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An Improved Bayesian Decision Theoretic
Approach for Land Mine Detection
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Abstract—A rigorous signal detection theoretic analysis is formance over that obtained with the more standard integrated
used to improve detectability of land mines. The development time- or frequency-domain measurements (EM61).
is performed for sensors that integrate time-domain information Using signal detection theory, the physics of each of the

to provide a single data point (standard metal detector), those . - -
that provide a sampled portion of the time-domain waveform, EMI systems is incorporated into the detector explicitly. The

and those that operate at several discrete frequencies. This Signal detection-theoretic approach prescribes a method for
approach is compared to standard thresholding techniques, and optimally processing the signals for detection and identifica-

it is shown to provide substantial improvements when evaluated tion in an uncertain or random environment. When applied
on measured data. correctly, this approach guarantees optimal performance in the
Index Terms—Bayes procedures, data processing, electromag-sense of minimum probability of error, or maximum detection
netic induction, signal detection. rate for a given false alarm rate. Additionally, signal detection
theory can be used to incorporat@riori knowledge concern-
ing the set of values that parameters of the environment or the
. ) _ . signal can take on. This approach provides both an improved
HE GOAL of any detection system is to achieve a higQgtection algorithm and quantitative performance evaluation
detection rate while minimizing the number of falseneasyres in the form of a functional relationship between

alarms.. While many mine detectors .a.c.hieve the first of theﬁﬁ)bability of detection P,;) and probability of false alarm
goals, it is often at the cost of a prohibitively large false aIarg

I. INTRODUCTION

i i ; 'ra), termed the receiver operating characteristic (ROC). We
rate. This often results from the fact that mine detectors sim esent results in which the statistical, Bayesian approach

seek anomalies, which may occur as a result of mines Qpnisicantly outperforms (lowet?;, for the sameP;) the
clutter, and do not incorporate any knowledge of the statisticynqard threshold detector on the data obtained from the
of the sensor response to mines and clutter. In this papgi\rpA backgrounds clutter data collection experiment [1],

a Bayesian decision-theoretic approach to the detection gfi-h was sponsored by the Defense Advanced Research
mines is presented that incorporates the statistical propertﬁ%jects Agency.

of both the target and clutter. Results are presented for threq, the remainder of this paper, the data and the sensors

different classes of electromagnetic induction (EMI) deviceg;a¢ were used for this analysis are described. The underlying
integrated time-domain, time-domain, and frequency-domai,ysics of the EMI sensors is reviewed briefly and followed
Detectors for each class of device are derived theoretic Y a discussion of the detection strategies. In addition to

and evaluated based on data obtained in the field. In pakscribing the Bayesian detection strategies, the standard tech-
ticular, we consider the Geon_lcs. EM61, an integrated timgi;e5 commonly applied to the data are described and their
domain, pulsed-induction device; the Geonics EM61-3D, @|ationship to the Bayesian techniques are addressed. Finally,

prototype, muI’tichanneI time-domain, pulsed-induction devicg,q resyits of the Bayesian and standard detection techniques
and Geophex's GEM-3, a prototype, broadband, freqUengy; each of the three sensors are discussed.
domain device. Our first goal is to determine whether, at a

fixed detection rate, a Bayesian decision-theoretic approach I
substantially reduces false alarm rates relative to the standard ]
thresholding techniques commonly used on such data. InfEM! Systems generally operate at very low frequencies
addition to determining whether such an approach is usefgil MHz) atwhich the displacement-current component to the
for mitigating false alarms, we investigate the degree Rf@r-field loop-induced fields can often be ignored. Therefore,
which additional knowledge of the time- or frequency-domaiUch systems are relatively insensitive to dielectric discon-
signatures (EM61-3D and GEM-3, respectively) could be usdiguities and primarily sense changes in conductivity and

within the same Bayesian detection framework to improve pdtermeability. Thus, EMI systems are of primary use for
the detection of mines with substantial metal content, or

. . . _ for unexploded ordnance (UXO), which generally contain
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wideband frequency-domain, EMI systems afford the potenti@ddelihood ratio test reduces to the standard threshold test.
for target discrimination, which mitigates the need to dig udowever, when these assumptions are not met, a threshold
each piece of metal detected. In particular, it has been shotest is not, in general, optimal.

