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Recognize Signal from Source Despite Noise/Interference

Depends on prior knowledge of the anticipated Source
Signal and Noise Environment

k

Depends on volume of data from anticipated Source Signal
and Noise
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Recognize Signal from Source Despite Noise/Interference

Depends on prior knowledge of the anticipated Source
Signal and Noise Environment

Human sees signals

Human sees noise ‘ |
((,w' \‘& (AQ,';’N v' ’/"ﬁ"’%"

Depends on volume of data from anticipated Source Signal
and Noise

l
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Receiver 2

Receiver 1

A Receiver2 .~
North / /\ /\ .
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At Source
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relation Detector Implementatiestimes

Scan Data with Template to Search for
Repeating Event

Data Stream Template

0 1 2 3 4 0

Time, Seconds

1 2 3 4
Time, Seconds
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Evaluate if Estimated C

relation Detector Implementatiestimes

orrelation Value in

Detection Window indicates Repeater

WP N \f\",""‘ VIvAYE Y

Rl mvaral \/\W“v AR

Data Stream Template

0 1 2 3 4

Time, Seconds

2
Time, Seconds
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relation Detector Implementatiestimes

Evaluate if Estimated Correlation Value in
Detection Window indicates Repeater

Data Stream

What metric do we use to compute a correlation
_a% when using multiple channels?

Template

WW"’W'WW\VW\YW <

o \/\W“v AR

“l"("\ VAW v"\ / \f\","\r "/‘V"'

“A‘MAMAAAJLA..A R Am.mow

Time, Seconds

2
Time, Seconds
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*Correlation Detector HypothesegsAames

Ho: x=mng (noise only)

=
8
||

ni1 + Au (noise, plus waveform pulse)

USAO0.SHZ }
USA1.SHZ
USA2.SHZ [ "'

USA3.SHZ [ )

USB1.SHZ !

USB2.SHZ A

USB3.SHZ |

USB4.SHZ

USBS5.SHZ | y




EST.1943

Ho: x=mng (noise only)

Hi: x =mn1+ Au (noise, plus waveform pulse)

USAO0.SHZ

USA1.SHZ

USA2.SHZ

USA3.SHZ

USB1.SHZ

USB2.SHZ

USB3.SHZ

USB4.SHZ

USBS5.SHZ A

10 15 20 25 30 35 4() 45 50 55 60
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Questions—ordered by difficulty

L.

What is the best way to combine single channel correlations?

Can it be demonstrated?

What if the template waveform is uncertain, or the target
data originates from a much smaller source?

What if the ambient wavefield isn’t composed of noise alone
(it’s not)?

Respective Solutions

L.

Beam provides higher detection capability for r» than MLE, at
moderate correlation values.

Quantitative analysis: nuisance alarm rate increases
dramatically for template-target match degradation

Make a detector more specific than a correlation detector by
modifying the null
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“Multichannel Detection Challen

Questions—ordered by difficulty

» Los Alamos
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1. What is the best way to combine single channel correlations?

Can it be demonstrated?

Respective Solutions

1. Beam provides higher detection capability for r than MLE, at

moderate correlation values.



» Los Alamos
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Questions—ordered by difficulty

1. What is the best way to combine single channel correlations?

/A s 1 1 1 1 1)

This isn’t a Trivial Question!

Practical Consequence:
Different Detection Statistics for the Same Detector
yield different results: over time, this can amount to
~10° missed or false detections

moderate correlation values.
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NS5 VLE Correlation Statistic - LeiAlames

Signal models and hypotheses
Ho: x=mno~N(0,0°I)
Hi: = =mn1+ Au N./\/(Au, O'QI)

Detection Statistic from Generalized Likelihood Ratio

max{ p1 (z; H1) }
A, o1

H}T%X{po (z; Ho) }

Decision Rule: Is there a signal match on multiple channels?

s(@) = 2w %

ul||F|lxl|lr 1

s(x) =




L : SRS
NS5 VLE Correlation Statistic - LeiAlames

Signal models and hypotheses
Ho m:nONN(O, 021)
Hq w:n1+Au~N(Au, 02I)

