RAEsTANTlA PER sCIENnAM

g

NAVAL
POSTGRADUATE
SCHOOL

MONTEREY, CALIFORNIA

THESIS

KNOWLEDGE-BASED ADAPTIVE BEAMSTEERING
FOR ENHANCED DETECTION AND INTERFERENCE
MITIGATION

by
Monica T. Lavris
December 2021

Thesis Advisor: Ric Romero
Second Reader: Roberto Cristi

Approved for public release. Distribution is unlimited.




THIS PAGE INTENTIONALLY LEFT BLANK



Form Approved OMB

REPORT DOCUMENTATION PAGE No. 0704-0188

Public reporting burden for this collection of information is estimated to average 1 hour per response, including the time for reviewing
instruction, searching existing data sources, gathering and maintaining the data needed, and completing and reviewing the collection of
information. Send comments regarding this burden estimate or any other aspect of this collection of information, including suggestions
for reducing this burden, to Washington headquarters Services, Directorate for Information Operations and Reports, 1215 Jefferson
Davis Highway, Suite 1204, Arlington, VA 22202-4302, and to the Office of Management and Budget, Paperwork Reduction Project
(0704-0188) Washington, DC, 20503.

1. AGENCY USE ONLY
(Leave blank)

2. REPORT DATE
December 2021

3. REPORT TYPE AND DATES COVERED
Master’s thesis

4. TITLE AND SUBTITLE 5. FUNDING NUMBERS
KNOWLEDGE-BASED ADAPTIVE BEAMSTEERING FOR ENHANCED

DETECTION AND INTERFERENCE MITIGATION
6. AUTHOR(S) Monica T. Lavris

7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES)

8. PERFORMING

Naval Postgraduate School ORGANIZATION REPORT
Monterey, CA 93943-5000 NUMBER

9. SPONSORING / MONITORING AGENCY NAME(S) AND 10. SPONSORING /
ADDRESS(ES) MONITORING AGENCY
N/A REPORT NUMBER

11. SUPPLEMENTARY NOTES The views expressed in this thesis are those of the author and do not reflect the
official policy or position of the Department of Defense or the U.S. Government.

12a. DISTRIBUTION / AVAILABILITY STATEMENT 12b. DISTRIBUTION CODE
Approved for public release. Distribution is unlimited. A

13. ABSTRACT (maximum 200 words)

Modern-day radar systems continue to increase their adaptability to our changing world. One adaptation
is the continued improvement of detection-and-track functionality. Knowledge-based (KB) adaptive
beamsteering utilizes a probabilistic representation of a search area to improve overall detection-and-track
performance. In this thesis, we consider the search-and-detection problem using adaptive beamsteering for
1-dimensional (1-D) and 2-dimensional (2-D) spatial illumination. We propose a technique that directs the
antenna beam on a region of space or cell area with the largest probability as opposed to a popular technique
that utilizes the largest uncertainty. To compare detection performance, we allow the whole angular space
being interrogated to be interfered with correlated random interference and/or jammers as opposed to
discrete interferers. To evaluate performance, we vary the interference or jammer to noise power ratio and
the jammer to signal power ratio. The results demonstrate that adaptive beamsteering, when allowed to
capitalize on the probability map, can improve detection probability significantly and mitigate random
interference and jammer noise.

14. SUBJECT TERMS 15. NUMBER OF
one-dimensional, two-dimensional, adaptive, antenna, array, beam, beamforming, PAGES
beamsteering, cognitive, detection, entropy, illumination, interference, jamming, 77

knowledge-based, probabilistic, probability, radar, target, uncertainty 16. PRICE CODE

17. SECURITY 18. SECURITY 19. SECURITY 20. LIMITATION OF

CLASSIFICATION OF CLASSIFICATION OF THIS | CLASSIFICATION OF | ABSTRACT
REPORT PAGE ABSTRACT
Unclassified Unclassified Unclassified uu

NSN 7540-01-280-5500 Standard Form 298 (Rev. 2-89)

Prescribed by ANSI Std. 239-18



THIS PAGE INTENTIONALLY LEFT BLANK

1



Approved for public release. Distribution is unlimited.

KNOWLEDGE-BASED ADAPTIVE BEAMSTEERING FOR ENHANCED
DETECTION AND INTERFERENCE MITIGATION

Monica T. Lavris
Lieutenant, United States Navy
BA, St. Louis University, 2013

Submitted in partial fulfillment of the
requirements for the degree of

MASTER OF SCIENCE IN ELECTRICAL ENGINEERING
from the

NAVAL POSTGRADUATE SCHOOL
December 2021

Approved by:  Ric Romero
Advisor

Roberto Cristi
Second Reader

Douglas J. Fouts
Chair, Department of Electrical and Computer Engineering

i1



THIS PAGE INTENTIONALLY LEFT BLANK

v



ABSTRACT

Modern-day radar systems continue to increase their adaptability to our changing
world. One adaptation is the continued improvement of detection-and-track functionality.
Knowledge-based (KB) adaptive beamsteering utilizes a probabilistic representation of a
search area to improve overall detection-and-track performance. In this thesis, we
consider the search-and-detection problem using adaptive beamsteering for
I-dimensional (1-D) and 2-dimensional (2-D) spatial illumination. We propose a
technique that directs the antenna beam on a region of space or cell area with the largest
probability as opposed to a popular technique that utilizes the largest uncertainty. To
compare detection performance, we allow the whole angular space being interrogated to
be interfered with correlated random interference and/or jammers as opposed to discrete
interferers. To evaluate performance, we vary the interference or jammer to noise power
ratio and the jammer to signal power ratio. The results demonstrate that adaptive
beamsteering, when allowed to capitalize on the probability map, can improve detection

probability significantly and mitigate random interference and jammer noise.
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CHAPTER 1

Introduction

Modern-day radar systems continue to increase their adaptability to our changing world. One
adaptation is the continued improvement of detection-and-track functionality. Cognitive
radar systems learn about the environment they operate in, provide constant feedback
updates, and adjust illumination based on what is learned from the content of radar returns

to improve overall performance [1].

Knowledge-based (KB) systems have an interface that allows a decision to be made based
off prior knowledge [2]. Cognitive radars use KB adaptive beamsteering, which is a tech-
nique to steer a beam to a location to either search and detect a target from the environment
or illuminate an already detected target for tracking. Unlike traditional radars where raster
scanning may be used to illuminate very large search areas, cognitive radars use a proba-
bilistic approach where it directs the beam at areas of most uncertainty. Per [3], it is often
due to the short response time and rapid environmental changes that cognitive radars favor

an a priori probabilistic approach for better performance.