[2]-5] that the pulsed-EMI responsg(t) from a general In order to effect a likelihood ratio detector, it is necessary

conducting, permeable target can be expressed as to obtain a valid estimate of the probability density functions
M of the data undeH; and Hy. Under ideal conditions, in which
s(t) = Z An exp(—ant). (1) both the clutter and targets are completely homogeneous,
n=1 s(t) = exp(—aqt) underH; ands(t) = exp(—aot) underH

Thus, the target response is characterized as a sum(@f is thus representative of the target, whilg is induced
M-weighted, exponentially damped modes. In practice, tiwy the background, e.g., soil). In this case, and «y are
lowest mode dominates the response, and only one exponeriigumed to be constant and known. Under these assumptions
term ;) need be considered. Moreover, theoretical arahd assuming that the sensor is subject to additive Gaussian
experimental data demonstrate thatis unique to each metal noisen(k), with zero mean and known varianeg, then under

type and is a function of conductivity and permeability. 1¥; the received signal, is

is this phenomenon we wish to exploit to distinguish targets Ne1
from clutter. The amplitude of the responge corresponds to - Z [exp(—a (to + kAE)) + n(k)] (5)
the excitation level, and it is a complicated function of, among b0

other things, the distance between the target and sensor ang . . .
. . L and underH, the received signal is
the orientation of the target. In this initial work, we chosée

to normalize the amplitude of the response to unity to focus N-1

on the discrimination capability inherent in the decay rate, as r=" [exp(—ao(to + kA) + n(k)]. (6)

well as to avoid uncertainty in the target to sensor distance. k=0

Thus, hereafterA; = 1. (The variances? was computed from the data described in
Section IV-A by calculating the variance in the responses

IIl. DETECTOR DESIGN obtained when the measurements were obtained at a

single location multiple times prior to the beginning of

A. Integrated Time-Domain Sensors the data collection.) Under these assumptions, the density

| der to i detect ; .dfunctions follow a Gaussian distribution, aFf(r/Hy) ~
In order to improve detection performance, we consi r(Kl’ No?) andp(r/Ho) ~ N(Ko ~ No?), where K, —
utilizing signal detection theory to incorporate the statistics N—1

N-—1
. . : o exp(—ay(tot+kAL)) and Ky = >, exp(—ap(to+
=0 k=0
the tz_irget and clutter into the detector deS|gn.The signal modj; #). When K3 > Ko, the threshold detector is in fact
that is adopted assumes that the sensor integrates the volg\
. . . . o imum.
induced in the receive coil from an initial timg to some

. ) . . : . 2) Unknown Parameter CaséiVhen the parametersy;
final timet; by sampling the received signal and summing thgnd ap are not known exactly, or are known to vary spatially
samples to a scalar valug i.e., ' X

the probability density distributions under the two hypotheses
= will not be as described above. Since targets and clutter are
5= Z exp(—ato + kAt)) (2) rarely homogeneous, we expect that these assumptions are
k=0 not met in practice; this was confirmed upon inspection of

whereto + (N — 1)At = #,. Finally, it is assumed that the e EMe1 data from the DARPA study. In this case, the LRT
sensor is subject to additive noisgk) at each sample point ,o.omes [6]

so that the received datacan be modeled as

N-1 r/Hy, @)plen) doy
;= kzzo [exp(—a(to + KAL) + n(k)]. 3) Ay / p(r/ Yp(en)

-/ Hy, d
1) Known Parameter CaseThe detector will be formu- /p(T/ 0 @o)p(ao) dxo

|?.ted in terms of a binary hypothesis test assuming equ%erep(al) and p(an) are the probability density functions
likely hypothesesH; denotes the target-present hypomes'ﬁescribingal and ao, respectively.

