
+a,(A” cos(w,t)’ + B? cos(w,t)’ +2AB cos(w,t) cos(m,t)) -
5

+a,(A4’ cos(wt)’ + B® cos(m,t)’ + A Bcos(w,t)* cos(w,t)

+ AB? cos(w,t) cos(w,1)*)



v . =a,+a,(Acoswt+ Bcosm,t)+a,(A’ cos(wt)’ + B* cos(w,t)’

+ AB(cos(w,t + w,t) + cos(wt — w,t))) + a, (A’ cos(w,t)’ + B* cos(w,t)’
2
+ AZ—B(cos(a)zt) +cos(Qa,t + w,t) + cos(Law,t — w,t)) (6)

2
+ A%(cos(a)lt) +cos(2m,t + o t) + cos(2w,t — w,t)))

The two tone intermodulation spectrum is shown in Figure 2.1. Third-order
intermodulation in (6) include components at 2w; + w, and 2w, + w; and contributes
significantly to the amount of distortion produced from large signal excitation [15]. The
power series model for intermodulation may be used for weak nonlinear operation at
power levels below the amplifier 1dB compression point according to Cripps [14].
Amplifier compression relates deviation of nonlinear gain from linear gain for operation
near saturation. Higher order terms should be considered for the case of power amplifiers

beyond 1dB compression, and can dominate lower-order effects.

Power (dB)

I [

20, -0, o, @, 20,—0,

Frequency (Hz)

Figure 2.1: Two-Tone Frequency Spectrum for Weak Nonlinearity

Moreover, Cripps indicates that amplifiers driven to greater levels of compression

can no longer be modeled using a weak nonlinearity, but rather must be assessed as a



strong nonlinearity. This strong nonlinearity is representative of an amplifier’s inability
to increase the output signal amplitude for corresponding increases in input signal
amplitude. Additionally, strong nonlinearities introduce AM-PM effects. These added
effects represent a change in the phase characteristic of the amplifier as the input power
becomes increasingly large. The two-tone test has inherent limitations when applied to
radar systems considering that many transmitters operate at or near saturation [16], and
utilize a variety of modulated waveforms [17]. A more useful way to evaluate amplifier
linearity relating to spurious emissions is to compare the measured output power in the
assigned channel of operation and adjacent channels. The adjacent-channel power ratio
(ACPR) quantifies this relationship by taking a ratio between the power in the main
signal bandwidth and an adjacent bandwidth offset from the nominal operating frequency

[18, 19, 20].

u

Je=ta Je Je+ 1
Figure 2.2: Modulated Signal Spectrum with Main (red) and Adjacent (blue) Channel
Bandwidths
The ACPR channels are shown for an arbitrary modulated frequency spectrum in
Figure 2.2, where f, is the carrier frequency, f, is the adjacent channel offset, B,, is the
main channel bandwidth, and B, is the adjacent channel bandwidth. The waveform
spreading is shown to fall in the vicinity of the adjacent channel, which can possibly

interfere with other emissions operating within the adjacent channel bandwidth. The
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power in each channel is quantified by integrating the power of the individual tones over
the associated bandwidth. Assuming the modulated signal frequency spectrum in Figure
2.2 is symmetric, the upper and lower ACPR, P4.pr , is mathematically expressed as a
ratio of the total power of either adjacent channel channel P, to the main channel P, is
given by (7).

P
Ppp =— (7

Using ACPR, the spurious emissions from all nonlinear terms in (1) are accounted
for in a single integration bandwidth. Comparing the integration bandwidth of the main
channel allows for the distortion level to be evaluated, where higher values indicate
increased distortion and vice versa [20]. ACPR is a measure of system linearity, though
there other ways to quantify this attribute. Error vector magnitude (EVM) is often used
to quantify the in-band distortions that occur from nonlinear amplifier operation, and is
used by Jonggyun to measure the RF path imbalances of a LINC amplifier configuration

[21].

2.2 Efficiency and Tradeoff with Linearity
Another key factor associated with amplifier nonlinearity is a boost in efficiency.
Efficiency in amplifier design measures how well an amplifier converts DC power to AC
power, which is used to amplify the device. Specifically, power-added efficiency (PAE)

is commonly used to quantify this performance factor and is given by (8).

pag=Lt )

DC
P, is the total amplifier output power in watts, P; is the total amplifier input power in

watts, and Pp is the total DC power. PAE is expressed in terms of percentage of DC
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power which is converted to AC power. An increase in efficiency is often desired for
reduced carbon emissions, maximizing battery life in mobile applications, achieving high

power output, and reducing cooling requirements for transmitter base stations [22].

m4
indep(m4)=22.000
plot_vs(PAE, RFpower)=57.024

Gain, dB

0 IIII|IIII|IIII|IIII|IIII|IIII O
0 5 10 15 20 25 30

md
Input Power, dBM  findep(m5)=22.000
plot_vs(P_gain_transducer, RFpower)=7.254

Figure 2.3: Gain (blue) and PAE (red) for GaAs MESFET Power Sweep Reprinted from
[28]

High efficiency, however, is achieved from amplifier devices operating near
saturation. Operating the amplifier near saturation causes unwanted signal distortions as
described in the previous section. As such, linearity versus efficiency is a fundamental
tradeoff of power-amplifier design. This is based on the fact that high device efficiency
is achieved through saturation, which also introduces substantial intermodulation. Figure
2.3 illustrates this tradeoff for a simulated power sweep for a GaAs MESFET amplifier.
The amplifier is swept over a range of input power values. The gain curve is constant for
low input power values, displaying linear performance, but becomes increasingly reduced

for higher output powers, demonstrating nonlinear behavior.
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The degree of the nonlinearity relates directly to the amount of distortion and
spectral spreading experienced by the output emission. There are several techniques for
overcoming the tradeoff between linearity and efficiency. There has been interest in
optimizing both linearity and efficiency using load-pull for Doherty amplifiers [23, 24,
25], as well as reducing intermodulation distortion in radar and communications systems
[18, 26,27, 28, 29]. Methods for optimizing linearity and efficiency have been shown by
techniques such as dynamic bias [30, 31], envelope following [32, 33], and envelope
tracking [34, 35]. These methods, however, fundamentally limit the maximum efficiency
achievable due to linear amplifier operation [36]. Another technique for improving both
linearity and efficiency is through the use of the linear amplification with nonlinear
components (LINC) approach, which separates the input signals into two out-of-phase
components and recombines them after separate amplification [21, 37]. This method,
however, losses efficiency in the combiner stage and also suffers from bandwidth,
complexity, and linearity issues [18, 36]. One of the most influential factors that

influences amplifier linearity and efficiency is the choice of matching impedances.

2.3 Amplifier Characterization with Load-Pull
A common characterization method used to identify the effects of matching
impedance on performance is load-pull measurements [38]. Load-pull is an empirical
technique for analyzing an amplifier output metric as a function of impedance [14]. One
of the reasons this measurement is such a powerful tool is that it enables models to be
extracted for amplifiers near saturation. These measurements share a trait with linear S-
parameter analysis in that contours can be mapped onto the Smith Chart for various

performance criteria.
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(a) (b)

Figure 2.4: Generic Contours for (a) Small and (b) Large Signal Amplifier Excitation

These contours represent curves of constant magnitude for which the magnitude
of a measured attribute is constant. The set of all contours for a particular dataset forms a
contour map imposed onto the Smith Chart. Figure 2.4a shows typical contours for an
arbitrary dataset evaluated using small signal S-parameters. These contours form circles
around a central optimum point.

As the amplifier approaches nonlinear operation, however, the contours can
become ovals rather than circles as shown in Figure 2.4b. Additionally, the optimum
load reflection coefficient for a particular characteristic can drift as the device becomes
more nonlinear. Although load-pull techniques vary depending on the application, the
measurement setup typically consists of an excitation source, a tunable impedance
network, and a power sensor [14]. Figure 2.5 shows a diagram of this basic setup for a

measurement of output power.
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RE Source Power Sensor

[ 1

0 Tunable Impedance

&DUT Network o)
@ 0 0 R

Figure 2.5: Basic Load-Pull Setup for Measuring Output Power

Characterizing the DUT consists of varying the impedance tuner over a relevant
set of load reflection coefficients and recording the output power at each location. The
output power measured can be used to calculate other qualitative factors such as gain,
PAE, etc. Additionally, ACPR load-pull may be performed to quantify the amplifier
linearity. This requires an additional tool, a spectrum analyzer, to measure the power at
individual frequencies. This basic setup is referred to as fundamental load pull, since
only the fundamental harmonic is measured. There are many cases in which harmonic
load pull is necessary to design for harmonic matching [14, 39, 40]. This matching
technique can be used to significantly increase device efficiency using second and third
harmonic matching [41]. Active load-pull is another method used for modeling RF
systems. This measurement includes an active device as part of the impedance tuning
apparatus. The active element is necessary in order to compensate for losses in the

measurement and provide a larger available VSWR [14].