Extensive use of the tracking functionality is the predominate source of the adaptive ca-
pabilities of a cognitive radar, for instance, adaptive beamsteering [3]. In [4], a cognitive
radar was developed for a radar system engaged in single target tracking and detection.
In [5], a cognitive radar was used for integrated search-and-track applications by the use
of channel uncertainty. In [6], a cognitive radar was used for search-and-track application
where various uncertainty functions were used to illustrate beamsteering performance and
behavior. In this thesis work, we will expand the work in [4], [5], and [6] and consider a
radar system that performs adaptive beamsteering for search-and-detection application by

capitalizing on the probability map of an area.

1.1 Objective

This thesis presents two objectives in terms of KB adaptive beamsteering. We first propose
and compare two adaptive beamsteering design techniques that enhance target detection

by utilizing an a priori probability map and entropy map approach with the use of both



a uniform linear array (ULA) and a uniform planar array (UPA). Then we evaluate detec-
tion performance of adaptive beamsteering to operate in resource-constrained interference
environments (e.g., both jamming or friendly sources). These objectives will allow us to
accurately steer the antenna main beam in the direction where a target may be present in
one or multiple cells in the search area, which is described by the probability or entropy

map.

1.2 Scene of Operation

In this thesis, we assume that the radar system has a phased-array antenna (e.g., UPA)
and illuminates an environment, where illumination is possible for any type of scenario
(e.g., airborne or ground). An example of the radar system illuminating a search area is
shown in Figure 1.1. The radar has some a priori knowledge of the environment, i.e., the
environment has been previously evaluated and the adaptive beamsteering algorithm will
conduct a probabilistic approach in steering the beam at the area where target detection is

most likely to improve probability of detection.

Radar

\ Search Area

Figure 1.1. Radar scene of operation.

We evaluate multiple scenarios in this thesis from one-dimensional (1-D) to two-dimensional

(2-D) search areas where the radar system either illuminates a single cell or multiple cells.

2



For 1-D illumination, we focus on either azimuth or elevation, whereas in 2-D transmission,
we observe in both azimuth and elevation dimensions. For this thesis, we consider the target
to be stationary, i.e., no Doppler shift although motion can easily be incorporated [5]. For
all scenarios, thermal noise is, of course, present but not always the dominating source as

we allow the whole angular space to be interfered with interference/jammers.

1.3 Organization of Thesis

This thesis is organized as follows. In Chapter 2, we describe our signal modeling. In
Chapter 3, we present the adaptive beamsteering methodology employed in simulation
namely; knowledge-based maximum probability (KB-MP) and knowledge-based maximum
entropy (KB-ME) search techniques. In Chapter 4, we evaluate the detection performance of
single cell illumination with KB-MP and KB-ME techniques that utilize ULA in noise and
interference mitigation. In Chapter 5, we extend our detection performance evaluation and
interference mitigation with ULA to a cell area, consisting of multiple cells using the same
techniques. In Chapter 6, we evaluate the detection performance of single cell illumination
with KB-MP and KB-ME techniques that utilize UPA in noise and interference mitigation.
In Chapter 7, we extend our detection performance evaluation and interference mitigation
with UPA to a cell area, consisting of multiple cells using the same techniques. Note that
single cell illumination indicates a beamwidth corresponds to one cell whereas multiple
cell illumination indicates a beamwidth corresponding to a cell area. In Chapter 8, we

summarize our conclusions and recommend future work.
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CHAPTER 2:
Signal Modeling

2.1 Spatial Target Model for 1-D

Let the ULA antenna be comprised of N elements where the location of the elements are set
by the index vectorn = [0, 1,...,N—1] T where T stands for transpose operation. The ULA
antenna is shown in Figure 2.1. The probabilistic representation of the search area is a 1-D
probability map where a priori probabilities of the cells are modeled, known, or calculated

from latest observation or measurement.

y

A

Figure 2.1. Uniform linear array with N elements along the x-axis.

2.2 Spatial Target Model for 2-D

The antenna for the 2-D search scenario is a UPA with N X M elements. If N = M then we
have a case where the UPA is constructed into a matrix of equal rows and columns. For the
UPA antenna, shown in Figure 2.2, the location of the element indices are given by the index
vectorsn = [0,1,...,N—1]Tandm = [0, 1, ..., M—1]7. We see in Figure 2.2 that the antenna

5



beam is steered to uy, and uy,, which are locations in the angular search space u,, for the
x-direction and u,, for the y-direction [7]. The probabilistic representation of the search
area is a 2-D probability map, which much like in the 1-D case, the a priori probabilities of

the cells are modeled, known, or calculated from latest observation or measurement.

1 {1 t+—t+—>
X
n n=N-1

Figure 2.2. Uniform planar array with N elements along the x-axis and M
elements along the y-axis; beam is steered to uy, and uy,.

2.3 Knowledge-Based Maximum Probability

As mentioned earlier, prior knowledge of the probability map can be based on the surveil-
lance area being investigated. For example, in a sparse scenario, most probability values are
going to be small with very few cells containing high probabilities. The probability values
can go from O to 1. There are numerous possible models depending on scenarios or previous
measurements. In this thesis, we will use a model where a maximum probability exists in
the map. For example, a possible maximum is p,,, = 0.9. Note that the choice is arbitrary

and is used purely to evaluate the detection performance of the two KB search approaches.

6



Thus, for p,,x = 0.9, the adaptive beamsteering algorithm, similar to what was used in [6],
resorts to illuminating cell areas with larger probabilities than elsewhere. We make the same
assumption as in [5] that each cell is independent of another cell. For these simulations, we
assume a target can only occupy one cell and 1) a beamwidth corresponds to one cell or 2)

a beamwidth corresponds to multiple cells or a cell area.

2.3.1 1-D Array: Single Cell in a Beamwidth

1
s N>

angle corresponds to a cell. To perform the KB-MP illumination, we select the index of the

We normalize our angular search area with u,, = {0 1—#} where each resolution
angle of the plane wave, uy, that corresponds to the cell in the probability map with the

largest probability, which is illustrated in Figure 2.3.

Area illuminated:

¢ Radar
largest probability cell 4

Probability Map ’ ‘ ‘

n=0 n=1 n=N-1

Figure 2.3. 1-D probability map corresponding to the spatial target space.
Note that the radar beam illuminates one spatial cell at a time.

The steering vector becomes

s, = exp(j2mnuy), 2.1)

where exp() is the Euler exponential function and uy is the normalized angle of the plane

wave of interest (here the cell with largest probability).

