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Abstract—In this paper, the physical phenomenology of electro- tems were considered: sensors that either sample or integrate the
magnetic induction (EMI) sensors is reviewed for application to  time-domain information to provide a single data point (single-
land mine detection and remediation. The response from time-do- channel systems) and those that provide a sampled version of the

main EMI sensors is modeled as an exponential damping as a func- fi d ) f ltich | The standard
tion of time, characterized by the initial magnitude and decay rate. ime-domain waveform (multichannel sensors). € Standar

Currently deployed EMI sensors that are used for the land mine detection strategy for single-channel time-domain sensor data is
detection process the recorded signal in a variety of ways in order simply a threshold test on the raw data recorded from the sensor.

to provide an audio output for the operator to judge whether or  Extensions of this approach to multichannel EMI data are a
not the signal is from a mine. Sensors may sample the decay curve, i, reghold test on the energy present at the location under test,

sum it, or calculate its energy. Based on exponential decay model |, =~ .
and the assumption that the sensor response is subject to additiveWh'Ch is called an energy detector, and a threshold test on the

white Gaussian noise, the performance of these, as well as optimal,integral (sum) of the entire time domain signal, called an inte-
detectors are derived and compared. Theoretical performance pre- gral or summed-data detector. In our previous work, we applied
dictions derived using simplifying assumptions are shown to agree signal detection theory to the DARPA experimental data and in-
closely with simulated performance. It will also be shown that the - orhqrated the underlying physics of the sensor [6]-[10] as well
generalized likelihood ratio test (GLRT) is equivalent to the like- _ -
lihood ratio test (LRT) for multichannel time-domain EMI sensor as the Stz.it'sucal properties OT th.e responfses due to target and
data under the additive white Gaussian noise assumption and spe- clutter/noise to generate the likelihood ratio test (LRT) at each
cific assumptions regarding the statistics of the decay rates of tar- surveyed location. The probability density functions (PDF'’s) of
gets and clutter. the responses from mines and clutter/noise were used to for-
mulate the likelihood ratio. However, theoretical performance
I. INTRODUCTION analyses of these detectors were not performed and the statis-
N order to evaluate the performance of a detection systve,":1| s_ignificgnpe of the conclusio_ns_which could be drawn based
I there are two fundamental quantities required: the prob%r-‘ this prellmlnary work were I'm't,ed by the. number of tar.-
bility of detection (%) and the probability of false alarmg). gets emplaced in the test sites. In this paper, rigorous theoretical

The receiver operating characteristic (ROC), which is a plgpalyses of the performance of the detectors mentioned above

of Py versusPy,, is the standard method of illustrating theWIII be presented.

overall performance of a detector. With the motivation of ob-, When using detection theory to form an LRT, it is sometimes

taining quantitative measurements of the performance bounagf,lcu[[thtoddette.rml?te ar:j exphglt f;)rm for the I|keI|hool? ratio
and given the fact that experimental minefield data necessaf cet © 'I? a Il;’to eSDFe,penf tin on one (;F morte un tnOV\:jn pa-
suffers from a paucity of emplaced targets [1], sensor respon§ Jieters. 1o obtain S OT the responaeirom target an

were modeled, and performance was evaluated theoretically & tetL(p (r|H) andtp (7’|f£0)t rﬁspictNeI.y ) ,Son?_ muﬁlt mtigrﬁte
through simulation for a variety of detection algorithms usin ver these parameters (details shown in Section Ill), which can

time-domain electromagnetic induction (EMI) sensor data. T 3 computationally expensive. (Hef, is the hypothesis that a

goal of this study was to theoretically compare the performan_Eaéget (@ mlne)_, Is present, aHgI) |s_the hypothesis th"’?t atarget
not present, i.e. clutter or noise is present.) To avoid computa-

of algorithms currently implemented in EMI sensors to that JF X . .
algorithms derived using signal detection theory. tional complexity, the generalized LRT (GLRT) (see Section )

In references [2]-[4], Bayesian decision theoretic approach%@\’ideS a simplified, yet sub-optimal version of the LRT. In

to land mine detection using EMI sensor data obtained expe%?—me cases, the. G.LRT achieves the same performance as the
T, however, this is not generally the case [11]. In [2], [3], it

mentally in the Defense Advanced Research Projects Age ) :
y ) g s been shown that for single-channel EMI data, the optimal

(DARPA) Backgrounds Clutter Data Collection Experiment [5 o .
rocessor at each surveyed location is equivalent to a threshold

were investigated. Two types of time-domain pulsed EMI sys- :
g yp P ytest performed on the raw data under some assumptions on the

statistics of the underlying process. In this paper, we show that
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MURI). _ , ____sumptions. We also show that under the necessary assumptions,
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[I. SENSORPHENOMENOLOGY is the standard army device, the PSS-12, which is manufactured

An EMI system is essentially a metal detector. It records tlp.é( Schiebel. The output of this sensor is a single sample of the

induced electromagnetic field due to an incident electromag- g-dorlnagl\;vl\a/ll\lleform. A_\nt(?]xaénple .Of aén“;ljétllcggnnel tlmel—td_o—
netic field which impinges on underground objects, clutter, et 1ain puise Sensor IS the Leonics ~ob sensor. t1s a

An EMI system can detect mines that have metal content, asw ﬁee-compone_:nt, tme-domam induction system ha""?g al m
as other unexploded ordnance (UXO) or anthropic clutter whiSguare transmitter coil and three orthogonal 0.5 m receiver coils

contain metal. In order to detect such targets, the EMI syste[fﬂs't'?ned tappro>i|m?tely 0.3m ?t;og/zthesground. 'I;hets_ystem
normally operates at low frequencies (| MHz), at which the operates at a center frequency ot 7.5 FHz. Sensor output IS mea-

L ility- Ki h of th ured and recorded at 20 geometrically spaced time gates, span-
conductivity- and permeability-dependent skin depth of the rn%‘ing a time range from 32f)s to 30 ms following the incident

terials varies significantly [6], [7]. Furthermore, at these fre- ) . .
quencies the displacement current is weak enough to be O\fétrll—se [5]- Thus, the received signal of Geonics EM61-3D sensor,

looked [12]. Hence, the response of the pulsed EMI system,r(t)’ can be expressed as
at each location surveyed with the sensor can be modeled as a