2.4 Conclusion
Characterizing RF amplifiers is essential to ensuring that the overall system is
able to meet conflicting constraints such as PAE and ACPR. Radar systems require

knowledge pertaining to amplifier nonlinearities in order to ensure spectral conformity.
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Such systems can be designed using the results of load-pull measurements, which provide
description of amplifier traits as a function of impedance. Although these methods
provide an empirical study of linearity and efficiency tradeoff for amplifier design, the
question remains on how a decision is reached as to which candidate impedance is
selected. The next chapter discusses intelligent algorithms which can be used to design

for specific performance criteria.
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CHAPTER THREE

Pareto Tradeoff Analysis for Load-Pull Contours

Designing amplifier matching networks for multiple objective criteria often
results in performance tradeoffs. These tradeoffs occur when the optima of two
objectives cannot be reached simultaneously using individual matching impedances.
Because minimization of spectral spreading is important in radar systems, this thesis
discusses the Pareto optimization for the fundamentally conflicting criteria of linearity
and efficiency in radar power amplifiers. Although there are several methods for
optimizing for linearity and efficiency in power amplifier design, the choice of output
matching network is among the greatest of deciding factors. Additionally, achieving high
device efficiency often requires the amplifier to be driven near saturation; unfortunately,
significant spectral spreading occurs from the resultant nonlinearity of the amplifier.
Load-pull has been shown to be an effective means of empirically modeling nonlinear
amplifiers for matching network design. Despite the widespread use of load-pull
measurements, the process of selecting an optimal tradeoff between conflicting objectives
remains highly subjective in amplifier design and load pull. Bi-objective Pareto
optimization is proposed in this chapter as a method for mapping a tradeoff line between
linearity and efficiency using load-pull techniques. The Pareto curve, mapped to the
Smith Chart, provides the optimal tradeoff between linearity and efficiency depending on
the relative importance of these two objectives. This curve too also serves as a design
reference for negotiating the tradeoff between conflicting criteria in amplifier matching

network design.
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3.1 Pareto Optimization for Fuzzy Convex Contours

Load-pull has been shown in the previous section to map contours onto the
complex impedance plane for a particular amplifier characteristic. The load-pull contours
describe the magnitude trend of a particular objective as a function of load impedance.
The contours produced for small signal amplifier operation are circular and can be
predicted by the S-parameters [41]. These assumptions become invalid, however, once
the amplifier reaches nonlinear operation. Load-pull contours for output power tend to
deviate from a circular to an ovular shape, and become skewed as the degree of amplifier
nonlinearity increases [42, 43, 44]. Extending these assumptions to the objective
functions of PAE and ACPR, it becomes important to classify the functions which the
contours specify. The types of objective functions being considered are fuzzy convex
sets as shown in Figure 3.1. These functions encompass a wide range of unimodal
objectives which the contours which are shown in Chapter 2, including those for PAE
and ACPR. A one dimensional example will be shown to demonstrate the derivation of
Pareto optimal solutions, and will be extended to two dimensions for application to load-
pull. Figure 3.1 shows a magnitude plot of an arbitrary, fuzzy convex objective
function p(x), where x € X. The definition of fuzzy convex sets follows from Zadeh

[45] in (1).
plax, + (1= A)x,]= min[p(x, ), p(x, )] (1)
(AeR[0<A<

This definition of convexity does not require that the function p(X) be a convex function
of X, and therefore includes sets which are both strictly convex as well as quasi-convex

[46, 47]. The points x; and x, represent locations with magnitudes p; and p, on the
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boundary of p(x). The expression in (1) explains that the continuum of magnitudes
between p; and p, must be greater than or equal to the minimum magnitude of either
point. These magnitudes are expressed in terms of a convex combination weighting in
the left portion of (1), which must be true inside of the set. Defining convexity in this
way is required in order to define the Pareto optimization, or optimal tradeoff, between

multiple objectives such as PAE and ACPR.

p(x)

b

Figure 3.1: Fuzzy Convex for Objective Function p(x) (red)

The Pareto optimization is used in design scenarios where a tradeoff must be made
between two desired objectives [48, 49]. Each of the objectives is dependent on a
common variable which influences their individual outcome. The Pareto solutions
correspond to those variable states which result in a weighted tradeoff between the two

objectives. Computing this weighting requires an examination of the definition of Pareto
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optimum. Consider two fuzzy convex objective functions, p(x) and a(x), where the

Pareto optimization over X is defined as

p, =max(p(x)) 2)
st. a(x)za,.

Figure 3.2 shows the magnitude constraint a,, on a(x) and solution p, on p(x). The

magnitude p,, is the maximum value on p(x) given the constraint a, on a(x), and

p(xg) = p, is a Pareto optimal point by the definition on (1).

p(x) a(x)

Figure 3.2: Maximizing p(x) for a Constraint a, on a(x)

Theorem 1: Let x;, and x, be the maximum magnitudes of p(x) and a(x) respectively.
For every magnitude a, of on a(x) on the closed interval [xp, xa], there exists a p, on

the boundary of p(x) which is a Pareto optimal solution.
Considers that the function p(x), for a given constraint a,, is always maximized
along the boundary. These boundary points can be defined in terms of the level sets

L.(p) and L.(a) in (3) and (4).
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L(p)={xeX|p(x)=p,} ©
L(a)={xeX|a(x)=a,} 4)

An extension of Theorem 1 is that for every level set L.(a,), there exists a L.(p,)
which satisfies the Pareto solution at the boundary point x5 of both level sets. A Pareto
optimal point also exists at the points where the contours of the level sets are tangent
[50], which is most obvious at the cusp between the two functions. Figure 3.3 shows the
cusp formed by the intersection of the two sets p(x) and a(x), where the two levels sets

L.(p,) and L.(a,), intersect at the point xp.

Figure 3.3: Level Sets at the Cusp (gray) of p(x) (red) and a(x)

The tip of the cusp represents a Pareto point for which p, = a, and can be
defined as the maximum of the intersection between p(x) and a(x) in (5), which in fuzzy

set theory [45] is also the maximum of the minimum of the two functions.

max(p(x) N a(x)) = max(min(p(x). a(x)) 5)
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The cusp is unique for strongly convex functions [45], and thus gives a unique
Pareto solution at the point xz between the two functions. Using (5), the point x5 can be

evaluated by evaluating the argument at the cusp in (6).

X, = arg(max(min( p(x), a(x)))) (6)

The cusp has been carefully described in order to explain how it can be used to evaluate
the entire Pareto curve between p(x) and a(x). Consider the example in Figure 3.2

which shows the Pareto optimum p, on p(x) for a fixed a, on a(x), and p, # a, at the
Pareto location xg. A cusp can be defined on the interval [xp, xa] where the magnitude

of the two functions are equal, so let there be a constant § > 0 such that

pp(x,)=alx,). (7)

The constant £ is a value which causes the value of the two functions at x5 to be equal,

and also forms a cusp between the two functions at xg. The location of the cusp modifies

(6) to
X, = arg(max(min(ﬂp(x),a(x)))). (8)

The movement of the cusp along the interval [xp, xa] traces the Pareto front for
two reasons. As stated previously, the cusp occurs at the point at which the magnitudes
of the two objectives are equal. Moreover, the level curves which correspond to the
magnitudes of the two functions intersect at the tip of the cusp, which is by definition a
Pareto solution. The second reason is that for strictly increasing functions f(-), the level
curves of p(x) are the same as the contours of f(p(x, y)); that is, a strictly increasing
function is order-preserving. The values assigned to each level set changes, but the level

curve shape does not. A definition of an order-preserving transformation [51] would be
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the following: let p: X — R be a real valued function on the set X. The functionp: X —
R is an order preserving transformation of p if there is a strictly increasing real function

fip(x) = R such that for every x € X,p(x) = f(p(x)). Every location at which the
cusp is located on X for a given f will be Pareto optimal by definition. The movement of
the cusp, therefore, traces unique Pareto solution since the level curves remain in the
same locations on X under multiplication, where the location of a particular Pareto point

for a given [ is shown by (8). The constant 5 can be parameterized such that

p=—-. )

The parameterization by a is necessary to meaningfully adjust the two objective

functions in a meaningful fashion. This parameterization modifies (8) to be

X, = arg(max(min(ap(x), (1 - a)a(x)))) (10)
0<a<l

The Pareto optimization is based on a fix-one, maximize the other approach. The
use of @ in (10) allows for the two objectives to be weighted proportionally according to
the importance, which is from least important to most important for ¢ between zero and
one. The parameterization by a preserves the features of the cusp and still allows the
locations of the Pareto optimal points to be located. This technique for tracing the Pareto
front for a simple function will now be extended to the load-pull contours.