Detection Statistic from Generalized Likelihood Ratio

max{ p1 (x; H1) }
A, o1

5 (fL’) — Ne -P CFAR Constraint
max yman-Pearson onstrain

g0

Decision Rule: Is there a Const = Prpy = / Po (35 7"0) ds
U
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NS5 VLE Correlation Statistic - LeiAlames

Signal models and hypotheses
Ho m:nONN(O o |
Hi: x=mn1+ Au

Detection Statistic from Generaliz § % § %

Multichannel data

maX{ P1 ( " Stream « as matrix
A, o1

s(x) =
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Na al Nucfe| % rit@ Adfini:

Practical point 1: Multi-Channel data can be organized into
matrix columns, or multiplexed into long vectors.

Practical point 2: No reason data covariance C is diagonal.

We use a reduced Degree of Freedom
Estimator to correctly parameterize PDF for
s(x), despite C# 1
:B(t) = L, (t)7 L, (t)a e Lg (t) ] = Multichannel data
- stream  as matrix °

u(t)= Uu (t), Uu (t), e u (t) }

11 12 N3
n(t) =l n, (t), n, (t), SO (A (t) }

<$,’U,>F
Z q

ul||F|lxl|lr 1

s(x) =



Signal models and hypotheses
Ho m:nONN(O, 02I)
Hq :B:nl—l—AuN./\/(Au, 02I)

Detection Statistic from Zero-Delay Beamforming

Detection Capability: Does it make a difference what
statistic s(&) you compute?

Hint: Beaming is better that MLE, if s(x) “moderate”...



NS4S Estimating Effective N -Lodaame:

Chop up data into non-intersecting windows
commensurate with template window length. Select
non-neighboring windows at random. Compute s(x).

0.5 | _

X bl

1k 331 yl x? y2 'CU?) y3 xﬁl y4 ]

Compute Empirical Distribution from Correlation Pairs
Seclonds

1 1 1 | 1 1 1 1 |
910 920 930 940 950 960 970 980 990 1000




NESS Estimating Effective N - eslames

sample correlation 7 |ﬂ|m
||||I‘||.—....,

0.5

...... .anm

1k \1 Ty Yo Ty Y3 Ty Yy 7

Compute Empirical Distribution from Correlation Pairs
Seclonds |

1 1 1 | 1 1 | 1
910 920 930 940 950 960 970 980 990 1000

-1.5



NS4S Estimating Effective N -Lodaame:

Empirical sample correlation estimates

y 1 N(l _)2
o, =—— ro=T
N-1%

Sample Variance in Practice

1_

0.5 _

aF Iy Y Ly Yo Ly Y3 Ly Ya il

Compute Empirical Distribution from Correlation Pairs
Seclonds

1 1 1 | 1 1 1 1 |
910 920 930 940 950 960 970 980 990 1000
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EST.1943

Waveforms recorded during detonation of 8”, cylindrical explosive at 1m

HOB, local to source
8” Solid Charge Explosion, Seismic

| | | | | | |
LOSL.FHE Woichtsk
—Whole Waveforms
—Template Waveforms
LOSL.FHN vt
LOSL.FHZ
| | | | | | |
0 10 20 30 40 50 60 70 80

Time, Seconds



NISA Target Data @A'amos

EST.1943

Waveforms recorded during detonation of 4”, cylindrical explosive at 1m
HOB, local to source
Peak Template-Target Correlation 0.54

—Targe‘é Data, 4” Charée | | |
—Template Waveforms, 8” Charge
LOSL.FHE ntonpneant
LOSL.FHN -
LOSL.FHZ oot i — ——
| | | | |
0 100 200 300 400 500 600

Time, Seconds



NISA Target Data “Lo3Atamos

EST.1943

Waveforms recorded during detonation of 4”, cylindrical explosive at 1m
HOB, local to source, and add real pre-shot noise to decrease SNR
Real Noise Added to Target

—Targe’é Data, 4”7 Charé;e | | |
—Template Waveforms, 8” Charge
LOSL.FHE
LOSL.FHN
LOSL.FHZ
! ! ! ! !
0 100 200 300 400 500 600

Time, Seconds
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NS MLE Correlation Statistic  -letame:

Scan template over 600 sec of data (x,u)p  Ha
and use MLE detection statistic s(@) = ||ul||F||z|| F 50 '
LOSL.FHE
LOSL.FHN
LOSL.FHZ

2 04
£ 02
5
@0
E. -02 |m
5 =0.
QO
=04 =
0 100 200 300 400 500 600
Time, s
| | | | | |
o5l BData Histogram T
= —Estimated Null Distr. =i
5 ::; I
- &
o | : = | A
-0.4 -0.3 -0.2 -0.1 0 0.1 0.2 0.3 0.4

Sample Corr. Detect. Statistic



National Nuclear Security Ad

eam /Stack Correlation Statistieaeme

EST.1943

N
Scan template over same data 1 Z (21, wr) H1
. . = — n
and average single channel correlation N — willl|zrl] 22,
LOSL.FHE
Blue = Previous, MLE values
LOSL.FHN
LOSL.FHZ <o
()4:__________________________________________I._ _______ . QQB;I-___________________________:
e o frigger————"""""——"——-—-————————-
202 .
N
50
5-0.2 _
-04 :_____________I______________I_______________I______________I______________I _________ |:| T
0 500 {}600
| | R |
£s b = -
: = |
O
O
- =
o : = | ol |
0.4 ~0.3 0.2 0.1 0 0.1 0.2 0.3 0.4

Sample Corr. Detect. Statistic
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Los Alamos

NATIONAL LABORATORY

Run template over 2 days of data that includes shots:

=
2051 ® MLE o ¥ 1
& ® Beam Py
. .
%0.4 °
= ®
. O o : : : ]
=03 o Minie Explosions: 47-8” cylindrical o
- 9 COMP-B charges
2021 -
S o °
O
240 : T = | T = MLIE =
[J\\ O Beam
220 _\ u —
2, \tl ___________________ AN E\I
= \ //E ____________________________________ _E H \
8200 B \ m ///// \\_
S M A A \
S \ VN \
Zis0p, M B g 7
~ K T
R - A
160 - \E[ \ \\ , \\_
i H o
140 | | | | | |
16:00 18:00 20:00 22:00 12:00 14:00 16:00

Start Day 05/16/13



NYSE ompare Detection Thresholdstesame:

EST.1943

Detection Values, Relative to False-Alarm Rate Thresholds

Comparison Between Detections, 12 Shots

0.6 I T T
Low values of correlation
. . 0.55F .
give ambiguous results
@
2 0.5f ®
< //
wn 7
q;_)404-5 B // T
= ® .-
= ///
At higher values of correlation, ¢ 047 o et 1
summing up single channel 30 35t 7 |
oL : oE; ’
statistics gives larger value, @ el
relative to threshold a‘% 0.3 _" one-to-one line 1
4
4
2025} oo :
B 4
aa L
021 // _
///
015 @ 7 -
/0.0 O
0. '
6.1 0. 2 0.3 0. 4 0.5

MLE Statistic over Threshold



NYSE ompare Detection Thresholds

Los Alamos

NATIONAL LABORATORY

EST.1943

Effective Degrees of Freedom, Shaping Null Distribution

Degrees of Freedom Estimates, 12 Shots

230 I T T T .
Null distribution for beamed
correlation statistic is always 220y . ®
lower variance: distribution is S0l
skinner O e ¢

200

. . 2 ®
The Frobenius-norm likely S anl ®
. o m 190 7
induces statistical dependency ¢ -7
.  d

between samples in MLE case, &180} o ® ® el
and thereby effects denominator= 7

170 //’

///
”
 d
160 _-~" one-to-one line
/,,//
150
/,/
14 1 1 1 1
?40 150 160 170 180 190

N from MLE
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fultichannel Detection Challen A'am"

Questions—ordered by difficulty

1. What is the best way to combine single channel correlations?
Can it be demonstrated? < (Quantitatively, using PDFs)

Respective Solutions

1. Beam provides higher detection capability for r than MLE, at
moderate correlation values.



C"{

fultichannel Detection Challengi A flamos

Questions—ordered by difficulty

Whatit-the

1

This is also covered in
detection capability talk

heertain—or-the-target
Sotree?