and H, denotes the null, or no-target-present, hypothesis. The, the mine detection problem, it is usually possible to
likelihood ratio test (LRT) to be performed on the receivefe,elop estimates of these probability density functions prior
datar is defined as to initiating the detection process either by gathering data and
AQr) = p(r/Hy) (4) estimating the density functions, or by employiagpriori
p(r/Ho) information regarding the metal content, and thus decay rates,
wherep(r/H;) andp(r/H,) are the probability density func- of the targets in question. In this instance, the former approach
tions describing the received data undfi and H,, re- was taken, both since a “calibration area” was provided in the
spectively [6]. If A(r) > 6, whereé is a threshold set to data set (see Section IV-A for a description) and the statistical
achieve a certain false alarm rat;, is chosen, whereas, if nature of the clutter process was expected to vary across the
A(r) < 6, Hois chosen. Ifo(r/H;y ) andp(r/Hy) are Gaussian data collection sites. In order not to overfit the measured data,
distributions with identical variances, but different means, tite parameters of either a Gaussian model (i.e., mean and

(7)
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variance) or a uniform model (i.e., upper and lower limits) Because probability density functions are always greater
were estimated from the data. This approach was followed filan or equal to zeroi(r) is always greater than or equal
all of the sensors. In all cases, the performance did not vargyzero if the first term of the above equatiefr;) — s(ap)
significantly as a function of the statistical form of the modet greater than zero. Whemn, < «y, the first term is positive
that was used. andh(r) > 0. If «; is not always less thany, but the mean

To simplify the notation, les(cw) = > r_o exp(—ay(to+ of p(ay) is less than the mean gf«y), the double integral
kAt)) ands(ag) = Eﬁ:—ol exp(—ao(to+kAt)). For the case can be divided into four areas of integration as
of additive white Gaussian noise, the LRT can be expressed as

/:% exp <—M>p(oq)dal /a(;l </Q:O ()doq +/;1 ()da1> devo

0

L 2No? ol ol o
Ar) == : . ®) + [ < "Odaa+ [ ()da1> doo.  (12)
/L exp <%)p(ao) dag /‘lf /‘lf /‘lé

0

In the first, third, and fourth integralsy; < a9, So these

where the limits of integration, af, a§ andad are deter- contribute only positive area t(r). For example, in the first

mined from the appropriate density functions and may be plingegral,af < a1 < af andaf < ap < of; thus, a1 < ao.

or minus infinity in some cases. In the second integral, the fact that and g are integrated
Although this integral can be calculated via Monte Carlever identical regions, coupled with the additive nature of and

integration [7], we will prove that when the mean of the&imilarity in form of s(a;) ands(ao) results in a contribution

density function ofa; is less than the mean of the densitpf zero from this term since

function of aq (i.e., responses to targets decay more slowly ..v ..V [N=1

on the average than responses to the background or clutter)/ / [Z exp(—an (to + kAL))

this likelihood ratio is a monotonic function ef and therefore ay Jag

k=0
r is a sufficient statistic [6]. Thus, if the likelihood ratio is a N-1
monotonic function of-, a threshold test of the received data is — Z exp(—ag(to + kAL))| day dag
optimal, even when the parameters of the data are uncertain. To k=0

prove this relationship, we take the derivative of the likelihood af [NZ1 ol

ratio with respect to the received dataand show that it is —/ [Z /r exp(—ay(to + kAt)) dog
always greater than zero. Writiny(r) asA(r) = f(r)/g(r), Y0 Lk=0 7%

we need to demonstrate that N-1 /

h(r) = <% f(T))g(T) - f(r)(% g(T)) >0, (9) B kz=0

=0. (13)
Taking the appropriate derivatives

1 exp(—ag(to + kAt)) doco] don

fe3

Therefore,i(r) > 0 for the previously noted assumptions on

ol “2r — () the parameters involved. ' . '
hr) = / —aNgz | oXP This analysis has shown that, for integrated time-domain
af g sensors, such as the EM61 operating under the assumption
(r —s(a1))? ag of Gaussian sensor noise with known statistics, the optimal
<‘W)p(“1)do‘1 /L €xp processor for the detection of targets is a simple threshold
5 o statistic. This result follows directly from the likelihood ratio
<_M>p(ao) deo when the target and clutter responses are known exactly.
2No? However, even under conditions of uncertainty, as long as the

ag —2(r — () rate of decay of target signatures is slower on average than
- /,, IN 2 exXp that of clutter, the likelihood ratio is a monotonic function of