Applying these Pareto solutions to load-pull contours requires that the functions

be extended to functions of two dimensional variables. Consider the level curves shown
in Figure 3.4 for functions p(x) and a(x), where x = [;i] and x,y € X. The case of

setting a magnitude limit for one objective and maximizing the other as in (1) applies to
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the convex level sets formed by fuzzy convex objective functions p(¥) and a(x). The

point (xg, yg) is a solution on the Pareto front for a fixed a,such that

(¥, )= arg|max p(¥)] (11)

(X)<ag

Following from (3) and (4), the level set L,(p) = {x € X:a(x) = a,} hasa
corresponding L. (p) = {x € X: p(x) = p,} which is a Pareto solution at the boundary

point(xg, ¥5). The expression in (10) can be extended to functions of two variables.

Figure 3.4: Level Sets Lq(p,) and L.(a,) Form a Pareto Solution(xg, y5) For Objectives
p(x) (red) and a(x) (blue)
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Evaluating the location of (xg, y5) can be accomplished by weighting each
function so that the peak of the cusp formed between p(x) and a(x) is at that location.

Using the parameterized form in (10),
(x,.,)=arg(max(min(ap(%), (1 - @ )a(%)))). (12)

A property of level sets is that for a function f: X — R, the gradient of f at the point
x € X such that Vf(x) L L;(x). The gradients at (xp, yg) for the objective functions
p(x) and a(x) are given by (13) and (14).

p(5,.7,)

ox
Op(x5,¥5)

dy

vp(‘xB9yB): (13)

[ da(x,,y,)]
Ox
oa(x,,y,)

oy

Va(x,,y,)= (14)

Furthermore, the gradients are for the two level sets are oriented in the opposite direction
at their [52] intersection and thus satisty
an(xB,yB)+(l—a)Va(xB,yB):O. (15)
Note that the a in expression (15) is different from the previous use, and instead
represents an arbitrary constant. The expression in (15) is only valid for the intersection
between the level curves of L.(p,) and L.(a,). The Pareto front is not a function of the
measurement units as long as the transformation between one unit and another is strictly

increasing. Measurements of power ratios, for example, will yield the same Pareto
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contour as using the log of the ratios. The method for generating the Pareto front will

now be applied to load-pull data extracted for both simulation and measurement.

3.2 Pareto Front for Simulated and Measured Load-Pull Contours

Identifying the Pareto front for amplifier design will allow for an optimal tradeoff
to be made between two objectives. The approach taken is to apply Pareto analysis to
previously measured load-pull data. The optimal tradeoff solutions mapped to the
complex impedance plane can serve as a design guide for the linearity and efficiency
tradeoff in nonlinear amplifier operation. Assuming that these contours are unimodal and
fulfill the definition of convexity given by (1), the Pareto tradeoff curve will yield
solutions which provide a unique optimum tradeoff between two objectives. Consider
the simulation of an HBT amplifier model using ADS in Figure 3.5 under a CDMA2000
excitation. The bandwidth chosen for this simulation is 1.2288 MHz. This waveform

demonstrates the applicability of Pareto analysis to a broad class of wideband signals.
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Figure 3.5: Circuit Schematic for HBT Circuit Envelope Simulation

A Circuit Envelope Simulation is used to evaluate the load-pull contours of the

amplifier model, which is driven into the nonlinear operating region at an input power of
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19 dBm. The characteristics measured for this test are PAE and ACPR, where the ACPR
channels have a 30 kHz bandwidth and are offset 755 kHz from the 825 MHz carrier.
Figure 3.6 shows the load-pull contours for PAE and ACPR with a 1% and 0.5 dB
spacing respectively. The contours for PAE and ACPR are shown to have extrema at
locations I, = 0.67£169.42 and I, = 0.832 — 174.22 respectively. A Pareto front
generated between the two objectives reveals an optimal tradeoff path. This path allows

a designer to choose a point along the Pareto line which optimizes between ACPR and

PAE.
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Figure 3.6: Simulated Load-Pull Contours for PAE (red) and ACPR (blue) with Pareto
Path (black)

Although evaluating the Pareto front for measurement and simulation data is very

similar, the effects of measurement noise and sampling of impedance points can affect
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the results. A load-pull measurement is performed on an amplifier at 2 dB compression
under a radar chirp excitation. Contours for the two objective functions, ACPR and PAE,

were measured from a dense grid of impedances on the Smith chart, as shown in Figure

3.7.
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Figure 3.7: Amplifier Load Pull for PAE (red) at 1% Contour Spacing and ACPR (blue)
at 0.5dBc Contour Spacing with Pareto Path (black)

The PAE and ACPR extrema are a significant distance apart, indicating that a
design decision would need to be made for optimizing linearity and efficiency for this
device. Applying the Pareto optimization for quasi-convex sets shows the tradeoff curve.

The quantized data was interpolated and smoothed in order reduce the effects of system
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noise. Smoothing the measurement data slightly changes the Pareto front due to changes

in the original objective functions, but does not significantly affect the set topologies.

3.3 Conclusion

A method for mapping for mapping a Pareto tradeoff curve between linearity and
efficiency has been shown. This technique utilizes load-pull measurements in order to
map the tradeoff curve to the Smith chart. The solutions along this Pareto line are
solutions for amplifier reflection coefficients which negotiate a weighted tradeoff
between linearity and efficiency. The method shown for solving for a Pareto tradeoff for
load-pull objectives depends upon their topology. These objectives often take the form of
convexity defined in (1), where the set of Pareto solutions between them can be found
using (12). These Pareto optimization routines provide an a priori design tradeoff
between linearity and efficiency for amplifier load impedance design. Adaptive radar
systems, however, require this tradeoff to be negotiated in real time depending on
external constraints. The next section presents a method for approximating the Pareto

front for linearity and efficiency using real-time intelligent search techniques.
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CHAPTER FOUR

Sequential Peak Search Algorithm for Affine Pareto Tracing

The tradeoff between linearity and efficiency mentioned in Chapter 2 presents a
problem for high power radar transmitters with a regulated spectrum for their emissions.
Waveform distortions, which have been shown to result from nonlinear amplifier
operation, can produce interference in adjacent frequency bands. As described in Chapter
2, reducing the input power to the amplifier can result in operation that is closer to linear
and reduce the spectral spreading, but this also lowers the efficiency. One the other hand,
driving the amplifier near saturation to meet high operating efficiency may result in
violation of spectral mask requirements. Load-pull has been shown to be a useful tool for
designing amplifier matching networks for the linearity and efficiency tradeoff.

Because of the changing nature of wireless spectrum allocation, radar systems
may soon be forced to operate in a dynamic spectrum access environment, with changing
spectrum requirements and perhaps being required to perform real-time shifts in
operating frequency. Future radar systems must be able to adapt in real-time to meet
changing spectrum requirements and switch between operating bands; this will require
real time re-optimization of the amplifier load impedance and the waveform. Qiao et al.
[53] have demonstrated on-chip impedance optimization for communication transmitters,
and Baylis et al. [54], as well as de Hek [55] and Perlow [56] have demonstrated peak-
search load-pull algorithms for output power optimization. As such, real-time matching
techniques and intelligent algorithms show excellent promise for the optimization radar

amplifier circuitry using real-time load-pull measurements. This chapter presents a
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method for approximating the Pareto optimal solutions for linearity and efficiency using a
combined peak search method. The concept of adaptive load tuning for radar systems
will be discussed, followed by a comparison of the steepest descent search path to the

Pareto curve generated between two objectives.

4.1 Augmenting Adaptive Radar Transmitters

Modern radar transmitters are required to fulfill multiple conflicting constraints
while maintaining optimal detection capabilities. As bandwidth for radar systems
decreases due to economically driven wireless applications, the allowable interference
produced by the radar transmitters will also decrease. As discussed in Chapter 2, radar
systems are often driven into saturation where nonlinear amplifier effects are dominant.
Using a static output matching impedance for the design of a power amplifier can be
chosen to maximize the efficiency of the device. An adaptive radar transmitter, however,
must be able to adjust its waveform and circuitry according to external influences such as
spectral mask. Additionally, multiple waveforms may need to be implemented on the
same radar system for increased target detection [57], and cause the amplifier output
matching network to be suboptimal for desired performance.