_ —at
superposition of weighted resonances r(t) = Ae )

N wheret is a 20x 1 vector whose elements are the sampling
r(t) =Y Ane/nt (1) times.
i=1 In this work, we have normalized the initial valug¢,and have

wherew. is thenth natural resonant frequency of the Ob.ecthus concentrated on the information conveyed by the resonant
Wn » q y ) tf’requencya. Note that since the actual sensor output is subject

?n?hA? 'S tthe I|n|t|al ma?r;nude of thle respotnse ;:r?rresplondlﬁg noise, only approximate normalization for real data is pos-
0 that natural resonant requency. In practice, the rea’ part@j, . ‘gacause the SNR at the early time response is high (since

wn IS Very S'T”a"’ aqd thus can be ignored [12]. Th? late i fie response is essentially an exponential decay), the estimate
field, which is the field recorded by EMI sensors, is usuallgf A is reasonably accurate

dominated by the lowest mode. Therefore, only one exponential
damping coefficient need be considered. The response can thus
be modeled (approximately) as Ill. PERFORMANCEANALYSIS
In our previous work [2]-[4], a set of signal processing al-
r(t) = Ae™! (2)  gorithms were applied to the EMI data collected in conjunction
) _ . . with the DARPA Background Clutter Data Collection Exper-

where A is the initial magnitude of the response, ands the  jment [5]. However, no theoretical performance analyses and
lowest natural resonant frequency.is strongly dependent on gim jations on synthetic data were performed to validate the
the excitation level, as well as the depth and the orientation Qf,-|ysions from the experimental study. Such analyses are nec-
the underground objects. The resonant frequenisya function - ggqqry since so few targets were emplaced in the DARPA experi-
of conductivity and permeability. Both theoretical and experg,ent 'In this section, theoretical analyses of the performance for
mental data demonstrate thais unique to each metal type [6], yhe | RT, the GLRT, the integral/sum, and the energy detectors
[8], [12]. Consequently, it can be used to identify land mines. Qlyy gingle-point detector are investigated. Additionally, when
average, metal mines have a lower natural resonant frequUeqRy -onsider a single time sample of the time-domain EMI re-
than clgtter, i.e. the decay_rate of the target signature is slowg onse, the sample time that can provide the best performance

In this paper, we consider data from two classes of ENling this type of data is derived. These results are then verified
sensors: sensors that sample or perform some sort of 'ntegraﬂg%imulation (Section IV).
on the time-domain information to provide a single data point \ye haye assumed that the sensor is subject to independent and
(standard metal detector) and those that provide a sampigdnrically distributed (1ID) Gaussian noise at each time sample.
portion of the tlmg—domam wavefprm. An Qxample of the f'rSTherefore, the conditional densityofry, 2, - - - , ) is jointly
system, the Geonics EM61, consists of a single-channel pulgeg,ssian. For the Gaussian noise problem, the performance of
mducﬂqn system with a 0.5 m transmitter cqll posn.lonegne detector is completely characterized by the quadtitjL1],
approximately 0.3 m above the ground. Data is received ifl3) \yhered is defined as the distance between the means of

both the transmitter coil and a se_condary receiver coil thatij$a o hypotheses when the variance is normalized to one
located 0.4 m above the transmitter. The system operates at

a center frequency of 75 Hz; the received signal is integrated (E(|H,) — E(I|Hyp))?

from 0.18 to 0.87 ms after each transmitting pulse. The result, d? = Var(i[Ho) (5)
a single scalar value, is stored for later processing. Therefore,
its response can be expressed as wherel is the output of the processor, which is a function of re-
N ceived signat, andE(- - -) and Vai- - -) represent the mean and
. Z Ao oltoFine 3) v%rlance. Hence, based on.the a;sumpuons stat(_ed previously, the
d'* value of each detector is derived under a variety of assump-

=0 tions regarding the amount of information which is known. In

wheret, is the initial time for integration and the integrationSection IV, we compare the ROC for the theoretical calculation
ends at( + IV At. Another example of a single channel systeraf ¢’ with the simulation results.



2044 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 38, NO. 4, JULY 2000

025 2) LRT (Matched Filter) on Multichannel TD EMI
- Data: The LRT is defined as(r) = (p(r|H1)/p(r|Ho)) [11],
i [13], [14], wherer is the sensor outpul/; is the target present
02~ hypothesis, andd, is the no-target hypothesis. If the decay
B rates for targets and clutter; and «g are known constants,
i from the definition of the LR, the LRT reduces to a matched
015 filter y = >, ri(e~ >t — ¢~ 0t), where in this case, the data
o | is matched to the difference of the two main signals. This is a
S or signal known exactly (SKE) case, and the LR is distributed as a
01f Gaussian random variable, i.e. undéf, y ~ N (u1,0?), and
[ underHo, y ~ N(uo, o), where
0.05
i = Z (e—alti _ e—aoti)e—alti7
00 L 1 J;ol L L il ] ‘II 1 L L L 1'5 ] 1 i1 1 2 02 _ Z (G—Oélti _ e—a0t7)202
time (ms) ¢ - ’
_ —agt; —agt;y ,,—aot;
Fig. 1. d’? as a function of sample timg when parameters are fixed and Ho = Z (e ' e )e ’
known valuesa; = 2.1, = 2.5, ands = 0.14. i

_ ando? = o%. Thus
A. Fixed Parameter Case

As described previously, the output from the EMI sensor de- Z (e=outi — g=anti)2
pends on whether or not a mine is present at the location under o (1 — po)? p
test. It is a function of the noise varianeé and the decay rate 4= = o2 = 72 (8)