What if the ambient wavefield isn’t composed of noise alone

(it’s not)?

Respective Solutions

L.

Beam provides higher detection capability for r» than MLE, at
moderate correlation values.

Q L
dramaticald

This is also covered in
detection capability talk

n-rateinereases

Make a detector more specific than a correlation detector by
modifying the null
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National Nuclear Secu,
EST.1943

45’

42° |

44.208°

36°

| 200 km |

Test Site :
Array PR ¢ A‘ 44.184°

131.976° 132°



Multichannel Template SelectiokesAames

Q: What’s the Effect of Uncertainties in template-target on correlation?

 Run power detector + associate = collect events

 Time-reverse data, re-run power detector, and extract waveform between
forward and reverse-picks: W

« Cluster using correlation coefficients, select “favorite” signal

T T
USA0.SHZ v 'V\NM-AAN'\WI\/\/\M/\W-.’

USA1.SHZ

USA2.SHZ —

USA3.SHZ

USB1.SHZ

v

v

USB2.SHZ v_‘wﬁ\\,\/\w

USB3.SHZ ) A -WW""WI\I\“NI\/\/\/W"Y Multi-channel template
USB4.SHZ A A MM\/\W
USB5.SHZ h 4 I-WWWWMM/\/\/\/MWY,

15 20 25 30 35
Seconds




Multichannel Template SelectiokesAames

Q: What’s the Effect of Uncertainties in template-target on correlation?

Take these details for granted, and run
detector on 2 2 months of continuous data

« Cluster using correlation coefficients, select “favorite” signal

T T
USA0.SHZ v V\NM-A’\N'\W]\/\/\/\J\/\W-.’

USA1.SHZ

USA2.SHZ ~—

USA3.SHZ

USB1.SHZ

v

v

USB2.SHZ v_‘wﬁ\v\/\w

USB3.SHZ ) A “V\’W‘"’V'\I\I\f'\/\/\/\/\/w"‘v Multi-channel template
USB4.SHZ A A JW“WJ\/W\/\W
USB5.SHZ h 4 I-WWWWMM/\/\/\/MWY,

15 20 25 30 35
Seconds




40

USA0.SHZ
USA1.SHZ
USA2.SHZ
USA3.SHZ
USB1.SHZ
USB2.SHZ
USB3.SHZ
USB4.SHZ

USB5.SHZ

Months of Detector—Processifaf

Q): What’s the Effec

v‘c ‘ ; P 3 G \‘- LY [ \ "'. ) 1!/‘7& ,, 7 “'I‘ A
A\ W |V AY
';“ I ), \ \Mﬁb'\,.
AL ‘\’ \ J,‘,'\A %y A\ A
A \/ Y

all “ A .-,,’;_V,A

..provides a few analyst-approved
detections

LABORATORY
EJr.1943

t of Uncertainties in template-target on correlation?
1 YV ‘ T T T T
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NYEo Months of Detector-Processiiggiames

EYr.1943

Q): What’s ﬂze Eﬁe(z‘ of Um‘mtawme,s m z‘empl(zte z‘(wqez‘ on cmn)l(m(m/

USA0.SHZ

USA1.SHZ

USA2.SHZ

USA3.SHZ

USB1.SHZ

USBlSHZ-——«WWWW%‘ o .
™~ A T _ i i Nn_ar

USB3.SHZ . .
.provides more analyst-rejected

USB4.SHZ

shs sz detections! .

USAO.SHZ [
USA1.SHZ it
USA2.SHZ
USA3.SHZ REGAKAR

USB1.SHZ f

USB2.SHZ %

42 of 47 Detections

USB3.SHZ [ "ol il il aad Ww\rww"“ T TV W I ey e ey Y )

USB4.SHZ [mrmreres

USB5.SHZ

vv"yw"\'

14 16 18 20 22 24 26 28
Time, Seconds




e
NYEo Months of Detector-Processiiggiames

EYr.1943

Q): What’s ﬂze Eﬁe(z‘ of Um‘mtawme,s m z‘empl(zte z‘(wqez‘ on cmn)l(m(m/

USA0.SHZ

USA1.SHZ

USA2.SHZ

USA3.SHZ

USB1.SHZ

USB2.SHZ

USB3.SHZ

USB4.SHZ Why are there SO many bad
USBS SHZ detections? _

USAO.SHZ [
USA1.SHZ it
USA2.SHZ
USA3.SHZ REGAKAR

USB1.SHZ f

USB2.SHZ %

42 of 47 Detections

USB3.SHZ [ "ol il il aad Ww\rww"“ T TV W I ey e ey Y )