The method proposed is to augment the concept of adaptive radar transmitters by
introducing a tunable load impedance network at the output of the radar system. The
ability to digitally define modulated signals is combined with the functionality of
impedance tuning through load-pull techniques. Figure 4.1 shows a concept diagram of

an adaptive radar transmitter.
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Figure 4.1: Adaptive Radar Transmitter with Tunable Load Impedance

The main components of this setup consist of a signal generator for producing
modulated signals, a tunable impedance network, a central controller, and feedback using
a spectrum analyzer and power sensor. Unlike a traditional load-pull measurement, the
system is directed by a central controller which receives feedback data acquired for PAE
and ACPR. The central controller is responsible for waveform generation, impedance
tuning, data collection, and making design decisions which impact system performance.
These decisions are based on the current system requirements for linearity and efficiency,
and implemented as changes in the waveform and/or load reflection coefficient at the
amplifier output. The robustness of this concept overcomes limitations of a priori design
by allowing the amplifier load impedance to be adjusted for multiple operating points and
spectral mask constraints. However, another constraint for adaptive systems is the speed
at which the controller converges on the optimal performance setting. Assuming a fixed
waveform, identifying the optimal load impedance for a tradeoff between PAE and
ACPR with a small number of measurements is critical. Designing intelligent search
techniques for the load pull provides a way to drastically reduce the number of

measurement queries required, and is discussed in the next section.
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4.2 Sequential Peak Search Algorithm

The study of typical load-pull contours in Chapters 2 and 3 indicate that the
objectives are often realized as unimodal, convex or quasi-convex sets. The peaks of
these sets correspond to locations which best optimize either set. Using the scheme
shown in Figure 4.1, the central controller is responsible for locating the optimal
reflection coefficient for a tradeoff between PAE and ACPR. An unbiased search
algorithm is implemented using the steepest ascent method to locate these reflection
coefficients on the complex impedance plane. The gradient search method has been
suggested in [47, 58] for finding the peak of unimodal functions. This method has been
explored in [54, 59] for optimizing a single amplifier objective through load impedance

tuning. Since the reflection coefficient I' is a complex number, it can be analyzed as a
. . = X .
two dimensional vector such that ' = [y] where x, y € R. The search begins at an

arbitrary point [, on the complex impedance plane and calculates the gradient at that
point. This calculation is made by taking two additional measurements at points I'. and I

neighboring the initial location at a predetermined distance D,, such that

T X +D, |
=l o (1)

[ = 0 2
i_xi+Dn' @)

The measured magnitudes at the measurement locations, which are p(T,) , p(I})
and p(T;), will be used to approximate the gradient in a neighborhood around I, shown

in Figure 4.2.
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pd)

Figure 4.2: Topology of Neighboring Points for Gradient Calculation

The additional neighboring points are equidistant from the initial point, and lines
drawn the initial power value and neighboring values form slopes m; and m,. These
slopes represent the rate of linear increase between the initial magnitude of p and the
neighboring points. A plane shown in (1) is fit to the three measured points to solve for

the direction of steepest ascent.
Ap(AT AT, )= m AT, + m,AT, (3)
where Ap, AT}, and Al refer to the change from their starting values at I',. The direction

of greatest increase is calculated in [54] along a line following the gradient. The

algorithms then moves a certain step distance Dg from the initial point as shown in Figure

4.3.
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Figure 4.3: Step in the Direction of Steepest Ascent

The new location is measured for the current objective and the process repeats if
the new magnitude is higher than that of the initial point. The step size decreases to one-
third of its original value if the new location’s magnitude is lower than that of the initial
point. The reduction in step size indicates that the objective peak has been overshot and
provides a way to converge on the peak with precision. This process continues until the
step size becomes less than the neighboring point distance, in which case the steepest
ascent algorithm halts. The point [ at which the steepest ascent iterations cease and
associated neighboring points map a region of uncertainty as to the true location of the
objective peak. The extent of this region depends on the neighboring point distance,

which sets the resolution of the search. Approximating this peak is accomplished by
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taking three additional measurements and performing a least squares fit to all six points
[55]. The fit ideally results in a paraboloid that has a peak at the approximate location of
the true objective peak, and is shown in Figure 4.4. Evaluating the gradient of the
paraboloid and solving for the point at which the gradient equals zero yields the

maximum at location I,;;.

w(1,0)

opt
Figure 4.4: Paraboloid Fit (blue) to Six Points Using Least Squares and Peak Location
(red)

The combined peak search algorithm for finding PAE and ACPR modifies this
steepest ascent search by performing two searches consecutively. The algorithm executes

a steepest ascent for PAE as explained previously, finding the location of maximum

PAE, It p, and the magnitude at that point p(Fopt,P). Starting from [, p, an additional
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steepest descent search begins for the ACPR optimum [, ,. This concept is illustrated

in Figure 4.5 for arbitrary unimodal PAE and ACPR sets.

=02

Figure 4.5: Combined Peak Search for PAE (red) and ACPR (PAE)

Performing the second steepest descent algorithm for ACPR has two important
ramifications for adaptive radar. One benefit of this algorithm is the ability to design
between two conflicting objectives in real time. An example of this would be to set an
ACPR constraint, and perform a steepest descent algorithm going toward the ACPR
optimum until the limit is reached. Truncating the steepest descent before the ACPR

optimum is reached prevents needless reduction in PAE incurred when improving ACPR
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beyond the requirements. The second development concerns the path the steepest
descent algorithm follows. Chapter 3 discussed a Pareto path between PAE and ACPR
which provides an optimal tradeoff between the two objectives. The questions of
whether the steepest descent path for ACPR from the PAE optimum location

approximates the Pareto path will be discussed in the next section.

4.3 Using Steepest Descent as Affine Approximation to Pareto Tradeoff Curve
When executing the steepest descent search of the routine (from the PAE
optimum toward the ACPR optimum), the search traces a path between the optimum
location of the two objectives. How closely this path approximates the Pareto curve is
based upon the nonlinearity of the device characteristics and the search parameters. The
steepest descent search is based on a calculation of the gradient at an initial search point
similar to the steepest ascent algorithm described in the previous section, so it is desired

to demonstrate under what conditions the Pareto curve proceeds in the direction of the

gradients. Consider the Pareto curve between two characteristics for PAE, p(fg), and

ACPR, a(fg), both functions of the two-dimensional position vector
- X
[g = [yi]. From Chapter 3, it was shown for load-pull contours that at the intersection

point xz between two level sets for PAE and ACPR that

ovp(x,,y,)+ (1= a)Valx,.y,)=0. 4)
As previously discussed, (4) demonstrates that, at a point on the Pareto curve, the

gradients are collinear and pointing in opposite directions. This characteristic occurs

because limitations on the value of a to be between 0 and 1 show

Vp(T,)=- ( ;a)Va(fB) (5)



Assume that the characteristics p and a are both affine, at least in a region
surrounding [, a point on the Pareto curve. An affine approximation for both functions

can be defined as
a(fB + Af) ~ a(fB ) + Va(fB)- AT (6)
and

p(T, +AD)~ p(T, )+ Vp(T, ) AT (7)
where AT = [2;] is a small two dimensional step in the direction of the gradient for

either objective. Equations (6) and (7) show that a(fB + Af) and p(fB + Af) are related
for cases where the affine approximation holds true. This consideration leads to the

questions of whether some a’ exists such that

Vp(T, + AD) = — (1 —“ )Va(fB +AT). ®)
(04

If (8) is true, then the point fB + AT is also on the Pareto curve. The values of the two
functions and their gradients must first be evaluated at the specific coordinate vector l:B.
This procedure allows the right sides of (6) and (7) to be numerically calculated. Taking
the gradient of (7) yields

Vp(T, +AL) = V[ p(T, )]+ V(Vp(T, ) AT). 9)
Note that V[p(f B)] in the first term on the right of the equals sign occurs at point, and
thus is the gradient of a constant with numerical components and therefore is zero. An
assumption is made that the affine approximation is sufficiently accurate so that the

second gradient is approximately zero. Inside the parentheses of the second term,

however, is the gradient of p evaluated at the point I's. This operation results in a vector
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with components that are the partial derivatives of p with respect to x and y at the

point I3 in (10).

= . O] O
Vp(l, )= 5205, 0,) + 3 2 (3,00,) (10)
X W
Inserting the results from (10) into (9) gives
B AT P 4
Vp(FB +AF):V a(xg,yB)Ax+5(xB,yB)Ay . (11)

The gradient requires derivatives to be taken of a scalar expression containing Ax and Ay.

These variables can be rewritten in terms of x and y as follows:

X=x, +Ax (12)

Y=y, Ay, (13)
Because x5 and yjp are specific values of x and y, they are constants for purposes of

differentiation. This means that

dx = dAx (14)

dy =dAy. (15)
This means that a derivative with respect to x is the same as the derivative with respect to
Ax, and a derivative with respect to y is the same as a derivative with respect to Ay.