2.3.2 1-D Array: Multiple Cells in a Beamwidth

The angular search area, u,y, as in Section 2.3.1, is also used for multiple cells inside
a beamwidth, where each resolution angle corresponds to a cell area. We transform the
probability map to a new probability map, Pip, where the new values are the average
probabilities of multiple cells, which is shown in Figure 2.4. The dimensions of Pip reduce

froma N X 1toa (N —2) x 1. For this scenario, we take the average of three cells. Note the

7



use of three cells in a beamwidth is arbitrary and is used purely to expand the number of
cells in a beam and evaluate the detection performance of the two KB search approaches.
To perform the KB-MP illumination, we select the index, L, of the angle of the plane
wave, uy, that corresponds to the multiple cells covering a cell area with the largest average
probability. Then, the main beam is steered towards that location which is shown in Figure
2.5. The beamwidth covers the index cells of L-/, L, and L+1.

0.9134 | 0.6324 | 0.0975 | 0.2785 |

Probability map from a priori probabilities

|0'6158 | 0.6487 |0.5576 | 0.5478 | 03361 |

Converted probability map from averaged cells

Figure 2.4. Converted 1-D probability map, Pp, from averaged cell proba-
bilities for ULA multiple cells in a beam.

Cell area illuminated: largest
average probability cell and
adjacent cells

i, T T T T
Probability Map

Figure 2.5. 1-D probability map corresponding to spatial target space. Note
that the radar beam illuminates multiple spatial cells at a time.

Each cell, corresponding to a different angle of the plane wave, has a steering vector. The

steering vectors become

V51 = exp(j2mnu,, (L-1)) (2.2)
Vs = exp(j2mnua (L)) (2.3)
vy3 = exp(j2manug, (L+1)), 2.4)

where u,, (), as defined above, is the normalized angular search space. In this case, three

cells of interest have the largest average probability. The three adjacent angles indexed

8



by L-1, L, and L+1 correspond to three plane waves of interest. We combine the three
steering vectors into one summed steering vector which defines the whole beam. To form
a beamformer, which we will discuss in Chapter 3, the effective summed steering vector

becomes

1 1
Sr = E(Vsl +Vs3) + — Vg2, (2.5)

V2
where vg1, Vg2, and vg3 are the steering vectors for each individual plane angle in the case
of multiple cells in a beam. We chose the coefficient values in equation (2.5) to normalize
the effective energy to one with the middle steering vector having the larger amplitude. Of
course, other weighting techniques are possible.

2.3.3 2-D Array: Single Cell in a Beamwidth

We normalize the angular search area in the x-direction with u,, = {0 1

s N ot
= {0, %, ey 1-%} in the y-direction. Thus, the search area is two-dimensional (azimuth and

. 1—%} and u,

elevation), where each resolution angle corresponds to a cell. To illuminate the chosen cell,
we select the 2-D coordinate index (uy,ux,) corresponding to the largest probability, which

is shown in Figure 2.6.

Area illuminated:
largest probability cell
uax ——>

a,m,) \ o1,M,)

}
g

uay

Radar

v M)

Figure 2.6. 2-D probability map corresponding to spatial target space. Note
that the radar beam illuminates one spatial cell at a time.

The steering vector becomes

VSuax = exp(j2anuyy) (2.6)



for the particular angle in the x-direction and

VSuay = eXp(j2mmuyy) 2.7)
for the particular angle in the y-direction. The effective steering vector becomes

S, = \/Evsuax ® VSyay» (2.8)

where ® is the Kronecker product, E is energy, and vs,,, and vs,,, are the respective

steering vectors for the particular angle in the x and y-directions.

2.3.4 2-D Array: Multiple Cells in a Beamwidth

The normalized angular search area, as described in Section 2.3.3, is utilized. We convert
the 2-D probability map into a new 2-D probability map, P,p, where the new probability
values are the average probabilities from multiple cells, which is illustrated in Figure 2.7.
In this particular case, we consider a cell area of multiple cells made up of four nearby

adjacent cells. As such, the dimensions of P,p reduce froma NxMtoa (N—1)x (M —1).

\
0.3687 0.2153 \

0.4861 0.3877

T
0.5906 0.4542 0.3310 0.3644

| |

0.6658 0.5935 0.5592 0.5923

0.7220 0.7736

Probability map from a priori probabilities Converted probability map from averaged cells

Figure 2.7. Converted 2-D probability map, P,p, from averaged cell proba-
bilities for UPA multiple cells in a beam.

Note the use of four cells is arbitrary and is used purely to expand the number of cells in
a beam and evaluate the detection performance of the two KB search approaches. In other
words, a beam containing six cells (3 X 2) or more is easily configured. To illuminate the
cell area corresponding to the largest average probability, we select the 2-D coordinate index
L, , in the 2-D plane wave (u4y,uq,) as shown in Figure 2.8. We define the beam to cover

four cells by the index found in the matrix below.

10



Lx,y Lx+1,y
Lx,y+1 Lx+1,y+1

Area illuminated:
KB-MP

uax ———>

(1,M,) M M,)

\ Largest averaged probability cell

uay

Ly M,,1)

Figure 2.8. 2-D probability map corresponding to spatial target space. Note
that the radar beam illuminates multiple spatial cells at a time.

The steering vectors become

VSyuax = exp(j2anuy,) 2.9

for the particular angles in the x-direction and

VSuay = exp(j2rmuyy) (2.10)
for the particular angles in the y-direction. The effective steering vector becomes

S, = VEVS,0: ® VSuay, (2.11)

where L., and L, , are the x-dimension indices used for uy,, Ly, and Ly, are the
y-dimension indices used for uy,, and vs, and vs,, are the respective steering vectors for

the particular angles in the x and y-directions.

11



2.4 Knowledge-Based Maximum Entropy

Previous probabilistic approaches often aim to select the variable with the most uncertainty
[8]. Uncertainty describes an indeterminate that exists within a measurement. Since entropy
[9] is ameasure of uncertainty, the probability map can be transformed to an uncertainty map,
i.e., entropy map. We transform our 1-D probability map vector, p = [po, P1, ..., pn—1]7,

into a 1-D entropy map vector, h,, and we transform our 2-D probability map matrix,

P00 - PoM-1
P= . .

PN-10 ... DPN-1,M-1

into a 2-D entropy map matrix, H,. Each entropy vector/matrix element is described by the

following equation
h = —plogx(p) — (1-p)log>(1 - p), (2.12)

where log, is base 2 logarithm.

Like cell probabilities, the cell entropies are always positive. Following the scenario-specific
probability modeling in the previous sections, our entropy can have a maximum uncertainty
of u,, = 1. Using the assumptions in [5], the adaptive beamsteering algorithm “will seek to
minimize total system uncertainty by pointing the beam at the region of search space with

the greatest uncertainty” [6].