0

the integrated response, and thus the optimal processor is still

OéU . . .
<_(r - s(oeo))2>p(a0) deo / " exp a threshold test. It will be shown in the next section, however,
2No? ok that, if the entire signal is available for processing, the optimal
(r — s(a))? processor is not a threshold test performed on the integrated
TToNgT plar) day. (10) data values.
Simplifying, and combining the integrals B. Time-Domain Sensors
1 af  pag In addition to incorporating a model of the received wave-
h(r) = NoZ /r /r (s(c1) — s(ao)) exp form into the detector formulation, we exploit the fact that
o "0'2 ) an EMI device is effectively a “change detector,” as long
<_(7’ — (1)) ) exp <_(7’ — s(an)) ) as the size of the objects of interest are small with respect
2N g2 2No? to the spacing of the response measurements. This approach

- plo)ple) do dog. (11) implicitly incorporates the assumption that the background
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clutter is spatially correlated. For simplicity, it is assumedharacteristics are slowly varying in space. Note that, although
that, when no target is present, the statistics of the respongés approach is not appropriate without modification for
at two adjacent points are the same. However, if a small metafgets that extend across multiple spatial locations, it is useful
and/or permeable target is present, the response at the twdielp screen out clutter items that are extended in space.
locations will necessarily be different. The target must be sm&@iven these assumptions, und&p

with respect to the spacing of the response measurements to

ensure that target responses are not observed at sequential s2,y(k) = sz, y—-1(k) 17)
measurement locations. or equivalently

By taking this approach, it is not necessary to specify the
target response exactly, as would be the case for a matched 0z, y(k) = g, y—1(K). (18)

filter [6]. This approach also avoids limiting the detector t .
; . . nder the target hypothesi&,;, s, ,_1(k) ands, ,_1(k) are
searching for a particular decay rate, which corresponds%& identical. such that

looking for a particular type of metal. Instead, this approach

allows the uncertainty in the ground surface, composition of g, (k) # ag, y—1(k). (29)
the mine, and its placement in the surrounding environment to o ]
be incorporated into the design of the processor. Based on these preliminaries, the nature of the received
Let 7, ,(k) be the normalized, sampled, received signal §9na r,y(k) at locations{z, y} and {z, y — 1} may be
location {z, ¥} on a site, where determined. Undet,
Ta,y(k) = $2,y(k) + na, y (k). (14) T2,y (k) = exp(—ao(to + kAL)) +ng,

. . . . . 7’,;7y,1(/€) = eXp(_ao(tO + kAt)) T N, y—1 (20)
Again, n,, ,(k) is assumed to be a white Gaussian noise _ _ o
process with known statistics associated with the sensor, aHadere n.., is assumed to be an independent, identically

as before distributed Gaussian random process with zero mean and
known variances? (estimated as described in the previous
sz,y(k) = exp(—au, y(to + kAL)). (15) section). UnderH;
Note that under the no-target, or null hypothesig), ¢ , is 7o y(k) = exp(—oq(to + kAL)) + 1z, y

associated with the response of the ground, ora clutte_r object, T y—1(k) = exp(—ao(to + kAL) + g, y—1.  (21)
whereas under the target hypothedis, «, , is determined
by the target response. H. , = a1 is a single, known Again, the LRT for the received data vectois defined as
constant for targets, and a different, known constant for clutter H

. . . - _ p(r/Hi)
(cg), the optimum test is a matched filter [6], or correlation Alr) = p(v/Ho) (22)
receiver, in which the received signal is correlated with the P 0
difference between a decaying exponential due to a target avitkrep(r/H;) andp(r/H,) are the probability density func-

that due to clutter, or tions of the received data vector undd; and Hy, respec-
N_1 tively. As before, whenA(r) > 6, H; is chosen, whereas
Alr, ) = P o (k) exp(—an (to + kA when A(r) < 6, Hy is chosen.
(o) kZ:O wBlexp(=afo 2 Since the distribution of the received sigmais dependent
— exp(—ao(to + kAE))]. (16) ©n the parameters; and «o under H,, and onco under