Using this in (11) gives the following for the gradient of p at the new point:

[, +AT) f%(xg,ygﬂ ﬁ%p(xg,yBFVp(fB) (16)

The expression in (16) shows that, when the surface p is affine, that the gradient at

another point along the line established by the gradient taken at an original point is the
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same as the gradient at the original point. The same is also true for the surface a such

that
Va(T, + AT)=Va(T, ) (17)
This comparison shows that the relationship between the gradients at the new point is

exactly the same as at the original point if both surfaces are affine:
_ _ (1 — a') _ _
Va(T, + AT) = —TVp(FB +AD). (18)

We have confirmed that (8) is true in this case with a = a’. Assuming cases where the
affine approximation holds, the next step in a steepest descent walk from a point on the
Pareto surface results in a point which is also on the Pareto surface since the gradients are
perpendicular for both criterion surfaces. The case where [ happens to be the optimum
of criterion p indicates @ = 1 in (4) and the gradient Vp(Iz) = 0, the zero vector.
Regardless of the value of Va(I'g), (5) is satisfied and this point is on the Pareto line.
Additionally, the case where two characteristics p and a are on the Pareto path and a
nearby point is chosen in the direction of one of the gradients (direction of steepest
descent), the next point is also on the Pareto path if both of the characteristics are linear.
A closer look at the derivation reveals that the gradients never change direction as
the steepest descent walk is carried forward from one point to the next. The progression
would continue from one maximum to the other along the Pareto line. This case is a
unique contour type that would only be likely to occur only in linear devices. However,
if both p and a are re-measured at each point, then the approximation becomes piecewise
affine rather than strictly affine, and the results will better approximate the actual
characteristics in nonlinear situations. The Pareto load-pull search is an attempt to map

the Pareto line based on a piecewise affine approximation. The search begins at the
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optimum impedance for power-added efficiency (PAE) and proceeds toward the optimum
impedance for adjacent-channel power ratio (ACPR). This steepest descent-walk will
follow the Pareto path only if both criterion characteristics can be reasonably
approximated as linear over the step size.

A problem with the piecewise affine approximation is that the error in the
approximation causes the search to leave the Pareto path, with no way to regain position
on the path. A nudge factor is suggested for future work, based on the difference of the
two characteristics’ gradients at each approximation point of the search, to keep the
search near the Pareto path, ensuring optimum PAE is achieved in meeting ACPR

requirements.

4.4 Conclusion

A Pareto-search algorithm for PAE and ACPR has the promise to greatly extend
adaptive radar capabilities by allowing the circuitry to adapt for different amplifier
spectrum requirements and frequency bands. This real-time reflection-coefficient
optimization is broadly applicable to many devices and provides a flexible approach that
can be adopted in a wide range of conditions. The key to achieving robust applicability is
the use of a controller to direct the waveform creation, impedance tuning, and
measurements to make intelligent design decisions. The combined peak search
algorithm, under the assumption of objective unimodality, is an unbiased empirical
search that proceeds without using knowledge of device linear or nonlinear network
parameters. If such knowledge is available, the search can likely be performed with even
fewer queries by intelligently selecting the starting point and the search-distance and

neighboring-point-distance parameters.
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The affine approximation to the Pareto curve using steepest descent provides a
method for finding an optimal tradeoff between PAE and ACPR in a real time impedance
matching network. Under an affine approximation for both surfaces, the gradients will be
collinear at a nearby point in the direction of the gradient at the first point. This means
that if one point lies on the Pareto curve, the next point in a steepest descent search from
one optimum to the other, to a first-order approximation, will also lie on the Pareto curve.
A piecewise affine approximation will proceed from one optimum to the other only if a
piecewise affine approximation to the surface is accurate. Such consideration usually
dictates that the step size for the search between the PAE and ACPR optimum points be
small enough that the piecewise linear approximation will be reasonable, while keeping it
large enough so that the total number of experimental queries is relatively small. The
next chapter discusses the implementation of this algorithm in simulations and

measurements.
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CHAPTER FIVE

Reconfigurable Radar Test Bench

The implementation of the adaptive radar transmitter in Chapter 4 incorporates
several common operations to load-pull measurements. These procedures include
waveform generation, impedance tuning, and measurements for spectrum and output
power. An adaptive approach, however, contains an additional decision making element
that expands the use of load-pull beyond device characterization. The load-pull for
measurement becomes a load-pull for design or real-time optimization by the
incorporation of an intelligent controller. This controller implements optimization
methods such as steepest ascent to impedance tuning in order to obtain solutions to multi-
objective amplifier design. Additionally, the combined peak search algorithm enables the
steepest ascent algorithm between two objectives to approximate their Pareto front. This
chapter discusses an implementation of the combined peak search algorithm in software

and with a load-pull test bench.

5.1 Sequential Peak Search Algorithm Implementation
The objective of the combined peak search algorithm is to find the amplifier load
reflection coefficient providing the PAE and ACPR necessary based on constraints in
order to optimize for linearity and efficiency. The algorithm presented in this thesis
searches for maximum PAE, then proceeds toward the ACPR optimum until the spectral
constraints are met. The central controller for the adaptive radar system in Figure 4.1 of

Chapter 4 plays a key role in implementing this algorithm. An unconstrained search such
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as steepest ascent must be able to converge on the optimal impedances for PAE and
ACPR without a priori knowledge of the device fitness landscape. The central controller
generally applies the same algorithm depending on whether it is implemented through
software or on a test bench. This decision making unit is responsible for executing
software which realizes the intelligent algorithm being implemented. The upper level

block diagram for the implementation in this chapter is shown in Figure 5.1.

Matlab
Software
Controller

Power
Measurements

Waveform
Generation

Impedance
Tuning

Spectrum
Measurements

Figure 5.1: Control Diagram for PAE and ACPR Search Reprinted from [60]

The primary software used for both the software and test bench implementations
of the combined peak search is the MATLAB computing environment. One of the
primary reasons for choosing this programming language is the ease with which
communication is achieved with external devices. The software which directs the
combined peak search algorithm must be able to execute all stages of the algorithm,
including waveform generation, impedance tuning, spectrum analysis, and power
sensing. Additionally, MATLAB possesses the ability to interface with software such as
Advanced Design System (ADS) and Maury Automated Tuner Software (ATS) in order
to direct the measurement. Communication by MATLAB with third-party software is

handled through external libraries, which MATLAB is able to invoke and execute. One
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level below the MATLAB controller block in Figure 5.1 are the devices through which
the algorithm is implemented. The first block consists of an arbitrary waveform
generator, which is a digital transmitter used to create various modulated signals. The
impedance tuning block sets the output impedance of an amplifier for the duration of the
algorithm, and is used as the primary knob for adjusting linearity and efficiency. Data
feedback is essential to automating the algorithm using this setup, and is implemented
through the use of spectrum and power measurements. Once communication is achieved
between the blocks in Figure 5.1, the combined peak search algorithm is implemented in

MATLAB. Figure 5.2 shows the flow diagram of this algorithm as written in the script.
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Figure 5.2: Flow Diagram for Combined Peak Search Algorithm
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The algorithm begins by asking the user for a starting reflection coefficient, step
size, and neighboring point distance for gradient calculation. Any arbitrary starting point
can be selected given the condition that the search objective is unimodal. This initial
point pi,ir pag 18 the starting point for the PAE steepest ascent search, and is measured
for its respective magnitude. A plane needs to be fit to this initial point and two
neighboring points in order to find the gradient, so two additional points are measured at
the neighboring point distance D,,. This distance directly influences the resolution of the
search. Points which lie between pji¢ par and D, on the Smith Chart will be neglected in
the gradient calculation. Figure 5.3 shows the measurement point topology for

neighboring point distance D,, and the step distanceD;.

P init, PAE p. ]

Figure 5.3: Influence of Neighboring Point Distance and Step Distance on Measurement
Topology Reprinted from [61]

Once a plane is fit to the three measured locations, the gradient is calculated and
the algorithm measures a point for PAE in the direction of steepest ascent with a step size
of Dy. The step size directly influences the speed of the search, and will be an important
resolution factor in the steepest descent for ACPR and Pareto front approximation. The

measured point p.,, at a distance Dy is compared with p;,;; pag for determining when to
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decrement the step size, which is used to increase measurement accuracy. A candidate
value higher than the initial value indicates that the PAE peak has not been reached, and
the algorithm continues until this condition is not met. Measuring the candidate value to
be lower than the initial value implies that the PAE peak has been overshot, and the step
size is reduced to one-third of its original value. Once the step size is reduced to less than
the neighboring point distance, the steepest ascent algorithm comes to a halt. This is due
to the assumption that the PAE maximum now lies within the region spanned by the
neighboring point distance. Approximating the peak over this region requires a least
squares fit to a total of six points including the final measured point and respective
neighboring points. Measuring three additional points for PAE at the neighboring
distance allows a paraboloid to be fit to the data. This function is desired since it
provides a single global maximum. Taking the gradient of this paraboloid yields the
approximate location of the PAE maximum. A second steepest descent algorithm is
carried out for the ACPR optimum reflection coefficient beginning at the optimum
reflection coefficient for PAE. The algorithm generally follows same procedure for the
PAE search with a couple key exceptions. The purpose of the steepest descent algorithm
for ACPR, as stated in Chapter 4, is to provide a piecewise affine approximation of the
Pareto front between the PAE and ACPR objectives. This necessitates that the step size
be relatively small for the steepest descent in order for the algorithm to best approximate
the tradeoff curve. The ACPR minimum is sought, so the ACPR search algorithm is a
steepest descent algorithm. The minimum point for ACPR is evaluated in a similar
fashion to that of PAE, except with aim of achieving a global minimum. The algorithm
terminates once the locations for optimum PAE and ACPR have been identified. The

algorithm in Figure 5.2 can be easily modified to end at the desired ACPR constraint
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instead of tracing the Pareto curve, which is practical in terms of maximizing PAE for an
ACPR constraint in a radar system. Implementing this limit reduces the number of
measurement queries required to trace the entire Pareto curve. This system can be
applied to both software simulations for load-pull and a physical load-pull test bench,

instantiations of which are explained in the following sections.