2.4.1 1-D Array: Single Cell in a Beamwidth

To illuminate the cell with the largest uncertainty in a 1-D search area where a single
cell corresponds to a beamwidth, we select the index of the angle of the plane wave, uy,,
corresponding to the vector element in h, with the largest entropy, which is shown in Figure

2.9. The steering vector becomes
Sre = exp(jzﬂ'nuke), (2.13)

where uy, is the normalized angle of the plane wave of interest corresponding to the cell

with the largest entropy.

12



Index cell area illuminated:

Area illuminated: largest entropy cell

¢ Radar «
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n=0 n=1 / n=N-1

Largest entropy cell

Figure 2.9. Cell illumination with the use of probability and entropy maps of
the spatial target space. Note that the radar beam illuminates one spatial
cell at a time.

2.4.2 1-D Array: Multiple Cells in a Beamwidth

To illuminate the cell area with the largest average uncertainty, we select the index, L, of
the angle of the plane wave, ug,, that corresponds to the multiple cells covering a cell area
in the vector element in h, with the largest average entropy as shown in Figure 2.10. The
beamwidth covers the index cell areas of L-/, L, and L+ corresponding to the plane waves
that yield the largest average entropy. Each cell area, corresponding to a different angle of

the plane wave, has a steering vector. The steering vectors become

vse; = exp(j2mnu.(L-1)) (2.14)
vse, = exp(j2anuy,. (L)) (2.15)
vses; = exp(j2mnu. (L+1)), (2.16)

where ug,., as defined above, is the normalized angular search space. Again, three cells of
interest have the largest average entropy. We combine the three steering vectors into one

summed steering vector which defines the whole beam. To form a beamformer, which we

13



will discuss in Chapter 3, the effective summed steering vector becomes
Sre = 1(Vse + vses) + ! vse (2.17)
re — 2 1 3 \/5 2 .

where the coefficient values in equation (2.17) are chosen to normalize the effective energy
to one with the middle steering vector, again, having the larger amplitude. Of course, other

weighting techniques are possible.

Index cell area illuminated:

largest averaged entropy cell
and adjacent cells

Cell area illuminated: largest
averaged probability cell and
adjacent cells

Pip - Average
Probability Map

veme [ [ [ ] ] [ [ [ ]

Entropy Map /

Largest averaged entropy cell

Figure 2.10. Cell illumination with the use of probability and entropy maps
of the spatial target space. Note that the radar beam illuminates multiple
spatial cells at a time.

2.4.3 2-D Array: Single Cell in a Beamwidth

Recall that the search area is two-dimensional (azimuth and elevation), where each resolution
angle corresponds to a cell. To illuminate the cell with the largest uncertainty, we select
the 2-D coordinate index (ukex, Urey) that corresponds the largest entropy in the matrix

element, H,, which is shown in Figure 2.11. The steering vector becomes

vSe,ax = exp(j2mnuy,,) (2.18)
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for the particular angle in the x-direction and

VSe€,qy = exp(j2mmuye,y) (2.19)
for the particular angle in the y-direction. The effective steering vector becomes

Sre = VE VS€,qx @ VS€,qy, (2.20)

where vse,, and vse,, are the respective steering vectors for the particular angle in the x

and y-directions.

Area illuminated:
largest probability cell
ugy ————>

(1,M,) \ M M,) Indexed cell area illuminated:
-
l / largest entropy cell

A

\

\

\

\
\ \
—

uqy ———>

Radar  |——f——F——

1) b\\/ M,1)

Figure 2.11. Cell illumination with the use of 2-D probability and entropy
maps of the spatial target space. Note that the radar beam illuminates one
spatial cell at a time.

2.4.4 2-D Array: Multiple Cells in a Beamwidth

To illuminate the cell area with the largest average uncertainty, we select the 2-D coordinate
index Ly, 4. in the 2-D plane wave (uyy, tq,) Which is shown in Figure 2.12. As in Section

2.3.4, we consider a cell area of multiple cells made up of four nearby adjacent cells which

15



can be found in the matrix below.

Lxe,ye Lxe+l,ye

Lxe,ye+1 Lxe+1,ye+1

The steering vectors become

vSe,qx = exp(j2mnuy,y) (2.21)
for the particular angles in the x-direction and

VS€,qy = exp(j2rmu,y) (2.22)
for the particular angles in the y-direction. The effective steering vector becomes

Sre = \/Evse,wx ® VS€yqy, (2.23)

where Ly, o and Ly.41 4. are the x-dimension indices used for ey, Lye,ye and Ly, yet1 are
the y-dimension indices used for uy,,, and vse,,, and vse,,, are the respective steering

vectors for the particular angles in the x and y-directions.

16



Area illuminated:
KB-MP

uax ——»

am,) \ MM,

\ Largest averaged probability cell

: ]
S

_\ M,1)
) Indexed cell area illuminated:

Largest indexed averaged KB-ME
entropy cell

Figure 2.12. Cell illumination with the use of 2-D probability and entropy
maps of the spatial target space. Note that the radar beam illuminates mul-
tiple spatial cells at a time.
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CHAPTER 3:

Adaptive Beamsteering for Search and Detection

3.1 Beamsteering Selection and Detection Problem

Recall our adaptive beamsteering algorithm considers two approaches for directing the
beam on a region of space: 1) KB-MP, which illuminates the cell or cell area with largest
probability and 2) KB-ME, which illuminates the cell or cell area with largest uncertainty
(entropy). We will investigate four separate experiments utilizing both approaches to evaluate
target detection performance in receiver-only (thermal) noise and in resource-constrained

interference environments for 1-D and 2-D cases.

Considering the target present hypothesis in our detection problem, the received signal, X,
is given by

X =S§,+n+S;;, 3.1

for KB-MP and
X = Syo+N + S (3.2)

for KB-ME, where s, and s,. are the signals to be detected, n is thermal noise, and s;;,
is interference. For the null hypothesis (i.e. the target is not present in the cell being

interrogated), then s, and s,, are removed from equations (3.1) and (3.2).

3.2 Optimum Beamformer

From maximizing the output signal-to-noise ratio (SNR) to minimizing the power distor-
tionless response (MPDR), beamformers optimize the metrics they are designed for to either
detect or estimate the desired signal [7]. In this thesis, we employ the beamformer called
minimum variance distortionless response (MVDR) technique. We consider the signal to
be detected, s, or s,., as defined in Chapter 2 for the various scenarios. For the KB-MP

technique, the MVDR beamformer is described by the following equations:

A =[S 1s,]7! (3.3)
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and
wh = AsPST (3.4)

modr

For KB-ME technique, the beamformer is described by the following equations:
A= (118, "sre] ™! (3.5)

and
wh =S (3.6)

muvdr

where A is the Lagrange multiplier, S, is the covariance matrix of the noise and interference,

H
and wmvdr

is the optimum MVDR weights for the desired signal plus noise, where H is the

Hermitian operator [7].