«q for Hy, andag for Hy. There are also other factors, such as
temperature, humidity, environmental noise, etc., which affe/g
the response. In this study, we have not considered these ag

tional parameters. If_the parameters ao, ando™ art?mlglown 3) Integral/Summed-Data Detector on Multichannel TD
values or can be estimated (by MLE, MMSE, etc.) éfrecor- EMI Data: An integral detector, also called a summed-data

responding to single time sample data, the LRT, an integral, 8@ tor, integrates (sums) the sampled time sequence, then
an energy detector on multichannel time-domain EMI data C%mpares the sum to a threshold to make a decision as to

be calgulated as follows. , , whether a mine is present or not. The output of an integral
1) Single Time Sample of Time Domain (TD) EMI Daté: detector isc = X r; and thus undeH;, & ~ A(Y et

a time-domain EMI sensor samples the induced response %92) and undeﬂozx ~ (Y oot ’Ngg) Hence '

single point in time, the performance of this sensor depends on ’ ’ '

, expectedd’ is proportional to the energy of the difference
nal and inversely proportional to the noise variance.

the sample time used by the sensor. Thus, in order to achieve 5

the best performance under the physical constraints imposed by Z (e et — gants)

the sensor, the time at which a sample is taken after the incident ‘

pulse vanishes becomes a key issue. d? === Vol 9)

It is assumed that the sensor is subject to additive white

Gaussian noise, i.&V (0, o2). From detection theory, we know 4) Energy Detector on Multichannel TD EMI Datafhe en-

that the optimal detector operating on this type of data is simpgygy detector compares the energy< ¥ 2) to a threshold to

a threshold test. Therefore make a decision. Based on the assumptions made before, under
—arts _ C—aots)Q Hl

d/? —_ (C 5 (6)

2

E=) (7" 4n;)?

wheret, is the operating sample time of the sensor. Fig. 1 plots -

d’? as a function of sample timg. To determine the sample 20yt Cayts 9

time that maximizeg’, the derivative ofi’ with respect td. is o Z ¢ +2 Z ¢ i + Z n;. (10)
taken and set to zero. The sample time maximizihig ’ ’ ’

Inag — In oy The first term of the right-hand side of (10) is a constant,
tmax = I (7)  the second term is a Gaussian distributed random variable with
mean of zero and variance4f? > e~* and the third term
where In(-) is the natural logarithm. Note that the best sampkedistributed asr?x?3; [16], wherex? is a chi-square distribu-
time is a function of the decay rates of the target and clutter, son with NV degrees of freedom. Based on the central limit the-
it is object dependent. orem, the third term can be approximated by a Gaussian random
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variable with a mean aVo? and a variance cfNo*. The cor- thus, the distributions of; ande, can be considered as trun-
relation between the second and the third terms in (10) is  cated Gaussian distributions

> (e (X ng)] o) = (2 (L) - <%>>

i 1
2
(55 o) ent s v
=3 Bl )+ nd -+ (12)
‘ au_ (o al - Mo -
p(ao):<q>< OO_N(J)_(I)( OO_N(J))
Sincen; and n; are independent, if # j, E[nn?] = T 0

E[n;]E[n3] =0, andE[n?] = 0 (since the mean of the odd
power of a zero-mean Gaussian random variable is zero), then

E

o= (@1=pa, /202

=F

and

e_(a() THag )2/2‘7(2\0

where

<Z ”2>] O(x) = \/% /_; 2 gt
= <Z e_‘“th[m]> E

E E

E e~ ¥tip,

%

Z ”3] =0. (12) p.,, 02 andpu,,, o2, are the mean and the variancengfand

i @, respectively, and, of, anday, of, are the left and right
truncated points of; andayg, respectivelya! = o}, = 0 and
of < «af based on the underlying physics illustrated in Sec-
tion II. The limits of &}, o are infinity. Based on the field data
et n2)| =o. (13) collected in the DARPA experiment BBt — o, /0ay) —
<§7: (Z ) (I)(azl - I’Lal/o—al)’ andq)(aou — Hayg /Uao) - (I)(af) — Hag /Uao)
are very close to 1.
Therefore, the correlation between the second and the thirdThe LR test with uncertain parameters is defined as [11], [13],
terms of (10) is zero, implying that they are independeritL4]
since they are (approximately) Gaussian distributed [15]. Thus,
the energy undelH; can be approximated by a Gaussian /p(7,|H1 61 )p(61|Hy) db;
o . et 3 . ’ Hy
distribution with a mean ofy_ ¢=*** + No¢” and vari- A(r) = = 5 (15)
ancedo? Y et 4 2Nf’4' S!m|!arly, und.erHo. the /p(7’|H0,90)p(90|H0) df, Mo
energy also follows a Gaussian distribution with a mean of
> e7Zaoti 4 Ng? and variancele? Y e2¥0t 4 2Nod,

E

wherer is the measured, or available, data (which can be a scalar

Therefore or avector),H; andH, are the hypotheses of target present and
) target not present, respectivelyy|Hi, 61 ) andp(r|Ho, 6o) are
J? = (11 — po) the PDF’s describing the statistical nature of the response,

(0 +08)/2 given hypothesesH; or Hp), and parameterd{ or 6p). 6,
2 and 6, are unknown parameter sets associated with each hy-
Z (em2oati — gm200ti) pothesis which follow the distributiong8; | H1 ) andp(fo|Ho).
_ i . (19 In this problem,#; andé, correspond to the decay rate under
) - - the two hypotheses, respectively. When the LR is greater than a
20 Z eTiet 4 e threshold;y, H; is chosen, i.e. the target is present. Otherwise,
i H, is chosen, i.e. no target is present at the test location.