USB4.SHZ [mrmreres

USB5.SHZ

vv"yw"\'

14 16 18 20 22 24 26 28
Time, Seconds




« &
‘o Months of Detector-Processiigimes

Q): What’s the Eﬁ”e(’t of Uncertamz‘zes imn z‘emplate tcw“qet on correlation?

USA0.SHZ

USA1.SHZ

USA2.SHZ

USA3.SHZ

USB1.SHZ A Movsonass , WO v WA G
USBlSHZ————«WWW«W\7 o o . 4
USB3.SHZ N
| Note that template waveform
wss  doOesn’t perfectly correlate with
wosz target waveforms, even in absence

% of noise—target is not amplitude |
USA2.SHZ

bsaasiz scaled version of template |
USBI1.SHZ " i ,. _”,‘_‘" A\ WA v_'“‘ K A O it s ‘.VA'.'» i nnge

USB2.SHZ [t Badedhndo s it b bttt a b
42 of 47 Detections

USB3.SHZ iyt "y, e
4L A | d (i A.\- v oAl { Ag g v ) [
USB4.SHZ ey “ ' LAy ‘ b idtiiiai s

USB5.SHZ {4

0
Time, Seconds



Challenge Summary

False detections on non-target waveforms are more frequent than on
target waveforms

Non-target detections occur when partially coherent waveforms have
suffcient projection onto the template signal to exceed the threshold
for event declaration

The null hypothesis do not predict presence of dissimilar waveforms



Solutions Requirements

False detections are statistically predictable with prescribed false
alarm rates

Non-target waveforms should produce a sub-threshold statistic

Revised detector should require minimal modification to current
correlation detectors to accomplish objective.

Detection performance must be quantiatively verifiable
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‘Iﬁf et and Non—Target Commonalgthpmes

EQT/1943

Q: IVhaﬁ S z‘hP Eﬁ()(f of UT)(@N(J,Mme,s mn f()mplaz‘e f(m]ef on (()N@l(ﬁ?()ﬂ 4

USA0.SHZ

USA1.SHZ

USA2.SHZ

USA3.SHZ

USB1.SHZ

USB2.SHZ

USB3.SHZ

USB4.SHZ

USB5.SHZ

USAOQ.SHZ paree
USA1.SHZ {8

USA2.SHZ
USA&SHZiT.”Q:]“,
USB1.SHZ %

USBlSHZ‘xQLl.’N 

USB3.SHZ e
USB4.SHZ el

USB5.SHZ

0
Time, Seconds



hange Fxplicit Target Signal Mod@?Namos

r=w

/mzAw—l—n:data
Q
T
Tt w
Pr{r > n} =Pr{— > 77}
\ [ [Tl

Geometric view of Correlation Detector

Aw + n : data stream

Known Signal in this Case r = w + n : template



‘o*m Implicit Signal Target Signal M@gi?@bos

EST.194

All detection results
contained in C

c={e it 27

] [Jw]

b

>
Multi-Channel Data Space ’\ a
) r

Geometric view of “Cone Detector” Ho: == u+ n: data stream, u € C

Set contains target and non- x = w + n : template
target detections with r2 p

z¢ {acuc}



National Nuclear Security AdmiRgtrati

one Membership is More InclusiveosAlamos

EST.1943

Q): What’s the Effect ojg Uncertainties in template-target on correlation?

r=w+n

Cone Detector

v P(“v eaiC

b,

> I)A

Multi-Channel Data Space

C = {z: (@) = p,llolhull}

Correlation Detector b, 5

Multi-Channel Data Space

2 ez{acuc}

Preview
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CGone Membership is More InclusiviéesAiames

(Q): What’s the Effect ojg Uncertainties in template-target on correlation?

r=w+n

Cone Detector

v P(“'v eaiC

Do not assume target data is
amplitude scaled version of

template. Only assume target data

correlates above p, with template.