3.3 Random Interference/Jammers

The solution in which a discrete jammer or friendly interferer is known to be at a certain
angle is a well known problem in which the obvious solution is via nulling [7]. Our interest
is when all of the angles may contain interference and such interference power is modeled
probabilistically where each angle’s interference may be considered independent or corre-
lated to another. The power angular density (PAD, which is the spatial equivalent to random
process’s power spectral density (PSD)) that describes the interference in our simulations is
a Hamming window with complex-valued realizations. In other words, jammers/interferers
may inhabit the entire search area and have random amplitudes. Indeed, we actually allow
jammers to be in the same angle/cell as the radar return as opposed to common problems
where the jammer and target signal occupy separate angular plane waves and thus, the
jammer is easily mitigated. The Hamming window used for simulation in the 1-D models
is shown in Figure 3.1, where the x-axis is defined by normalized search space which we
defined as a set of angles u,, but can also be thought of as the angular vector, u,, just like
the index vector n. In other words, if the target or angle of the plane wave is directed in the

main lobe of the Hamming window, our beam is steered into more interference.
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Figure 3.1. 1-D Hamming window interference model.

In the case of 2-D search space where a 2-D interference model is needed, we use the same
Hamming window for u,, (which is repeated for all values of u,, ). Other models are easily
incorporated such as a 2-D Hamming interference model. The intensity map corresponding
to the PAD of the current 2-D interference is shown in Figure 3.2, where the x-axis and
y-axis are defined by normalized search space with angular vectors, u,, and u,y. In other
words, every u,, angular angle (which spans the whole u,, space) has its own individual
PAD described by Hamming window. If the target or angle of the plane wave for both
the x and y-directions happens to be in the center of the Hamming window, unfortunately,
the beam will be steered into more interference also. This is the consequence of allowing
the practical case where interference may be in the same angular space as the plane wave
coming from the target. This explains some of the more subtle features of simulation results

(which will be discussed later) when this possibility is realized.
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Figure 3.2. 2-D Hamming window interference model (intensity map).

22



CHAPTER 4

Uniform Linear Array - Single Cell Performance

4.1 Noise Only

We consider a signal comprised of the target return and thermal noise such that SNR is
varied from 0 to 20 dB with 1 dB increments and desired P, = 0.001. In terms of scenario-
specific probability models that describe the search area, we assume a model with randomly
generated cell probabilities from 0 to maximum probability, p,,,, which of course has a
corresponding maximum entropy. We then compare the performance of KB-MP and KB-
ME techniques while parameterizing p,,, where p,, = 1, 0.9, and 0.5. Since the values in
the probability map are randomly generated, p,,, is not the guaranteed maximum realization
in the simulation. Let the variable, pg, be a priori probability of a cell, i.e., the probability
realization in a simulation. We conduct a Monte Carlo simulation with 10,000 trials to
quantify the probability of detection of a target present in that cell as a function of SNR.
There is a subtle yet significant difference from a simple detection problem that we consider
in this work. Recall that while a priori knowledge informs us of cell probability, it does
not guarantee the presence of a target unlike the conditional target present hypothesis in the
common detection problem. Thus, in the Monte Carlo simulation, we introduce an indicator
variable, p;, that takes on the value of 1 (target present) and O (target not present). For
example, if p; is used, then the ratio of 1’s to the number of Monte Carlo trials converges
to ps as the number of trials get large. Then, the received signal in the simulation takes on
the equation

X =p; pS,+N (4.1)

for KB-MP and
X =Dj ¢SreHN 4.2)

for KB-ME, where p; , and p; . are the indicator variables corresponding to the two tech-
niques. The comparison of the probability of detection of a radar using KB-MP and a radar
using KB-ME for the cell chosen by each technique is shown in Figure 4.1. In several

previous cognitive radar works, maximum uncertainty (via entropy) was utilized but it is
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clear that KB-MP has higher probability of detection than KB-ME for p,,, of 1 and 0.9.
When p,,, is 0.5, both KB-MP and KB-ME have similar detection thus, beamsteering to

either cell would result in the same detection performance.

—p__=1KB-MP

mx
0.9 fmeeep, = 1KB-ME
0.8 /=Py = 0-9 KB-MP |

—-=-p,_ . =0.9KB-ME
——p, =0.5KB-MP
—-—-p, = 0.5 KB-ME
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O 1 1 1
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SNR in dB

Figure 4.1. P, results for Experiment 1: interference is thermal noise only,
where p,,, represents the possible maximum target probability in the a priori
model in the KB problem formulation.

4.2 Interference or Jamming
We consider a signal comprised of a steering vector, thermal noise, and interference. The

received signal in the simulation takes on the equation

X =p; pSrHN + Sy 4.3)
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for KB-MP and

X =Ppj ¢SretN + Sy “4.4)

for KB-ME. With p,,, = 1, 0.9, and 0.5, we see in Figure 4.2 that allowing interference
(Jammers) to appear in all the angles including the angle with the target return significantly
affects detection performance of both KB-MP and KB-ME. When p,,,, = 0.5, both KB-MP
and KB-ME have similar detection. It is clear that if interference is allowed to be in the

same angular space as the radar return, detection performance is decreased.
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Figure 4.2. P, results of Experiment 2: total interference consists of random
jammer /interference and noise, where p,,, represents the possible maximum
target probability in the a priori model in the KB problem formulation.
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4.2.1 Varying JSR

As in Experiment 2, p,,, = 0.9 and jammer-to-signal ratio (JSR) is varied at -13 dB, -10 dB,
and 0 dB. We see in Figure 4.3 that interference significantly affects detection performance
of both KB-MP and KB-ME. Increasing the jammer power significantly lowers the detection
performance. The Hamming window utilized for interference is illustrated in Figure 4.4,
where it is clear the cell chosen by KB-MP technique contains more interference than the
cell chosen by KB-ME technique. Due to this, we see in Figure 4.3, that as SNR and JSR are
increased, a crossover in performance occurs. Typically, as observed already, KB-MP has
better detection than KB-ME. This is mostly true in the case of JSR =-10 and -13 dB. Note
however, that at very large SNR, P, for KB-ME is better than KB-MP. This is because the
angle chosen by the entropy method has less interference as shown in Figure 4.4. In other
words, P, is affected by both a priori cell probabilities and interference power. Ultimately,

the performance of KB-MP and KB-ME depends on the value of both parameters.
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Figure 4.3. P, results of Experiment 3, where p,,, = 0.9 and JSR is varied
at -13 dB, -10 dB, and 0 dB.
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Figure 4.4. Interference power density model: Hamming window showing
which angles u; and uy, are steered to.