For a more general distribution af and«g, no quantity such
asd’? can easily be derived to characterize the performance.
However, an ROC can be obtained through simulation using
synthetic data. The noise variangé is not considered to be

In practice, the decay rates of both targets and clutter are fdigdndom parameter. S
known constants, but vary within some range. Without com- 1) GLRT/Matched Filter: The GLRT simplifies the calcula-
promising generality and for simplicity of further calculation!ion Of @ test statistic. Instead of integrating over theandé,

a reasonable assumption on the distributiomefand o is Parameters, as shown in (15), it is defined as [11]

Gaussian. Furthermorey andag are independent of additive
sensor noise, since they are intrinsic properties of the objects
being considered. Practically, the decay rate cannot be negative,

+2Not

B. Random Parameter Case

p(r|Hy, 61) M
P, P1)°s
p(r|Ho, o) Ho

Qr) (16)
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wherer is defined as before, ar] andé, are the maximum  Thus, by substituting (20) into (19), is seen to be a linear
likelihood estimates (MLE) of the parametéksandf,. Based combination of Gaussian-distributed random variables. There-
on the assumptions made before, the generalized LR is fore,y ~ N (p1y,var(y1)), where

Py = E e*ﬂalti(e*ﬂalti _ e*ﬂaoti)

1 . i
2\—N/2 . o Rag ti)2 . . "
(270%) exp [202 Z (r; — e Haati) ] var(y,) = Z [(e7Fasti — gmhantiyg e =feati 252
Q= ¢ p
r 1 0 — ; —f ;
(2702)=N/2 exp [@ > (ri- e—“ﬂo“)“’] + 3 (et oot 262, (1)
7 7
1 X X Similarly, y|Hg ~ N (poy, var(yg)), where
— exp [—2 37 ri(e it — eTheats) | (s Vatlan)) where
20° 5 Hoy = Z ¢ Heoti(gmHorti _ g Hagti)
7
—2f0 ts —2faqts N N ~
+ e Hayq +e Hag ]] (17) Var(yo) — Z [(G*Halti _ G*Haoti )tiefﬂaoti]Qgio
7
+ Z (e7Horti — ooty 252 (22)
wheref,,, andj,, are estimates gf., andy,, . ML estimates P

were used in this sf[udy. By taking the logarithm ar_1d incorp@l‘herefore,d’? is as shown in (23), at the bottom of the page.
rating the constant into the threshold, the log-GLR is It is shown in Section IV that the LRT reduces to the GLRT
for EMI data. Therefore, no additional analysis is required to
_ Z ri(e Forti _ = fiagtiy), (18) determine the performance of the LRT.
i 2) Integral/Summed-Data Detectot:etting x = % »; cor-
respond to an integral detector output, and using the approxima-

o ) . o tion expressed in (20), then und®i, z =, e ** +n,;, SO
This is essentially a matched filter, which is matched to the dif-

ference between the target response and the clutter response.gy, ~ v <Z ¢~horts, (Z tie—ﬁnlt;)2 o 4 N02> )
the estimated decay rates. '

%

Thus (24)
Similarly,
—art; —flo ts —flagts N . 2
y|Hy = Z (e7% ;) (e Henti — gTHeot) z|Hg ~ N <Z e Haoti (Z tie_“(‘otf) O’io +N02> .
_ Z e_altf(e_ﬂ'wtf _ e_ﬂnoti) (25)
i ) ) Hence, the result fod’? is (26), as shown at the bottom of the
+ Z ni(e Feat — gTHeatiy, (19) next page.

3) Energy Detector:The output of an energy detector on
EMI data is eitherz = 3, (e=** + n;)? under Hy, or
When the variance of; is relatively small compared to the2-i (¢~ " +”i)_2 underHy. Since bothy, anda are random
variance of the noise (this often is the case, as has been verilf@gables, the distribution of the energy cannot be accurately
experimentally [3])c—'* can be approximated by a straigh@PProximated by a Gaussian random variable. Therefore, it is

line through the mean value of with a slope of the derivative not valid to calculate?, since the definition of/’ is based on
of et atji,. | i.e. Gaussian-distributed data. Even thoujlis not applicable, we

can explain the fact that an energy detector exhibits better per-
) ) ) formance than an integral detector. Since the noise is IID at each
e~ —tieT i + eTHet et . (20)  sample time, the noise variance at each sample of the sensor is

d/2 — (l’Ll - I’LO)Q

(oF +03)/2
2
[Z (¢ farti — gmitants )}
% <Z t?(e—ﬁmti _ e_ﬁaoti)Q(e—Q[La]ti 0—21 _ G—Q[Laotio—go)> + Z (g—ﬂmti _ e_ﬂaoti)20-2
@ @

(23)
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the same. For lower-level signals, corresponding to later sardy > o} > 0 anda, < «% < oY, based on the underlying
ples, the SNR is lower than that for higher-level signals. Behysics illustrated in Section 1. The limits af, o are infinity.
cause the operation of calculating the energy puts more weidtite means and variances @f and g satisfy o, < fia,,
on higher values and less weight on lower signals. When the., /i, ) > (02,/02,) > 1. Also, assume the sensor is sub-
value of the signal is greater than 1, lower SNR time samplgst to IID Gaussian noise at each sample time. The GLRT on
contribute less, and consequently, the noise affects the results in the form ofz = X | r;(eferti — e=faoti), and the
of the energy detector less than the integral detector, which &&T is of the form shown in (15). Then, the GLRT and LRT are
signs equal weights to each time sample. equivalent, thus providing the same performance.

4) Single Time Sample of TD EMI Datdf the decay rate Proof: If it can be shown thatlA/dz > 0, which means
of target or clutter is not a known constadt,is more compli- the LR, is a nondecreasing function of the output of a matched
cated. Borrowing the result of Section 1V, the LRT and GLRT ifilter >, and thus, a monotonic function ef the LRT, and the
equivalent for TD EMI data under some specific assumptionSLRT are equivalent. Becaugdds not an explicit function of,
Hence, using the approximation in (20), it can be shown thatthe chain rule is utilized to prove this relationship

e—Fflayts _ g—hagts)2

= 2oy 2
t - .
o2 4+ 5 [G*QMaltSUgl + 672%0&0(2}0] ar; 87/87Z

(28)

wherer; is the received signal from the sensor atithesample
time at one location, and/ is the number of times at which
the sensor samples the response. Uttigrthe output of mul-
tichannel time-domain EMI sensoris = ¢ %% +n; (1 =
1,2,---, N), and undeiHy, the sensor output ig = e~ +