5.2 Reconfigurable Software Test Bench

The algorithm for combined peak search can be demonstrated fully in software
using the RF design software ADS and the MATLAB computing environment. This
method relies on ADS to perform simulated load-pull measurements for modulated
signals while MATLAB performs the intelligent search. The simulated load-pull
measurement consists of a circuit envelope simulation for impedances of interest. Proper
setup of the circuit envelope simulation is essential to producing accurate load-pull
contours for modulated signals. The technique used combines both time and frequency
domain analysis of the waveform [62]. Harmonic balance is another technique for
evaluating amplifier characteristics, but becomes computationally intensive as signal
complexity increases. The circuit envelope simulation overcomes this limit by
performing successive harmonic balance over specified time steps for the total defined
time of the waveform. The harmonic balance generates Fourier series coefficients for
time segments spaced At, over the total time duration of the waveform T'. This process is
shown in Figure 5.4 for an arbitrary modulated signal. The Fourier series coefficients for
each of the time segments are used to solve for a time domain solution to the amplifier
output waveform. Obtaining spectral information about the output signal is accomplished

by performing a fast Fourier Transform of the data. This operation is particularly
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important for simulating ACPR for load-pull. An important consideration in ensuring the

spectrum is reported accurately is to design the time characteristics of the circuit

—e
e

\ \

L 'y L

=
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Figure 5.4: Performing Circuit Envelope Simulation for an Arbitrary Modulated Signal

envelope simulation according to the waveform being measured. The step time is
inversely proportional to the bandwidth of the circuit envelope simulation. This requires
that the signal be “sampled” fast enough such that the signal can be accurately
approximated. The total time duration of the circuit envelope simulation is likewise
inversely proportional to the frequency resolution of the signal. The circuit envelope
simulation during a load-pull measurement is performed over load reflection coefficients
of interest. This data is used to plot contours over the Smith Chart and provide an
approximation of an amplifier model with a modulated signal excitation. Performing the

combined peak search algorithm with ADS requires MATLAB to request input from the
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user. The information gathered using ADS is relayed to MATLAB and results in further
prompting by the algorithm script. This process is carried out until the condition is met
in Figure 5.1. The use of software to implement the steepest ascent algorithm serves as a
low cost evaluation of the algorithm effectiveness. Producing the algorithm on a test

bench, however, is more complicated and is explained in the next section.

5.3 Adaptive Radar Test Bench

The combined peak search algorithm for linearity and efficiency optimization can
be realized as an adaptive load-pull test bench. A basic load-pull setup contains many of
the primary functions required for the algorithm, including measurements of output
power and ACPR at various load impedances. Controlling the load impedance seen by a
DUT is accomplished through the use of mechanical impedance tuners. The design is
based on a “slide screw” concept, which adjusts the impedance by using a metal plunger
and a 50 ohm air line [14]. These tuners are characterized to cover impedances which
span the Smith Chart at certain frequencies of interest. The main software controller for
this measurement is Maury ATS, which primarily drives the load impedance tuners and
interfaces with the equipment in Figure 5.5. The functionality provided by MATLAB
allows a direct interface to the external libraries of Maury ATS. These libraries allowed
indirect control of equipment drivers such as the impedance tuners while retaining the
functionality of the Maury ATS graphical user interface. The main functions provided by
Maury ATS are adjusting the impedance for a particular measurement and controlling the
settings of external hardware.

An arbitrary waveform generator, the Agilent 5182A, emits pre-programmed
waveforms from MATLAB. This functionality allows for unique modulations to be

generated using software, and further expands the adaptability of the platform. This
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Figure 5.5: Reconfigurable Load Pull Measurement Setup Block Diagram Reprinted from
[28]

waveform segment is unconverted to the desired carrier frequency and repeated
continuously while the measurement is taking place. The RF emission passes through the
device under test (DUT), impedance tuner, splitter, and ends at two distinct sensors. The
splitter allows the simultaneous measurement of the spectrum and broadband output
power simultaneously. The Agilent N1911A power meter measures the broadband
output power of the DUT for calculating the PAE, whereas the Agilent E4407B spectrum
analyzer detects the frequency spectrum for calculating ACPR. Once these values are
measured for particular load impedances, the results are reported through Maury ATS to
the MATLAB software.

One of the most important aspects of the measurement setup is determining the
frequencies to be used to define the ACPR adjacent-channel boundaries. The ACPR
measured depends on the bandwidth and center frequency of the channel on the
modulated signal spectrum. The in-band and adjacent channel power values are
measured by adding the measured power values within the specified channel over
bandwidth. These values, which are used to form contours over the Smith chart during

load-pull, may cause the combined peak search algorithm to take different paths for
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identifying the tradeoff between PAE and ACPR. Correctly identifying the ACPR
channels and bandwidth of interest is essential for achieving the desired unique solution

using the combined peak search algorithm.

5.4 Conclusion

The combined peak search algorithm can be implemented in both software and as
an adaptive radar test bench. The ability to interface to both platforms is afforded by the
MATLAB computing environment. The software method utilizes ADS to produce
simulated ACPR load-pull data using circuit envelope simulation. This provides a
convenient way to evaluate the software algorithm for different devices, modulations, and
circuit topologies. The adaptive test bench integrates the measurement capabilities of
ACPR load-pull with control and automation of the algorithm through MATLAB.
Control is accomplished by interfacing with the Maury ATS software through external
libraries. The communication between these programs allows the built in Maury ATS
functions to be directed by the algorithm script. The next chapter will discuss the results
of tests performed for both software and test bench instantiations. These examples will
demonstrate the ability of the algorithm to approximate the Pareto front between PAE

and ACPR using a finite number of measurements.
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CHAPTER SIX

Analysis of Sequential Peak Search Results

The results of the sequential peak search algorithm are validated by showing that
several instantiations of the search converge to the PAE and ACPR impedances that are
determined to be optimal by traditional load-pull measurements. Following the
conceptual description in Chapter 4, the sequential peak search algorithm should first
locate the optimum point for PAE. A steepest descent search will then proceed from the
PAE optimum load reflection coefficient and iterate towards the ACPR optimum point.
Additionally, the steepest-descent walk between the optima uses a small D in an effort to
roughly approximate the same trajectory as the Pareto optimal path. The test bench in
Chapter 5 enables the load impedance of a DUT to be maneuvered according to inputs
received from a spectrum analyzer and wideband power sensor. A MATLAB
programmed script realizes the sequential peak search algorithm by receiving feedback
from the measurement equipment and decides the reflection coefficient of an impedance
tuner at the DUT output. This chapter will show the results of the sequential peak search
algorithm for a series of tuner impedance instantiations which are spread out along the
Smith chart. Key factors such as number of measurements, standard deviation of final
magnitudes, and the mean magnitude at these points are used to demonstrate the
algorithm’s effectiveness. A modification of the algorithm will also be shown which

imposes a maximum limit on ACPR.
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6.1 ADS Simulation of Sequential Peak Search Algorithm

A simulated sequential peak search algorithm is demonstrated for the ADS
simulation in Figure 6.1. The simulation is for a GaAs FET device driven to its nonlinear
operating point at an input power of 19 dBm under a CDMA2000 excitation. This source
was chosen in order to demonstrate the applicability of the sequential peak search
algorithm to a variety of wideband modulation schemes. An exhaustive simulated load-
pull with 1127 simulated reflection-coefficient states was performed to obtain sufficient
resolution and coverage of the amplifier behavior over the Smith Chart, where the

optimum values and locations for PAE and ACPR are shown in Table 6.1.
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Figure 6.1: Circuit Diagram for ADS Load-Pull Simulation
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Table 6.1: Simulated Load-Pull Data Standard

Data Magnitude Angle Resistance (£2) Reactance (Q) Value
PAE 0.6703 169.4176 0.1990162 0.088974129 33.727071
ACPR 0.9403 -176.952 0.0307502 -0.026575888 -52.013813

Figure 6.2a demonstrates the steepest ascent algorithm for PAE starting at the
reflection coefficient 0.9290°, and Figure 6.2b shows the location of the PAE maximum
and contours. The contours are spaced 1% for PAE and 0.5 dBc for ACPR. The peak
search algorithm for both PAE and ACPR requires certain considerations such as

algorithm step size Dy and neighboring point distance D,,.