AIVIULIULI=UIlalliiel 1Java ;1[)([[ <
z & {ac U c}

Preview

Correlation Detector




¥Sity Function: Cone Detection Staﬂ%@@g&m

 Form Hypothesis Test with Target Signal in Cone
e Data Still Includes Gaussian Noise

1 B! )
x; Hi) = ——llex—ul|"|, uweCl
p1( 1) (2WU2)%NE€XP _ 202” | ]
1 1 )
e 1) = e gl e

r=1Uu

Ho : :IZNN(O,02I)
Hi: x~N(u,0°I), ueC

C ={z: @w) = p,lall ]|

, Multi-Channel Data Space



¥Sity Function: Cone Detection Staﬂ%@@g&m

e Variances o? and target signal u are imperfectly known
* Form Maximum Likelihood Ratio, A(x)

1 1
p1(x; Hi) = T exp ——2||213—u\|2 , uelC
(27-‘-0-2)2NE i 20
1 1o
po (x; Hi) = (2702)%]\]’3 exp —ﬁ||w|| ] : v PCUE(.,C= +

r=1Uu

I{‘lax{ p1(x; Hi) }

u 7tl
A _ % >
(@) m(jfLX{ po (x; Ho) } H<o 7

C ={z: @w) = p,lall ]|

\, Multi-Channel Data Space



¥Sity Function: Cone Detection Staﬂ%@@g&s&

* Substitute maximum likelihood estimators back into A(x)
* A(x) reduces to a statistic s(x ) = projected energy ratio

p1(x; Hi) =

po (x; H1) =

1

(2m0?)
1

1
2

ex
Ng P

(2%02)%]\[’9

exp

HalaX{ p1(x; Hi) }

Ax) = ==

max{ po (; Ho) }

1 2
gl —ulf| . uec
1 2
~5rllal?] R
j T=w+n
b \ r=1u
|
"
o L C = {o: @w) = p,|lol 1wl

b

s (x)

1
Z
Ho

U

\ Multi-Channel Data Space




¥Sity Function: Cone Detection Staﬂ%@@g&m

* Substitute maximum likelihood estimators back into A(x)
* A(x) reduces to a statistic s(x ) = projected energy ratio

1 1
cHy) = —— |l —ul*|, wecC
p1 (x; Hq) (QWOQ)%NEGXP_ 202” H]
1 1 9

max{p; (x; Hi)} 4.

PDF for s(x) has closed form expression:

no Monte Carlo needed to get performance

Hi1
5 S (m) 2 7’] z%{(’)CUC}
Ho




sity Function: Cone Detection Sta@ﬁ

Q): What’s the Effect of Uncertainties in template-target on correlation?
 Statistic s(x ) is nonlinear, and conditional upon correlation r

 Statistic “compresses” decision region into [-¢, o]
 Statistic is function of (already computed) sample correlation

v £ po(w, Py (2)) + /1= p3 - || Py (¢

v PwveoadC
rT=w+n
( r o 4 e
0 — < —C
Vi
s(x) = { T —— ﬁl‘c’l]
il vi—r " ¢ C = {z: (@) = p,llolhull}
r
1 —_ > — :
\ V1 —r? & })
Multi-Channel Data Space
IR @I _ oy %, «Fepoud
]| Ho

Preview



758 . . A:? °
Asity Function: Cone Detection Statstimes

* Total probability is computed from projection probabilities

* Ratio in and statistic have determinable PDFs
Pr{s(x) >n} =Pr{s(x) >n|Pc(x) €C} -Pr{P-(x) €C}+---
Pr{s(x) >n|Pe(x) € C}-Pr{Pe(x) € IC} + -
Pr{s(z) >n|Fe(x) ¢ CUIC} Pr{Fc(z) ¢ CUIC}

X PC'U eaiC

r=w+n

r=1Uu

C ={z: @w) = p,lall ]|

N\
8
—_

| =
=
&)
M
Q| =
\.Q
o |+
| — |

b

>

, Multi-Channel Data Space




¥Sity Function: Cone Detection Staﬂ%@@g&m

* Variances o? and target signal u are imperfectly known
* Form Maximum Likelihood Ratio, A(x)
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Null distribution is computed from known correlation distribution using
variable transformation. It shows probability density of noise giving a
detection if the template waveform includes uncertainty