It is difficult to obtain an analytical expression of the sampl

time that maximizes!’, since it involves transcendental func-

tlon However it is easy to find the maximum numerically. |
L < o2 , < 1, then

g2 ~ (e farts — gmflagts)? n;, wherer; represents the output from the sensor at the sample
o2 timet;, n; is 11D white Gaussian noise with zero mean and vari-
o) ance of>2. Since the noise terms are IID, the covariance matrix
I fiag — 0 fia, fornis thg identity matrix scaled by?.
bnax ¥ ———————— The LR is then (29), shown at the bottom of the next page,
Hao = Hoa where
N
IV. EQUIVALENCE OF THE GLRT AND THE LRT FOR F(r, o) = Ky exp [_ Z (r; — e—am)Q/QJQ]
MULTI-CHANNEL EMI DATA =1
. . . . 2 2
In many applications, the GLRT is often used instead of the -exp[—(a1 — pa, )" /207, (30)

LRT to reduce computational complexity at the cost of sacré—
ficing performance. However, itis not in general an optimal pro- N
cessor [11]. In the following analyses, we show that under some et

reasonable assumptions made for the statistics governing the G(r, a0) = Ko exp [_ Z (ri — ™) 20 ]

land mine detection problem using EMI sensor data, the GLRT =t 3 1o 2

and the LRT provide the same performance. In this problem, the ~expl—(a0 — piay)7/20%, (31)
GLRT (shown in Section Il that it is essentially a matched filtegnd

7z =N (e Herti — efeoti)) always provides the same per- u .
formance as that of the LRT as long as the statistics of the decay K[ ' = <<I> <M> - <%))

rates of targets and clutter follow certain assumptions. Tay

1

1) Proposition: Assume the multichannel EMI sensor re- (2m)NHI26N g,
sponse is modeled as= e¢~*»*, wheren = 1 or O, repre- - (o af — fhag & b — oy
sentingH; andH, respectivelyt is anV by one vector of the o < < T ) B < Can ))
sampling timesg; and g are truncated Gaussian-distributed (2m)NHD/25N

random variables with means,, and.,, and variances?
andaio,and left truncated points of , o, and right truncated thus, K, > 0 and K; > 0. Taking the partial deriva-
points ofa}, «g, respectively. Furthermore, it is assumed thdive of A with respect to-; yields (32), shown at the bottom of

2

%

2 2 :
<Z tf,e_ﬂ”ltf> o2 + <Z tie_ﬂ"ot7'> o2 | +No?
i

%

d? = (26)

N
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the page, where thé --)’ notation denotes a derivative with o 4
respect tor;. We now writedA/dr; = h(r;)/w(r). Since the
denominatorw(r) is always positive, ifh(r;) is nonnegative,
dA/9r; is nonnegative as well. Based on a theorem presented
in [15], the derivative of the integral is equal to the integral of

the derivative since the integrand is differentiable with respect

o
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tor;, i.e.

Therefore, the numerator is

h(r:)

1
Ay

[ L

aG(I‘, CY())

873

u /
F(r,oq) da1>

/alf OF(r, o)
O‘ll 87}‘

_/ag 9G(r, ap)

@

/ C (Flr.an)), dar. (33) o

0]
1

»
»

= ot
5

Fig. 2. Integration area for (38)y; and «, are integration variables. The
square is divided into upper and lower triangular regions.
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Simulation of fixed decay rate for target and clutter Simulation of uncertain decay rate for target and clutter
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Fig. 4. ROC of simulations of various detection algorithms for multichannel
Fig. 3. ROC of simulations of various detection algorithms for a multichannéme-domain EMI sensor data with uncertain decay rate for both target
time-domain EMI sensor at a fixed decay rate for both target and clutter. Taed clutter. Distribution of decay rate; is N(2.1,0.22) and for aq is
decay rate of the targetis; = 2.1, the decay rate for clutterdis, = 2.5, and N(2.5,0.22). The initial magnitude is 220 for both target and clutter. Circle:
the initial magnitude is 220 for both target and clutter. Gradient: matched filtdhe LRT; gradient: matched filter, delta: energy detector; square: integral
delta: energy detector; square: integral detector; cross: threshold test on sidglector; cross: threshold test on single time sample.
time sample.

. L. . Simulation of uncertain initial magnitude & decay rate
Taking the derivative of(r, o ) with respect to; 9 y

1

OF(r, 1) Y 3
_ —aaty . o
o =Kio(e i) 0sf
N 5
08F
. —at;\2 =
€xp T 942 Z(” ¢ 13) E o
j=1 T=,0.7 :—
(o1 — fia, )? 2 o6k
- €Xp —T . (35) 2 -
Ton S o5k
. Qo0sk
Similarly ; - e [t gral Detector
P 204 —A—— Energy Detector
(r, o) :KOO_Q(e—agti — ) 2 ——7— Matched Filter
ar; ¢ S03F —OS— LRT
=5
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1 . —agt;\2 02
- eXp —F Z (71 —C ) —
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- exp [—72 5 . (36) 0001 02 03 04 05 06 07 08 09 1
T o Probability of False Alarm (Pfa)

After combining constantgi(r;) can be expressed as
Fig. 5. ROC of simulations of various detection algorithms for multichannel

9 ap af time-domain EMI sensor data with uncertain decay rate and uncertain initial
h(%‘) =KoK,o magnitude of target and clutter. Distribution of decay rateis N (2.1,0.2?)
al al and forayg is N(2.5,0.22). The distribution of the initial magnitude for target
r N A,isN(220,202) and for clutterB is distributed asv (210, 402). Circle: LRT;
1 oy gradient line: matched filter, delta: energy detector; square: integral detector.
Z ( a1tj)2
exp | —=—— i —e
202
i=1
T Because exponential functions are always positive, the first
"exp |5 (r; — e“’otf)ﬂ four terms of the integrand of the integral in (37) are always
- ) ) positive. The constant term associated with the integral is also
-exp _M} exp [_M} positive. Obviously, if the decay rate of the targetis always
203, 205, slower than that of cluttet, the fifth term in (37),(ec—*1t —
x (e7th — 7% day doy. (37) e~%),is also positive, s&(r;) > 0. Although in practiceq;
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Comparison of d? and simulation for threshold test
on single time sample data, fixed decay rate
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Comparison of d” and simulation for energy detector, fixed decay rate
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Comparison of d'* and simulation for integral detector, fixed decay rate
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Comparison of d"? and simulation for matched filter, fixed decay rate
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Fig. 6. Comparison of ROC'’s of the theoretidalvalue and simulations of various detectors for the fixed decay rate case. (Top left) Threshold test for single time
sample time-domain EMI sensor data. (Top right) Integral detector. (Bottom left) Energy detector. (Bottom right) Matched filter for TD EMI sanBeitda

simulation; square: theoreticél.