R

(a) (b)
Figure 6.2: (a) Steepest Ascent Algorithm for PAE and (b) Simulated PAE Location on
Smith Chart
The factors D,, and Dy were noted in Chapter 5 to affect the number of
measurements required for convergence, as well as the resolution of the search. The
algorithm takes three measurements for each candidate point in order to determine the
gradient in a neighborhood around the candidate point. A step Dy is taken in the direction
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of the gradient in order to approach the optimum of either PAE or ACPR. The D,,chosen
for this test, in terms of |I'], is 0.05, and the Dgstarts at 0.5. The algorithm proceeds from
point to point as shown in Figure 6.2a until reaching the PAE optimum. One of the key
performance features of this algorithm is the number of measurements required to
converge on the optimum objective location. The locations marked by a circle in Figure
6.2a indicate candidate points which resulted in three measurements. Candidate points
which demonstrate a decline in PAE only require one measurement, and the search
returns to the previous candidate after this is ascertained. The single PAE steepest ascent
required 18 total measurements before reaching the objective peak value. The PAE value
approximated by a final parabola fit is shown to be within 0.18% of the load-pull
simulation maximum at approximately the same location. The vector distance |I'| on the
Smith chart between the complete load-pull optimum PAE location and the search PAE
optimum is approximately 0.0170 units, which is less than D,, and within the search
resolution. This difference indicates that the accuracy of the algorithm for predicting the
magnitude at the PAE peak location.

The steepest descent algorithm for ACPR begins at the PAE optimum location as
described in Chapters 4 and 5, and is shown in Figure 6.3a. The neighboring point
distance remains the same as that for PAE, but D;is reduced to equal D,,. This reduction
is due to the fact that the affine approximation of the Pareto curve using steepest descent
depends on a small D,for the ACPR search. Reducing Dy, however, also increases the
number of measurements required to reach the ACPR optimum. The steepest descent
algorithm for ACPR reaches its optimum load reflection coefficient at approximately
0.9352—173.43°. The vector distance between the ACPR optimum predicted by the

complete load-pull and that of the search algorithm is 0.0578 units, with a magnitude
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Figure 6.3: (a) Steepest Descent Algorithm for ACPR, (b) Simulated ACPR Location on
Smith Chart, and (c) Pareto Path Between PAE and ACPR
difference of 0.0176 dBc. The Pareto curve path is approximated by the small step-size
ACPR steepest descent in Figure 6.3c. The algorithm seems to closely approximate the
Pareto curve between PAE and ACPR.

To demonstrate the robustness of the peak search algorithm, multiple
instantiations were performed from six initial points as shown in Figure 6.4. The red
arrows show the approximate paths of the PAE steepest ascent. Each PAE path follows a

slightly different trajectory which is dependent upon the location, but all converge in a
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Figure 6.4: Sequential peak search Simulation Initializations and Approximate Paths for
PAE (red) and ACPR (blue)

small region around the simulated PAE optimum. The arrow shown in blue indicates the
approximate path for the ACPR searches. These ACPR paths are relatively the same for
each search due to the precision of the PAE search for the six instantiations. The data
shown in Table 6.2 shows the convergence point of the PAE steepest ascent routine.
Absolute error is used to show the difference in magnitude between the maximum found
by the complete simulated load-pull and give a convergence metric for each instantiation.
The number of measurements is also shown in this table and directly influences the

convergence time for the algorithm.
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Table 6.2: Simulation PAE Instantiation Data with D =0.05 and D =0.5

Start Magnitude Angle  Resistance (S£Y) Reactance(L) PAE Value Absolute Error Number of Measurements to Finish

1 06932906 1707008 Q182200705 0.07864404 33.90044 0173369 18
2 06751853 170.6682 0.195140484 007852769 33.84273 0.115659 20
3 06781347 1708636 0191978557 0.07694217 33.84127 0.114199 17
4 06767859 170.6321 0.192003719 0.07285901 33.88235 0.155279 21
5 06768529 170.6631 0.193340359 0.07860872 3388946 0.162389 7
6 0674366 170.7021 0195719055  Q.07822274 33.85939 0.132319 15

The standard deviations and mean of the PAE steepest ascent algorithm are shown
in Table 6.3. The difference between the mean value and the optimum PAE point on the
complete load-pull simulation is 0.1497%, which is small compared to the magnitude of
the dataset. The low standard deviation values for impedance and magnitude indicate
that the measurement is repeatable and can achieve high precision from arbitrary starting

locations.

Table 6.3: Mean and Standard Deviation for Simulation PAE Searches

Dataset Resistance(!2) Reactance(*2) PAEValue
Mean: 0.19234548 0.0783024 33.86927333
Standard Deviation: 0.005019676  0.00069841  0.025045069

Table 6.4 shows the second portion of the algorithm in which the ACPR objective
is reached. A distinguishing characteristic of the PAE and ACPR search routines is the
number of measurements required for convergence. The ACPR dataset requires a
significant increase in the number of measurements due to the constraint on Dg. The
absolute error indicates that the ACPR converge point is close to the optimum predicted
through the load-pull simulation. Table 6.5 indicates that the mean value of the

instantiations is close to the simulated optimum value of -52.01 dBc.
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Table 6.4: Simulation ACPR Instantiation Data with D, =0.05 and D, =0.05

Start Magnitude  Angle  Resistance(©) Reactance(Q) ACPRValue  AbsoluteError (d8)  Number of Measurements to Finish

1 09352575 -173.4321 0.033564222 -0.0573142 -51.99625 0.017563 25
2 09470977 -174.1006 0.027241908 -0.05148%4 -51.99362 0.020193 27
3 05470163 -173.1394 0.027310469 -0.0598971 -51.95176 0.062053 31
4 05474341 -1726199 0.027104577 -0.06444355 -52.06803 0.054217 33
5 09471099 -172.5858 0.027277333 -0.0647435 -52.06282 0.049007 33
6 09469489 .174.1005 0.027320622  -0.05149 -51.99499 0.018823 28

The magnitude difference between these two numbers is 0.11245, which is small
compared to the size of the datasets. The sequential peak search for PAE and ACPR has
been demonstrated using an ADS software simulation for a wideband modulated signal.
The next step is to verify the test results for an adaptive load-pull test bench for radar

chirp signals.

Table 6.5: Mean and Standard Deviation for the Simulation ACPR Searches

Dataset Resistance(t?) Reactancelt?) ACPRValue
Mean: 0.028303189 -0.05823 -52.011245
Standard Deviation: 0.002578556 0.00592521 0.045216585

6.2 Sequential Peak Search Algorithm Using Load-Pull Test Bench
The results from our new optimization were compared to traditionally measured
PAE and ACPR load-pull results, as shown in Figure 6.5a. The DUT for this
measurement is the Skyworks SKY65017-70LF InGaP amplifier, which reaches
approximately 2dB compression with a 50 ohm load termination at an input power of 2
dBm used. The optimum values and locations for PAE and ACPR optimum points are
shown in Table 6.6. The excitation is a linear frequency modulated chirp which spans 16

MHz and has a repetition rate of 62.5 microseconds with 100% duty cycle. Figure 6.5b
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Figure 6.5: (a) Measurement-Based Peak Search Algorithm for PAE and ACPR,
(b) Measured PAE and ACPR Locations on Smith Chart, and (c) Pareto Path Between
PAE and ACPR
shows traditional load-pull results for PAE and ACPR, which required 1178 impedances
to be measured to generate contours for PAE and ACPR. Following the identification of
the maximum PAE point, a steepest descent with a very small search distance was used to
guide the measurement toward the ACPR minimum.

Figure 6.5a shows results for the bi-objective steepest-ascent algorithm starting
from a reflection coefficient of 0.9290°, which reaches the maximum PAE point in 21

measurements. The value of the predicted PAE maximum deviates by 0.27% as from the

standard peak in Table 6.6. The difference in rectangular distance between the predicted
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Table 6.6: Measurement Load-Pull Data Standard

Data Magnitude Angle  Resistance(f2) Reactance(f2) Value
PAE 0.2621 -53.08 1.24323464 -0.831760046 6.73
ACPR 0.7795 -2.94 7.74348901 -1.578012047 -31.77

PAE optimum location and that of the complete load-pull is approximately 0.0195 units,
which is smaller than D,, and within the resolution of the search. An important feature to
note is the apparent flatness that occurs near the peak of the PAE objective function as
indicated by the contours in 6.5b. The large neighborhood of points surrounding the PAE
maximum location, which have values near that of the PAE maximum, can cause the
algorithm to converge onto a point near the maximum. This minor deviation is due to the
limited resolution of the search, which interprets the region surrounding the PAE peak to
be flat. Under these considerations predicted value resides reasonably close to the true
PAE maximum predicted by the load-pull in Figure 6.5b.