H,, and these parameters are unknown, if weslgt(k) =

It is important to note that, under these assumptions, thep(—a;(to + kAt)) ands,, (k) = exp(—ao(to + kAL)), the
optimal processing approach is a weighted sum of the receiMeRT becomes as in (23), shown at the bottom of the page,
data, and not an unweighted sum, such as that performedvilyere p(«) and p(«) are the probability density functions
integrated EMI sensors. However, modeling and experimengasociated with the decay times and «,. In this case,
results, such as those obtained in the DARPA experimeMpnte Carlo integration [7] is utilized to calculate the decision
indicate that the decay rates across targets and clutter sagistic specified above.
quite variable. Therefore, the matched filter approach is notThis decision statistic can be computationally expensive
necessarily optimal. since Monte Carlo integration of the integrals can, in some

An alternate approach can be obtained by assuming tlcates, take many iterations to converge. Therefore, the sub-
the operator travels linearly in thg direction, targets are optimal generalized likelihood ratio test (GLRT) has also
small with respect to the data sampling rate, and the terrdiaen formulated [6]. This formulation avoids the evaluation

// (H ox <_ Coga) ~ 308 ()= 5o <k>>2)>p(%)p(al) Jog dos

/ <1;[ exp <_ (7’x,y71(k2)02 Sao (k))? _ (T,;,y(/f)Z;Qsao(k))?))p(ao) s,

(23)
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of the multidimensional integration and results in a simplifiedthere A; ; > Ao ;. In this idealized case, the threshold
detector. In the GLRT formulation, the maximum likelihooddetector is in fact optimal.

estimate for each of the unknown parameters (in this ecase, However, in the case in which the parametets,; and
and«y) is used in the formulation of the likelihood ratio. For4, ; are not known exactly, or are known to vary spatially,

this problem, the GLRT has the form the probability density distributions will be more complicated
B — s 5 in general than described above. Since targets and clutter are
I] e <_ (re,y (k) = S“’Q’y( 1)) ) rarely homogeneous, we expect that these assumptions are

3 20 in general not valid (confirmed through data collected with

Ar)

- (12, y (k) — 82,y (K, 0))? (24) the GEM-3 during the DARPA experiment). To mitigate this
H eXp <_ 252 ) problem, two approaches have been taken. In the first, the
k density functions are estimated from the collected data, using
Here, 3, ,(k, a1) and 4,,,(k, ao) are the maximum likeli- both parametric [8] and nonparametric [9] approaches (similar
hood estimators [6] fos,. ,,(k, a1 ) ands,. ,(k, «o), and they 1O the approach used for the time-domain and integrated time-
can be estimated from the appropriate, (k). In this case, the domain sensors). These density functions are then used to form
likelihood estimator for the mean is simply the sample medfe likelihood ratio test. A second approach, which does not
[6] and this estimator in (24) is applied to the data obtaindgly so directly on the data, invokes the Gaussian assumption,
in the calibration area (see Section IV-A). with parameters assumed unknown. In this case, the likelihood

In order to determine whether the change detector fditio test becomes

mulation provides an improvement in performance over a

pixel-by-pixel Bayesian approach, the performance using the /p(”/(Hlv Ay, i))p(Ar i) dAy
likelihood ratio for the pixel-by-pixel case was also evaluated. A(ri) = (28)
In this case, Monte Carlo integration was used to evaluate /p(Tz‘/(Hm Ao, i))p(Ao, i) dAo,;