TABLE I
THE THEORETICAL VALUES OF d’? FOR VARIOUS PROCESSORS AND
KNOWN/RANDOM PARAMETER ENVIRONMENTS

Fixed Parameter Random Parameter
Matched Filter 1.12 0.87
Energy Detector 0.73 ~0.72
Integral Detector 0.42 0.38
Threshold Test on 0.22 =~0.22
Single Time Sample

can be divided into four sub-areas, and each sub-area can be
integrated separately. Léf = KoK;02. Thus,K > 0

ay af ay
hir)) =K / / (-) dayy +/ (1) day p dag
o of o

g ) ay
ay (yl1 (yé
(38)

It is easily shown that for the first, third, and fourth integrals in
(38), the integration is over an area in whigh is always less
thanc«g. Thus, integration in these three sub-areas contributes
positive or nonnegative value to(r;). In the second integral

is notalways smaller tham, we have assumed the relationshipg (38), a; anday are integrated over an identical region. Let
Of fia, < pay, @ < @ < af < af. The integration area p,(r;) represent the second integral in (38) after neglecting the
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Comparison of d” and simulation fo rthreshold test
on single time sample data, random decay rate
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Comparison of d*¥ and simulation for energy detector, random decay rate
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Comparison of d” and simulation for integral detector, random decay rate
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Comparison of d*’ and simulation for match filter, random decay rate
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Fig. 7. Comparison of ROC of the theoretiedf value and simulation of various detectors for the random decay rate case. (Top left) Threshold test for single
time sample time-domain EMI sensor data. (Top right) Integral detector. (Bottom left) Energy detector. (Bottom right) GLRT/matched filteddomgimeEMI

sensor data. Delta: simulation; square: theoretital

positive constank’. The integration area can be further divided
into upper triangular and lower triangular portions (Fig. 2 illus-
trates how the integration areas are divided.) Thereforg;;)
can be written as

hQ(TZ‘)

1 —art;\2
x| 5 | D (=)
L ’7:1
0
. — i\2
P g (2 e aats)
J=

_ 2 _ 2
exp {_M} exp {_M} dewy dexg
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20a1 o

af a
+/ / (7t —em™h)
! !
] i}
_ N

- exp

- exp

1
o | ey
L ? j=l1
- : N
g |2y
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Then, keeping the first integral in (39) the same and exchanging — oxp | — uil _ Hag
variablesw; andag via a change of variables in the second in- - P agl oo
Fegral in (39), and changing the integration limits correspond- aigio + aggil
ingly, h2(r;) becomes R Iy O I

Q1T Qo

hQ(T

2 2
Moy X0 g, T fay, 104,
exp

2 2
aalaao

i)
af g
— —oat; _ —aot;
/afJ /afJ (e e )

aioy, +ajod,
) N 205,05,
o o—arti2 2 2
. eXp _ﬁ Z (7] 64 1 ) . exp |:I/Loq 04000024_ /;aooqa(yl:|:| ' (41)
L i=l1 aalaag
N o
Cexp | - S (g — oot y? Ifitis assumed jia, /jta,) > (02,/02,) > 1, thenyia, o2, >
Pl17552 |2 J Ita, 74, - Multiplying a positive value on each side of the in-
L =t ) ) equality @1_5 «p) in the upper triangular integration area for
Cexp |- (1 — ftay) } exp [_ (o — Pay) } devydavg v(al_, ), glves(ao—al)uaorfi1 > (ao—al)ualaio.ThIS is
L 202, 202 equivalenttquq, aoail—l—ualalago > ualaoago F e, 061021-
ay  pao . , Thus
+ / G—Oéo i e—Oél i
oy Jag ( : ex Hag 003, + Hay 0103,
i N P 0'2 0'2
1 ot @1 Qg
I ) z_:l (rj = e7%) > exp [ualaoaio;r l;aoalail} > 0.
L J= aalaao
N
1 —at; Also, because; < ap ando?2 < o2 | thena?(o ) <
ex _ r:—¢€ agt; )2 ’ 1 = 0. a; = “ag 1 ay) =
P17552 ; (r; ) ad(c?, — o2 ). This yields
exp _M} exp [_M} devy devy afol, +afol, < ajol, +afal,
i 202, 202 then
/a1 /ao (emout — emaot) alo? +ako? a2ol + oo
al Jal exp | ———20 0T 2“002 020 (y‘} > exp [——0 2“002 . ! 0.
- N [eTiRals 51 g~ o
1 . L
e Z (r; — e 1t)2 Thereforep(ay, o) > 0. Theniz(r;) > 0. Tothis point, ithas
L 2a j=1 been shown rigorously that all the terms in (38) are positive or
i 1 N nonnegative under the assumptions made above. g, >
. —agt; 0.
“eXp | —5— r; — e o0t )?
202 ; rs ) More generally, whem! = of =0, a* = a¥ = +oc,
T (0r— tay)? (20 = ftay)? Alra) = halri) 2 0.
. |:eXp {—1—2‘“} exp {—0—2"0} At this point, we have provefiA/dr; > 0. Next, consider
204, ) 2044 8z/0r;
(Oéo — NG1)
- e - T a 9 ~ ~
Xp[ 202 02 _ mtorti _ gmioati 5 0] (42)
2 or;
- exp —7(061 = ftou) doa dov. (40) i .
202, Given (28),0\/drr > 0 anddz/dr; > 0, thend\/dz is non-