The ACPR steepest descent begins at the location of the PAE maximum and
reaches its minimum in 25 measurements. The measured ACPR search differs from that
of the simulated ACPR search in that a larger D,, of 0.1 is used instead of 0.05. A larger
value is chosen to make the gradient calculation for ACPR less dependent on fluctuations
in the measurement. The ACPR algorithm differed in location by a rectangular distance
0f 0.0416. The ACPR minimum appears to be found at a location very close to the true
minimum and varies in magnitude by 0.18 dBc. Figure 6.5c shows the Pareto path
calculated from the load-pull data. Because the piecewise affine approximation of the
Pareto curve is performed (by necessity) using backward difference, a “lag” appears to be
introduced when comparing the Pareto curve to the ACPR steepest descent path in Figure

6.5b. It appears that the slope of the affine approximation lags behind slope changes in
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the actual Pareto curve. A larger D and D,, for the measurement of ACPR gradients also
seems to introduce error in the Pareto trace by steepest descent. This is expected due to
the explanation of affine approximation in Chapter 4, where the Pareto curve cannot be
guaranteed for sizeable steps. The ACPR steepest descent, however, appears to

reasonably approximate the Pareto curve and traces similar path features.
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Figure 6.6: Measurement Sequential peak search Simulation Initializations and
Approximate Paths for PAE (red) and ACPR (blue)

Figure 6.6 shows the search is robust regardless of the search starting point. The
paths for convergence from each of the initial six starting locations approximately
converge to the PAE maximum and ACPR minimum. Tables 6.7 and 6.8 show the data
for the six PAE instantiations. The number of measurements used in the PAE steepest

ascent searches is shown to not depend solely on measurement locations. Start location
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5, for example, has a significant increase in measurements due to stepping over the peak
but continually landing on a surface of greater magnitude than the previous. Another
example is the start location 3, except this case shows a quicker convergence due to a
coincidental advantage of D and PAE surface. The PAE standard deviation is significant
when compared to the location of the PAE peak, but these differences are due to flatness
around the maximum as previously stated. The difference between the mean and
optimum PAE peak measured by load-pull is 0.004421 and indicates that the algorithm is

predicting an accurate PAE value consistently.

Table 6.7: Measurement PAE Instantiation Data with D =0.05 and D, =0.5

Stat Magntude  Angle  Resstance(f)) Reactance(fY) PAEVaue  AbsoluteError Mumber of Measurements to Finish

1 0.3 5393013  Lanasar -0.532048 6.745166 0.016166 a
2 03739062 -3L38MS 1719593358 -D.77669S3 5.785289 0.055289 18
3 02849819 -S049038 1278578109 -D.6119346 5898914 0.168914 12
4 03579683 4167054 1469331648  -0.8022046 6.672305 0.057655 15
5 0.2899597 0099741 103979052  -0.614979 £.732541 0.002541 n
6 04933317 SS.76996  1.098SSeT0s -1.1863S42 £.571313 0.158587 2

Table 6.8: Mean and Standard Deviation for Measurement PAE Searches

Dataset Resistance(!) Reactance(fl) PAEValue
Mean: 1.302762341  -0.7540423 6.734421333
Standard Deviation: 0.252928655 0.23504102 0.109772125

Tables 6.9 and 6.10 show the second half of the sequential peak search algorithm
for ACPR. The standard deviation of the ACPR locations shows significant variation, but
is likely due to the standard deviation of the starting PAE maximum locations. Recall the
flatness near the PAE maximum point, which causes the algorithm to converge onto

maximum points surrounding the true maximum. From the theory in Chapter 4, the
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Pareto front can only be approximated by the steepest descent algorithm if the starting
location is a Pareto point. Since there is some variation in these starting locations, those
path which do not begin exactly on the PAE maximum will also cause the steepest
descent approximation of the Pareto front to vary from the true Pareto front. Given that
that ACPR starting locations are not precise, some variation is expected in predicted
ACPR optimum location. The absolute error in Table 6.9, however, shows the APCR
magnitude to be very close to the measured load-pull minimum. The difference between

the mean ACPR and the actual minimum measured by traditional load-pull is about

0.007713.

Table 6.9: Measurement ACPR Instantiation Data with D =0.1 and D, =0.1

Start Magnifude  Angle  Resstance[SY) Reactance(5)) ACPRValue  Absolute Error(dB]  Mumber of Measurements to Finith

1 0816592 -0.8BORLIS 9871581355  -0.745685 -31.8H2 0.0642 5
2 0689835  -1HT0ET  5314M54T  -D.B265697 -3L.712 0.058 5
3 0BM2E) 4897 905088327 -4.2406618 -31.81052 0.04052 s
4 07BATIM  -L1516M4  BO9TAA2E01 -1 420073 -31. 74476 00254 a
5 0.815112 4792841 B4AlANNISE 34151731 3180691 0.03691 13
6 09133468 4507479 1159995602  -10.909867 -31.THE 0.01562 Fe]

The standard deviation is also three orders of magnitude lower than the ACPR optimum
magnitude. These two calculations show the magnitude of the ACPR optimum being

accurately predicted by the sequential peak search algorithm.

Table 6.10: Mean and Standard Deviation for Measurement ACPR Searches

Dataset Resistance(!2) Reactance(f) ACPRValue
Mean: 8.8932042 -3.0633273 -31.77712833
Standard Deviation: 2.382924585 3.87994461 0.047044706
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6.3 Conclusion
The results of the sequential peak search algorithm have been shown for various
instantiations for both simulation and measurement instantiations. These tests have been
shown to converge on the PAE and ACPR optimum locations predicated by simulated
and measured load-pull to a high degree of precision. Additionally, the ACPR steepest
descent algorithm closely approximates the Pareto tradeoff curve between PAE and
ACPR for both simulated and measured data. The next chapter will discuss possible

applications and improvements to the current algorithm.
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CHAPTER SEVEN

Conclusion

A method for optimizing the performance characteristics of adaptive radar
transmitters has been shown through the design of an algorithm which shows promise for
use in reconfigurable impedance tuning. These techniques are expected to enable
automatic adjustment of transmitter amplifier performance for PAE and ACPR to further
extend the detection capabilities of radar systems under spectral mask constraints. The
intelligent optimization algorithm unifies two gradient-based searches for PAE and
ACPR to produce an optimal tradeoff curve between the two objectives. Solutions along
the Pareto curve correspond to impedances which yield a weighted tradeoff between two
objectives. The results for simulation and measurement implementations indicate that the
combined steepest ascent algorithm closely approximates the Pareto tradeoft curve
between PAE and ACPR.

There are a few limitations to using the combined steepest ascent algorithm, one
of them being that only unimodal objectives are considered. Multimodal objective
functions would exhibit local minima which can cause the steepest ascent algorithm to
convergence on a local minimum instead of the global maximum [47]. The optimization
routine assumes that the contours for both PAE and ACPR functions are unimodal.
Another potential source of error comes from the fact that an affine approximation of the
Pareto curve can accumulate significant error for successive steepest descent iterations.
This error occurs because each step overshoots a number of points which have different

gradients, indicating that the new point will be off of the Pareto optimum curve. Since
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the new step will be made at a point where the gradients are not are not collinear, the
algorithm may miss the next point along the Pareto path. Although the ACPR optimum
point will still be located under the unimodal case, the error between the actual trace and
the actual Pareto curve increases as the measurement continues.

Potential improvements upon this work would include increasing the accuracy of
the Pareto tracing by redirecting the algorithm back towards the Pareto curve between
PAE and ACPR. This modification would reduce the error accumulated between
measurements and provide a more accurate trace of the Pareto optimal solutions.
Utilizing information provided by the gradients for PAE and ACPR points, a “nudge
factor” would adjust the steepest descent for ACPR so that it follow the Pareto optimal
path. An even better modification is a method for quickly converging onto a desired
Pareto optimum point for a fixed ACPR maximum, finding the Pareto optimum without
first searching for the maximum PAE reflection coefficient. There may be applications in
which the entire Pareto curve between PAE and ACPR is not needed. A single search
could allow decreased time to convergence on the solution. A fast Pareto convergence
algorithm may use information about the gradients taken at a candidate point to roughly
estimate the distance from a Pareto optimal point.

The real-time Pareto tracing of the combined steepest ascent algorithm has a few
important ramifications for adaptive radar systems. Implementing automated impedance
tuners as part of the transmitter amplifier provides a means to partially redesign the
amplifier for certain applications. This could be desirable for radar systems which must
adapt to a continually changing electromagnetic environment, such as those which are
utilized around the world under varying spectral constraints. Adaptive radar with such

flexibility can maximize detection when the spectral constraints are relaxed, and reduce
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emissions when those constraints are increased. Additionally, the affine approximation
of the Pareto curve between PAE and ACPR allows for the efficiency to be maximized
for constraints on the output emission. This feature provides an alternative to power
back-off of the transmitter, which may sacrifice more performance than is needed to meet
the spectral mask. There is immense potential for including the algorithm into a larger
optimization scheme for waveforms due to the fact that the impedance tuning is driven by
software. Optimized radar waveforms such as continuous phase modulation [63] can be
generated using software and arbitrary waveform generators. Such a system may be
augmented by modifying the waveform and amplifier output impedance simultaneously
to further enhance the detection capacities of radar systems with spectrum constraints.
Lastly, the use of automated impedance tuning adjusts fundamental parameters in
amplifier design without modifications to circuit topology, and may be a more simple
way to negotiate the tradeoff between linearity and efficiency for power amplifiers under

different modulated signal excitations.
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