4.2.2 Varying JNR

For the fourth experiment, p,, = 0.9 and jammer-to-noise ratio (JNR) is varied at -10 dB, O
dB, and 3 dB. Again, it is shown in Figure 4.5 that interference significantly affects detection
performance of both KB-MP and KB-ME techniques. Increasing JNR significantly lowers
the detection performance of both KB-MP and KB-ME techniques. The Hamming window
utilized for interference is shown in Figure 4.6. In this experiment, both KB-MP and KB-ME
are steered to equal amounts of interference. Interestingly, the opposite crossover detection
performance is observed even though both angles chosen by the techniques have the same

amount of interference.
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Figure 4.5. P, results of Experiment 4, where p,,, = 0.9 and JNR is varied
at -10 dB, 0 dB, and 3 dB.
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Figure 4.6. Interference power density model: Hamming window showing
which angles u; and uy, are steered to.
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CHAPTER 5:

Uniform Linear Array - Performance for Multiple Cells

5.1 Noise Only

Similarly to ULA single cell performance, we consider a signal comprised of the target
return and thermal noise such that SNR is varied from 0 to 20 dB with 1 dB increments
and desired P, = 0.001. Again, we utilize the model where there is maximum probability,
Pmx> and corresponding maximum entropy. We compare the performance of KB-MP and
KB-ME techniques while parameterizing p,,,, where p,,» = 1, 0.9, and 0.5. We conduct a
Monte Carlo simulation, similar to Chapter 4, with 10,000 trials to quantify the probability
of detection of a target present in the cell area as a function of SNR. In the Monte Carlo
simulation, we introduce an indicator variable, p;, as discussed in Chapter 4, that takes
on the value of 1 (target present) and O (target not present). Due to multiple plane waves
coming from multiple cells, we introduce an indicator variable to each steering vector. The

steering vectors become:

VS1 =p1VS1 (5.1
VS2 =p)VS) (5.2)
V83 =p3Vs3, (5.3)

where vs; are the steering vectors previously defined in Sections 2.3.2 and 2.4.2 and p; is the
indicator variable corresponding to the cell probability. The summed signal used to form

the MVDR detector in the Monte Carlo simulation is given by

1
Sy =——= (VS| + VS + V83). (5.4)

V3

Note that the scaling is such that the energy is normalized to one if all p; = 1. Other weighting

techniques are possible. The received signal in the simulation takes on the equation

X =S,+n (5.5)
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for KB-MP and
X =S;.+N (5.6)

for KB-ME.

The detection performance of a radar using KB-MP and a radar using KB-ME for the cell
area chosen by each technique is shown in Figure 5.1. Like ULA single cell, KB-MP has
higher probability of detection than KB-ME for multiple cells. When p,,, is 1, it is clear
that KB-MP outperforms KB-ME but it isn’t as clear that KB-MP will always outperform
KB-ME when p,, 1s 0.9. This is because the average probability may be considerably lower
than 0.9. Recall that in our a priori model, the probabilities are randomly generated from
0 to pux. Thus when adjacent probabilities are added, the average probability can easily be
lower than 0.9 such that entropy approach may actually choose a cell area where some cells
have high probabilities although collectively, not necessarily, yield the maximum average.
This is also the same reason why the detection probability does not approach 1 with the
SNRs considered in the case of p,,, = 1. But an extension to higher SNR will converge to
1 for p,,x = 1. When p,,, is 0.5, both KB-MP and KB-ME have similar detection; thus,
beamsteering may result in the same detection performance. Also, we see lower probability
of detection performance when compared to results in Section 4.1 in the case of single
cell using ULA. Again, this is due to having multiple cells where not all cells have high
probabilities. For example, the chosen cell may have its center cell contain maximum
probability and maximum entropy but one or more cells may contain lower probability or

entropy since the average is used.
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Figure 5.1. P, results for Experiment 1: interference is thermal noise only,
where p,,, represents the possible maximum target probability in the a priori
model in the KB problem formulation.

5.2 Interference or Jamming
We consider a signal comprised of a steering vector, thermal noise, and interference. The

received signal in the simulation takes on the equation
X =pi pSrtN + Siy 5.7

for KB-MP and
X =pjeSretN + Sy (5.8)
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for KB-ME. With p,,, = 1, 0.9, and 0.5, we see in Figure 5.2 that allowing interference
(jammers) to appear in all the angles including the cell area with the target returns signifi-
cantly affects detection performance of both KB-MP and KB-ME. When p,,,, = 0.5, both
KB-MP and KB-ME have similar detection. For this particular simulation, we see in Figure
5.2 that detection performance for p,,, = 0.9 is slightly higher than for p,,, = 1. Recall that
the probabilities are randomly generated. It is for this exact reason why averaging is used.
For this particular experiment with p,,, values being close, it is easily possible that the

maximum average chosen for p,,, = 0.9 is higher than p,,, = 1.
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Figure 5.2. P, results of Experiment 2: total interference consists of random
jammer/interference and noise, where p,,, represents the possible maximum
target probability in the a priori model in the KB problem formulation.
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5.2.1 Varying JSR

As in Experiment 2, p,,,, = 0.9 and JSR is varied at -13 dB, -10 dB, and 0 dB. Like in Section
4.2.1, it is shown in Figure 5.3 that interference significantly affects detection performance
of both KB-MP and KB-ME. Increasing the jammer power significantly lowers the detection
performance. The Hamming window utilized for interference is shown in Figure 5.4, where
it is clear the cell chosen by KB-ME technique contains more interference than the cell
chosen by KB-MP technique. Due to this and the interesting nature of the case of multiple
cells to a beamwidth, we see in Figure 5.3 that as SNR and JSR are increased, a crossover
in performance occurs. At a very large SNR, P, for KB-MP is better than KB-ME. This is
due to the fact that the angles chosen by KB-ME have more interference as shown in Figure
5.4. For JSR =0 dB, P, for KB-MP and KB-ME are close to zero. The difference between

the jammer power and signal power is substantial that detection performance is poor.
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Figure 5.3. P, results of Experiment 3, where p,,, = 0.9 and JSR is varied
at -13 dB, -10 dB, and 0 dB.
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Figure 5.4. Interference power density model: Hamming window showing
which angles u; and uy, are steered to.