. S _ . negative as well. Therefore, this makes the relationship stated
In (40), the integration is in the upper triangular portion, wheri the proposition proved, i.e., the LRT and the GLRT/matched
a1 < ag,80e¢” % —em*% > 0. The second and third termsfilter are essentially the same for this problem and provide the

of the integrand of (40) are exponential functions. Thereforesame performance.
they are always positive, and the fourth term, represented by

v(a1, @), can be simplified to V. REQUIREMENTS OFNOISE VARIANCE FOR DIFFERENT
5 5 DETECTORS TOACHIEVE A PARTICULAR PERFORMANCEL EVEL
v(ay, ) = exp [— ’:;” - Z;O} It is of interest to determine what noise level is required to
o, ;0 2 o achieve a particulaF; and Py, for different signal processing
. [exp {— - l;"‘ Q- ’;"0%} techniques using the appropriate sensor data. With this motiva-
205, 205 tion, we investigated the required noise variance for each de-
— exp {_ a3 — 2pa, a0 . of — 2%0@1” tectqr in order to achieve a pre-determined performance using
202 202, multichannel EMI sensor.
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(a) ROC for fixed decay rate case (b) ROC for fixed decay rate case
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Fig. 8. ROC for various processors at the theoretically calculated noise variance required, achieving (0.1, 0.7) performance. (a) Entiierdaeded(lsgrsion
of (a).

P, and Py, are defined as [13], [14] Similarly
Py = L f(z|Hy) dx Pro = cerf<m> ) (46)
oo 90
P, = Hy) dx. 43 . . . . .
! L f(x|Ho) da (43) The value of noise variance required to achieve a partidgjar

If the outputs of the detectors follow a Gaussian distribution,?tndpf“ c:m be gbZaéned by.tliable :QOZ'IUng]' Forthc? other de-h
is possible to theoretically calculate the value of noise varian tors, (45) and (46) are still applicable. Corresponding to eac

. 5 5 .
required for known parametetsa,, andey. For the matched 9€teCtor, appropriatey, o1, i, ands;g values are substituted

filter in the known parameter casejs Gaussian-distributed as'Nto (45) and (46).

derived above (Section I1I-A1). The distribution efunderH; For the random parameter case, no explicit expressiafifor
is z|Hy ~ N(uy,0?), where and P, could be derived, thus no calculation of the theoretical
IR WAl

noise variance was made. However, the variance can be esti-

p = Z (em 1t — gm0ty ot mated through simulation. Table | lists the noise variance re-
i quired to achieve®;, = 0.1 andP; = 0.7 for both a fixed and
o2 = Z (emoti _ pmaoti)2,2 a random parameter case.

The values in Table | were obtained by using sighat =1t
for H, andAge®t for Hy. Here,t is a 20x 1 vector of [.3525,
4275, 525, .6475, .8025, 1.003, 1.258, 1.583, 1.998, 2.525,

%

and undetH z|Hy ~ N(uo, o), where

o = Z (emti — gmoti)gmanti) 3.198, 4.055, 5.148, 6.543, 8.323, 10.59, 13.49, 17.19, 21.90,
P 27.92] measured ims and 4; = Ay = 220 (equivalent to
o2 = Z (e=outi — gm0ti)2,2 usingA; = Ay = 1). In the fixed parameter case; = 2.1,

andag = 2.5. These values are chosen based on the DARPA
experimental data [5]. In the random environment case;
N(2.1,0.2%) andag ~ N(2.5,0.2?). These values and distri-
P, = /°° 1 ox {_ (z — M)Q} dr.  (44) butions were again chosen based on the statistics of real data.
v /2707 207 From Table I, it can been concluded that to achieve a particular
. level of performance for either the fixed or random parameter
Upon lettingy = (z — 4u1)/o1 case, the matched filter can always withstand the highest noise
. /oo 1 o~ /2) dy = cerf<’y — m) (45) level among the four alggrithms investigated. Additionally, an
(o for) V2 energy detector can achieve the same performance as an inte-
. . ! gral detector under a higher noise level, or lower SNR. In ad-
where cerf-) is the complementary error function defined by dition, as we expected if the environment is known exactly, the
< 1 2 algorithms can afford lower SNR. In practice, however, the en-
cerf(z) :/ @/2) g,

%

o © vironment is always uncertain.
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(a) ROC for random decay rate case (b) ROC for random decay rate case
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Fig. 9. ROC for various processors at the noise variance estimated from simulations to achieve (0.1, 0.7) performance. (a) Entire scale. (®rEplaxgfed

(a).

VI. SIMULATIONS as the initial amplitude are random is shown in Fig. 5. Again, the
LRT and the GLRT exhibit the same performance.

Simulations for EMI sensor data using different detection Next, the theoretical calculation @f2 and simulation re-
strategies were implemented. The synthetic data was obtairgfls for the processors were compared. Table Il listsdtRe
by adding Gaussian white noise to an exponentially dampg@giues for each of the detection algorithms under both fixed
signal. In the parameter-known case, the decay rate of the targgd random parameter cases. Figs. 6 and 7 compare the ROC's
oy is 2.1, and that of clutteso is 2.5. Those values were chosefyenerated for the Gaussian detection problem with the calcu-
by inspecting histograms of the decay rates from targets agd /2 values and simulation results. ROC's for the theoret-
clutter obtained from DARPA data, and they are the empifca| values match the simulation results consistently in all cases.
ical MLE. For the random parameter case, the distributions Qbte that when the variances of the decay rates of target and
the decay rate and noise variance were also estimated fromdhgter are small, the uncertainty has almost no effects on the
DARPA experiment data. performance'