. Null Correlation and Null Convex Distribution
T 1 T T T 1 T T T
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Nz = 200 Degrees of Freedom
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Low SNR signal and Null Distributions Overlap
if 0, is sufficiently small

Null Correlation and Null Convex Distribution
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Competing hypotheses
NewNull}HO: r=—1n-—+U NN(’U,,O'QI), u€C

Same Altern./]-[l T =N + Aw ~ N (A’UJ,O'QI) .
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Competing hypotheses
New Null p» H,g ;B:n——UNN(u,O'QI), u e
Same Altern. H1 : & =n + Aw ~ N (Aw, 02I) .
Generalized Log-likelihood Ratio
2 1P (@) = [|Pw (@)

— In(A)=1n |1
Ne 1P ()]




EST.1943

Competing hypotheses
Ho: xT=n-+u NN('u,,aQI), u eC

Hi: x=n+Aw NN(A’UJ,O'QI).

Note argument of scaled log-likelihood is simple

iln(A) =1In [1-— 1Pe ()]° - HP,;, (z)]”
| Py ()]

Ng

Statistic represents difference in projected
signal energy: cone — correlation
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Competing hypotheses
Ho: xT=n-+u NN('u,,aQI), u eC

Hi: x=n+Aw NN(A’UJ,O'QI).

Note argument of scaled log-likelihood is simple

iln(A) =1In [1-— 1Pe ()]° - HP,;, (z)]”
| Py ()]

Ng

Statistic represents difference in projected
signal energy: cone — correlation

82(33) — 7?2 Ha
1 — 92 2 Ui Decision Rule
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Competing hypotheses
Ho : ZBZTL--UNN(U,O‘QI), ueC
Hi: z=n+Aw ~ N (Aw, O'QI)

8233

2 _1 Pe (x @[ () >

Ng _ HPL(

Statistic represents difference in projected
signal energy: cone — correlation

1 _ 2 < Decision Rule
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PDF for statistic has closed form expression:
no Monte Carlo needed to get performance
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« Express the detection statistic as a polynomial in #(7):

s?(x) — r?

2 = A (1- )8 (2,0\/1—7)75—#(1— 2)

1—r

&

T

V1 —r?

* Variable transformation gives point-wise equivalent event:

1— |1+ c? (1 Z2>
PoC
ol (2) = \

[1] c
e Get PDF for 2

t has known PDF p, (t; H,)

dt~1 (2)

— 1
z (z; M) = pr (tml (2) ;Hk) [;z




NYS4New Detection Statistic PDF o2 Lok Alamos

AAAAAAAAAAAAAAAAAA

« Express the detection statistic as a polynomial in #(7):

s?(x) — r?

2 = A (1- )8 (2,0\/1—7)75%—(1— 2)

1—r

&

T

V1 —r?

* Variable transformation gives point-wise equivalent event:
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[1] B c
« Get PDF for z The PDF under H, sets detector threshold

dt= 1 (2)
— 1
z (z; M) = pr (tml (2) §Hk) [;Z

t has known PDF p, (t; H,)
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* Luckily, z is one-to-one over our domain...

y
$2(x) — 12 1— 1+02<1W>

z =
1 —r2 t=1(z) =

[1] - c
Detection Statistic with Convex Null Inverse Function
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* Luckily, z is one-to-one over our domain...
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32($)—fr2 1— | 1+c2 1——2
5 . PoC
Detection Statistic with Convex Null Inverse Function
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Future work:
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Implementation! e
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Review Synthesis

Important Points

Overwhelming non-target detections require more

representative hypothesis test to target real events.

Implicit signal model with convex-cone geometry includes
both target waveforms and non-targets

New detector screens target waveforms from convex cone
members that correlation detectors return

Convex Detection

Proto-type detector returns analyst-equivalent detections

Requires minimal modification from correlation detector, and
has quantifiable detection performance

Satisfies all solution requirements to reduce false detections for
GNDD
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