5.2.2 Varying JNR

In the fourth experiment, p,,, = 0.9 and JNR is varied at -10 dB, 0 dB, and 3 dB. Again, it
is shown in Figure 5.5 that interference significantly affects detection performance of both
KB-MP and KB-ME where increasing JNR significantly lowers the detection performance
of both KB-MP and KB-ME. The Hamming window utilized for interference is shown in
Figure 5.6, where it is clear the cell chosen by KB-MP technique contains more interference
than the cell chosen by KB-ME technique. In Figure 5.5, we see that KB-MP has better
detection performance than KB-ME despite the location of the cell area in regards to
interference. This can happen when the cell area probability distribution for one approach,
in this case KB-MP, is vastly different than the other approach, KB-ME. In other words, P,
is greatly affected by both a priori cell probabilities and interference power. As mentioned
before, ultimately, the performance of KB-MP and KB-ME depends on the value of both

parameters.
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Figure 5.5. P, results of Experiment 4, where p,,, = 0.9 and JNR is varied
at -10 dB, 0 dB, and 3 dB.
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Figure 5.6. Interference power density model: Hamming window showing
which angles u; and uy, are steered to.
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CHAPTER 6:

Uniform Planar Array - Single Cell Performance

6.1 Noise Only

We consider a signal comprised of the target return and thermal noise such that SNR is varied
from O to 20 dB with 1 dB increments and desired Pz, = 0.001. In terms of scenario-specific
probability models that describe the search area, we assume a model with randomly gen-
erated cell probabilities for the maximum probability, p,,,, with corresponding maximum
entropy. We then compare the performance of KB-MP and KB-ME while parameterizing
DPmx>» Where p,, =1, 0.9, and 0.5. Again, since the values in the probability map are ran-
domly generated, p,,, is not the guaranteed maximum realization in the simulation. We
introduce a probability scenario variable, p;, that takes on the maximum realization value
in the simulation. We conduct a Monte Carlo simulation with 10,000 trials to quantify the
probability of detection of a target present in that cell as a function of SNR. There is a subtle
yet significant difference from a simple detection problem that we consider in this work.
Recall that while a priori knowledge informs us of cell probability, it does not guarantee
the presence of a target unlike the conditional target present hypothesis in the common
detection problem. Thus, in the Monte Carlo simulation, we introduce an indicator variable,
pi, that takes on the value of 1 (target present) and O (target not present). For example, if
Ps 1s used, then the ratio of 1’s to the number of Monte Carlo trials converges to p; as the

number of trials get large. Then, the received signal in the simulation takes on the equation
X =p; pSr+tN (6.1)
for KB-MP and
X =Dj eSret (6.2)

for KB-ME, where p; , and p; . are the indicator variables corresponding to the two tech-
niques. The comparison of the probability of detection of a radar using KB-MP and a radar
using KB-ME for the cell chosen by each technique is shown in Figure 6.1. It is clear that
KB-MP has higher probability of detection than KB-ME for p,,, of 1 and 0.9. When p,,,, is
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0.5, both KB-MP and KB-ME have similar detection thus beamsteering to either cell would

result in the same detection performance.
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Figure 6.1. P, results for Experiment 1: interference is thermal noise only,
where p,,, represents the possible maximum target probability in the a priori
model in the KB problem formulation.

6.2 Interference or Jamming
Next we consider a signal comprised of a steering vector, thermal noise, and interference.

The received signal in the simulation takes on the equation

X =p; pS,+N + S, (6.3)
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for KB-MP and

X =Pj ¢Sre+N + Sip (6.4)

for KB-ME. With p,,, = 1, 0.9, and 0.5, we see in Figure 6.2 that allowing interference
(Jammers) to appear in all the angles including the angle with the target return significantly
affects detection performance of both KB-MP and KB-ME. When p,,,, = 0.5, both KB-MP
and KB-ME have similar detection.
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Figure 6.2. P, results of Experiment 2: total interference consists of random
jammer/interference and noise, where p,,, represents the possible maximum
target probability in the a priori model in the KB problem formulation.

6.2.1 Varying JSR
As in Experiment 2, p,,, = 0.9 and JSR is varied at -13 dB, -10 dB, and 0 dB. We see

in Figure 6.3, that interference significantly affects detection performance of both KB-MP
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and KB-ME, but is more apparent in the KB-ME technique. Increasing the jammer power
compared to the signal power significantly lowers the detection performance. The 2-D
Hamming window utilized for interference is shown in Figure 6.4, where the cell chosen
by KB-MP technique contains equal amounts of interference as the cell chosen by KB-ME
technique. Due to this, we see in Figure 6.3 that regardless of increasing SNR and/or JSR,
KB-MP has better detection performance. This situation means that KB-MP is more likely
to have a higher cell probability than KB-ME.
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Figure 6.3. P, results of Experiment 3, where p,,, = 0.9 and JSR is varied
at -13 dB, -10 dB, and 0 dB.
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Figure 6.4. Interference power density model: 2-D Hamming window showing
which angles u; and uy,. are steered to.

6.2.2 Varying JNR

For the fourth experiment, p,,, = 0.9 and JNR is varied at -10 dB, 0 dB, and 3 dB. Again,
it is shown in Figure 6.5 that interference significantly affects detection performance of
both KB-MP and KB-ME techniques. Increasing the power of JNR significantly lowers the
detection performance of both KB-MP and KB-ME techniques. The 2-D Hamming window
utilized for interference is shown in Figure 6.6, where it is clear the cell chosen by KB-MP
technique contains more interference than the cell chosen by KB-ME technique. Despite
having more interference, KB-MP has better detection performance than KB-ME. Thus, P,
is affected by both a priori knowledge and interference; but sometimes, one factor dominates
the other as to which factor significantly affects detection performance. In this case, a priori

knowledge is the dominating factor in the analysis of this performance experiment.
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Figure 6.5. P, results of Experiment 4, where p,,, = 0.9 and JNR is varied
at -10 dB, 0 dB, and 3 dB.
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Figure 6.6. Interference power density model: 2-D Hamming window showing
which angles u; and uy,. are steered to.
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CHAPTER 7:

Uniform Planar Array - Performance for Multiple Cells

As in Chapter 5, the return signal corresponds to a cell area, where we introduce an indicator
variable, p;, that takes on the value of 1 (target present) and O (target not present) to each

component of the signal. The steering vectors become
VS =D; pVS; (7'1)
for KB-MP and
vse =p; ,VSej (7.2)

for KB-ME, where vs; and vse; are the steering vectors previously defined in Sections 2.3.4
and 2.4.4 and p; , and p; ., are the indicator variables corresponding to the two techniques.

The summed signal used to form the MVDR detector in the Monte Carlo simulation is given

as
Sr :ﬁ(vsl + VS + VS3 + VSy4) (7.3)
for KB-MP and |
Sre :ﬁ(vsel + vse, + vses + vsey) (7.4)
for KB-ME.