The various signal processing approaches have been imagain, Table | lists the theoretical noise variance required to
plemented on synthetic data. Figs. 3 and 4 show the ROGghieveP;, = 0.1 andP; = 0.7 for the fixed parameter case
for the integral, energy and matched filter detectors and th@d the estimated noise variance required to achieve the same
threshold detector of single time sample data (at the sampl&formance for the random parameter case. These estimated
time that maximizes the performance) for both fixed paramet@flues were determined by adjusting the noise variance during
and random parameter cases, respectively. As expected, tHt€simulations. Fig. 8 shows that the ROC curves for the var-
performance of the LRT/GLRT is better than that of energyus algorithms at the theoretical required noise variances for
detector, which in turn is better than the integral detector, amb fixed parameter case. It can be seen that the ROC curves
the performance of threshold detector using single time samplgproximately cross the point (0.1, 0.7), indicating the simu-
data is the worst among all the detectors considered, since ons verify the theoretical calculations. Fig. 9 shows similar

remaining detectors use multiple time samples of EMI daROC curves for random decay rates with the simulated noise.
as their inputs. Additionally, Fig. 4 shows the performance

of the LRT when parameters are uncertain, in which Monte
Carlo integration was used to compute the integrals in (15).
f(r|Hy) = z,@; f(r|Hy, air)/M was used to evaluate the We have presented results which indicate that a detection
integral in the numerator and denominator of (15), whei® theory based approach (LR test) can be used to improve the
1 or 0, v is chosen from Gaussian distributions with meangetectability of land mines and small UXO objects using EMI
and variances stated above. One thousand iterations were usatbors over standard thresholding techniques. In [3], the
when calculating the integral. results were verified by implementing the processor on real
Itis clear that for the random parameter case, the ROC for thregne and clutter field data, however, only a few targets were
LRT is equivalent to that of the matched filter (GLRT), whictpresent in that case. In this paper, simulation results for each of
agrees the theoretical derivation presented in Section lll. Ftine processors also verifies the improvement obtained using a
thermore, a simulation obtained when both the decay rate as weliT detector. Figs. 3 and 4 show that regardless of whether or

VII. DISCUSSION
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not the parameters are known constants or random variableg6] G.D. Sower and S. P. Cave, “Detection and identification of mines from
an LRT/GLRT/matched filter of multichannel time-domain natural magnetic and electromagnetic resonance$tac. SPIE vol.

. 2496, Orlando, FL, Apr. 1995, pp. 1015-1024.
EMI data always prowdes the best performance among theﬁ] N. Geng, P. Garber, L. Collins, L. Carin, D. Hansen, D. Keiswetter, and

algorithms investigated here, and an energy detector performs L. J. Won, “Wideband electromagnetic induction for metal-target identi-
better than an integral detector. The optimal detector on single ~ fication: Theory, measurement and signal processing,” Tech. Rep., Duke

. . . h Univ., Durham, NC, 1998.
time sample of time-domain EMI data is the threshold test, and[B] C. E. Baum, “Low-frequency near-field magnetic scattering from highly,

its performance is worst among all the detectors considered in  but not perfectly, conducting bodies,”, Albuguerque, NM, Phillips Lab.
the paper. This indicates that developing a new sensor which _ Interaction Note 499, Nov. 1993.

id f the ti d in d Id 9] V. Das, J. E. McFee, and R. H. Cherry, “Time-domain response of a
provides more of the time-domain decay curve could prove sphere in the field of a coil: Theory and experimerlEEE Trans.

advantageous for improved landmine detection. Geosci. Remote Sensingl. GE-22, pp. 360-367, July 1984.
To avoid computational expense, the GLRT is often used a0l Y. Das, J. E. McFee, J. Toews, and G. C. Short, *Analysis of an elec-
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f the d York: Wiley, 1968.
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Future work will involve incorporating more environmental 1965.
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expected. Wesley, 1989.

ACKNOWLEDGMENT

The authors would like to thank Dr. L. Carin, Dr. R. Dugan,
Dr. T. Altshuler, V. George, Dr. L. Nolte, and Dr. S. Tantunting Gao(S'97) receved the B.S. and M.E. degrees (honors) in electrical engi-

. . . . neering from Beijing University, Beijing, China, in 1993 and 1996, respectively,
for helpful discussions regarding this research. They are Pghd the M.S.E.E. from Duke University, Durham, NC, in 1997, where she is cur-

ticularly grateful to Dr. A. Barnes for his generous help on thently pursuing the Ph.D. degree in electrical and computer engineering.
mathematical Iegality. Since 1997, she has been with Duke University as a Research Assistant. Her
main research interests are in signal detection and estimation theory, statistical
signal modeling and processing, and applied electromagnetics.
REFERENCES

[1] A. M. Andrews, V. George, and T. W. Altshuler, “Quantifying perfor-
mance of mine detectors with fewer than 10 000 target?tat. SPIE
vol. 3079, Orlando, FL, Apr. 1997, pp. 273-281.

[2] P. Gao, “Improved approaches to land mine remediation using sigriagslie M. Collins (§'83—M'96) was born in Raleigh, NC, in 1963. She received
detection and estimation theory,” M.S. thesis, Duke Univ., Durham, N@he B.S.E.E. degree from the University of Kentucky, Lexington, in 1985, and
Dec. 1997. the M.S.E.E. and Ph.D. degrees in electrical engineering from the University of

[3] L. M. Collins, P. Gao, and L. Carin, “An improved Bayesian decisiorMichigan, Ann Arbor, in 1986 and 1995, respectively.
theoretic approach for land mine detectiolffEE Trans. Geosci. Re-  She was a Senior Engineer with Westinghouse Research and Development
mote Sensingrol. 37, pp. 811-819, Mar. 1999. Center, Pittsburgh, PA, from 1986 to 1990. Since 1995, she has been with the

[4] P. Gao and L. M. Collins, “Improved signal processing approaches f&ilectrical and Computer Engineering Department, Duke University, Durham,
landmine detection,” iflProc. SPIE: Detection Technologies for MinesNC. Her research interests include incorporating physics-based models into sta-
and Minelike TargetsOrlando, FL, Apr. 1998. tistical signal processing algorithms, and she is pursuing applications in subsur-

[5] V. George, T. Altshuler, A. Andrew, J. Nicoll, E. Cespedes, D. Butler, Tiace sensing and applied electromagnetics, as well as enhancing speech under-
Broach, and R. Mehta, Background Data Collection Plan, Defense Adtanding by hearing impaired individuals.

Res. Projects Agency (DARPA), Def. Sci. Office, Arlington, VA, Dec. Dr. Collins is a member of the Tau Beta Pi, Eta Kappa Nu, and Sigma Xi
1996. societies.