7.1 Noise Only

For noise only, we consider a signal comprised of the target return and thermal noise
such that SNR is varied from 0 to 20 dB with 1 dB increments and desired Pz, = 0.001.
We utilize the model where there is maximum probability, p,,., which of course has a
corresponding maximum entropy. We then compare the performance of KB-MP and KB-
ME techniques while parameterizing p,,., where p,,» = 1, 0.9, and 0.5. Since the values in
the probability map are randomly generated, p,,, is not the guaranteed maximum realization
in the simulation. We conduct a Monte Carlo simulation with 10,000 trials to quantify the
probability of detection of a target present in that cell as a function of SNR. While a priori

knowledge informs us of cell probability, it does not guarantee the presence of a target.
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Then, the received signal in the simulation takes on the equation
X =S,+Nn (7.5)

for KB-MP and
X =S;.+N (7.6)

for KB-ME.

The detection performance of a radar using KB-MP and a radar using KB-ME for the cells
chosen by each technique is shown in Figure 7.1. Like previous performance results, KB-MP
has higher probability of detection than KB-ME for multiple cells. When p,,, = 1 and 0.9,
it is clear that KB-MP outperforms KB-ME. When p,,, is 0.5, both KB-MP and KB-ME
have similar detection; thus, beamsteering to either cells would result in the same detection
performance. From Figure 7.1, we see probability of detection performance is reduced at
high powers of SNR, this is due to having multiple cells where not all cells have high
probabilities. For example, the chosen cell area may have its center cell contain maximum
probability and maximum entropy but one or more cells may contain lower probability or

entropy since the average is used.
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Figure 7.1. P, results for Experiment 1: interference is thermal noise only,
where p,,, represents the possible maximum target probability in the a priori
model in the KB problem formulation.

7.2 Interference or Jamming
We consider a signal comprised of a steering vector, thermal noise, and interference. The

received signal in the simulation takes on the equation
X =pi pSrtN + Siy (7.7)

for KB-MP and
X =i eSretl + Sjp (7.8)
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for KB-ME. With p,,, = 1, 0.9, and 0.5, we see in Figure 7.2, that allowing interference
(jammers) to appear in all the angles including the cell area with the target returns signifi-
cantly affects detection performance of both KB-MP and KB-ME. When p,,,, = 0.5, both
KB-MP and KB-ME have similar detection. When p,,, = 1 and 0.9, we see a crossover
in performance of maximum probability for both KB-MP and KB-ME as SNR increases.
Overall, KB-MP has better detection than KB-ME.
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Figure 7.2. P, results of Experiment 2: total interference consists of random
jammer/interference and noise, where p,,, represents the possible maximum
target probability in the a priori model in the KB problem formulation.

7.2.1 Varying JSR
As in Experiment 2, p,,, = 0.9 and JSR is varied at -13 dB, -10 dB, and 0 dB. Like in

previous sections, it is shown in Figure 7.3 that interference significantly affects detection
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performance of both KB-MP and KB-ME. Increasing the jammer power signal significantly
lowers the detection performance. The 2-D Hamming window utilized for interference is
shown in Figure 7.4, where it is clear the cell chosen by KB-MP technique contains more
interference than the cell chosen by KB-ME technique. As in Section 4.2.1, we have a
very similar P;. As SNR and JSR are increased, we have a crossover in performance as
illustrated in Figure 7.3. Typically, as observed already, KB-MP has better detection than
KB-ME. Note however, that at very large SNR, P; for KB-ME is better than KB-MP. This
is because the angles chosen by KB-ME have less interference as shown in Figure 7.4. In
other words, P, is affected by both a priori cell probabilities and interference power. As
mentioned before, ultimately, the performance of KB-MP and KB-ME depends on the value
of both parameters.
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Figure 7.3. P4 results of Experiment 3, where p,,, = 0.9 and JSR is varied
at -13 dB, -10 dB, and 0 dB.
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Figure 7.4. Interference power density model: 2-D Hamming window showing
which angles u; and uy,. are steered to.

7.2.2 Varying JNR

In the fourth experiment, p,,, = 0.9 and JNR is varied at -10 dB, 0 dB, and 3 dB. We see in
Figure 7.5 that interference significantly affects detection performance of both KB-MP and
KB-ME techniques. Increasing the power of JNR significantly lowers the detection perfor-
mance of both KB-MP and KB-ME. The 2-D Hamming window utilized for interference is
shown in Figure 7.6, where the cell chosen by KB-MP technique contains equal amounts of
interference as the cell chosen by KB-ME technique. Typically, as seen in previous results,
when both KB-MP and KB-ME have equal parameters, meaning a priori cell probabilities
and interference power, KB-MP outperforms KB-ME in detection results. In Figure 7.5,
KB-MP, does in fact, have better detection performance than KB-ME.

52



—_

T T T

—— KB-MP: JNR -10dB

0.9 - |——KB-MP: JNR 0dB .
—— KB-MP: JNR 3dB
0.8 | ==—-KB-ME: JNR -10dB

—-—-KB-ME: JNR 0dB
—-—-KB-ME: JNR 3dB

©
\l

o
o

©
~

Percentage/Probability
o o
w (&)

O
N

0.1

0 5 10 15 20
SNR in dB

Figure 7.5. P, results of Experiment 4, where p,,, = 0.9 and JNR is varied
at -10 dB, 0 dB, and 3 dB.
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Figure 7.6. Interference power density model: 2-D Hamming window showing
which angles u; and uy,. are steered to.
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CHAPTER 8:

Summary

In this thesis, we introduced two different approaches for KB adaptive beamsteering to
enhance detection and mitigate interference. While prior research used the uncertainty-
based decision functions for search and track to evaluate performance, we introduced a
selection algorithm based directly on cell prior probability for search and detection which
we called KB-MP (while KB-ME stands for maximum entropy). We extended the 1-D ULA
to a 2-D UPA, where we investigated detection based on a single cell versus a cell area

containing multiple cells.

We saw very similar detection performance results for both the ULA and the UPA. Generally,
KB-MP performed better than KB-ME in terms of detection where the probability map had
cells with p,,,, > 0.5. When p,,,, =0.5, we noticed KB-MP and KB-ME have similar detection
results. For scenarios where jammers/interference were allowed in the same angular area as

the signal, detection performance was reduced.

We demonstrated in this thesis that adaptive beamsteering, when allowed to capitalize on
the probability map, can improve detection probability significantly and mitigate random
interference and jammer models for both 1-D and 2-D radar systems. Overall, P, is affected
by both a priori cell probabilities and the power of interference; and the performance of
KB-MP and KB-ME depend on the value of both parameters.

The techniques presented in this thesis have many opportunities for future work. One
recommendation for future work is to extend this model to a 3-D cognitive radar system
where it can be used for not only search and detection, but also search and track. Another
option for future work is to incorporate this model into a non-uniform array. This model can

be used with other previous thesis works on classification and angle of arrival problems.
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