/H exp <_ o,y (k) = S0,y (&, al)>2)p(a1)da1 wherep(A; ;) andp(Ao, ;) are the probability density func-
" 202 tions for A; ; and Ag ;, respectively. Again, the parameters
Alr) = (ro. (k) — 54 4(k, 0))? *of these density functions were estimated from data taken in
/H exp <— Y nyL o )p(ao) daoyg
k

the calibration area for each site (see Section IV-A). More

207 specificall
25) pecifically
(ri — Ay,i)?
The GLRT formulation for the pixel-by-pixel analysis is / €xp <_T>p(A1:i) dAy,
equivalent to that shown in (24). In all cases, parameters of the Alri) = (ri — A1) - (29
a priori density functions, such ag«1), were estimated from / exp <—Z2720”>p(1407i) dAo
the data measured in the calibration area (see Sections IV-A 7
and [lI-A). Monte Carlo integration is used to evaluate the integrals in
the above equation.
C. Wideband Frequency-Domain Sensors The same two approaches were used to develop a detector

In order to effect a likelihood ratio detector for each of°" the full data set (in-phase and quadrature at 4050 and

the components of a frequency-domain sensor (in-phase &@0270 Hz). In the_first approach, the multidimensional density
quadrature measured for each frequency), as well as for {HBCtions are estimated from the collected data and these
entire data set, it is again necessary to obtain a valid estimg?é‘s'ty functions are then used to form the I|keI|h.ood.rat|o test.
of the probability density functions of the data undér and In the second approach, the Gaussian assumption is used, but

H,. Based on the data that were gathered with the GEI\W—e parameters of the distribution are assumed to be unknown.
3 system during the DARPA experiment, we will restrict
the development to the case in which data are measuredPatThreshold Detectors and Other Suboptimal Detectors
two frequencies, resulting in four components. If each of the |n order to address whether the complexity of the optimal
recorded components is a deterministic, known quantity for a#lceiver results in significant performance improvements, and
targets and types of clutter, and is subject to additive, zerercompare the results of the model-based processor to those of
mean Gaussian noise, denotedunder H,, the ith received other processors, several other simplified detection strategies
component can be modeled as are investigated. In these approaches, the physics of the target
and ground responses are utilized to reahzehocdetection
i =Avitn. (26)  sprategies [10]-[12].
In the case of the GEM-3,= 1 denotes the in-phase compo- . Wher) the cIu'tter anq target data follow Gaussian distribu-
nent at 4050 Hzj = 2 denotes the quadrature component Sions with identical variances, but different means, _the LRT
the same frequency, etc. Undép, theith received component reduces to the standa_rd thr_eshold test _fo_r unld!mensmnal data,
can be modeled as or to the mqtched filter in the muIt|d|menS|onaI_case. A
threshold test is commonly applied to EMI data, and it thus was
7, =Ao, + 7 (27) evaluated for the EM61 data, along with each of the individual
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Fig. 1. Typical site layout from DARPA backgrounds clutter data collection experiment.

components of the GEM-3. The detection performance ofReplicas of the calibration targets, along with synthetic UXO
matched filter was also analyzed for the EM61-3D. For thieems and land mines were emplaced in the red, blue, yellow,
matched filter, the received signal was correlated with ttend orange side bars on the site. A complete description of the
difference between a “known” signal (the “known” signal wasargets and their deployment can be found in [1]. In general,
extracted from the data of targets that were emplaced in tthe red lane consisted of copies of the registration targets, other
site) and the average clutter signal. Similar results to thotwagets for calibration, and system-stressing targets. The blue
described below were obtained for all “known” target signalside bar contained UXO and demagnetized spheres, the yellow
Under the hypothesis that the ground is less conductive thgide bar contained mines, IR calibration sources, and dielectric
potential targets, the rate of decay of the clutter signatureggets. The orange side bar consisted of a combination of these
will be faster than that of the targets (this neglects anthropid other targets. The total area of the blue yellow and orange
clutter with significant metal content). Several detectors majde bars was 1300 The calibration area consisted of a 30
be formulated to exploit this observation. One such detectsr 15 m portion of the red, blue, and yellow side bars. The
is an energy detector, which was applied to the EM61-3Pcations and descriptions of the targets in the calibration area
and the GEM-3 data. In addition, for the EM61-3D, a decajl4 of which could be seen by EMI systems) and the center
rate estimator was formulated. In the results presented heregaare (ten of which could be seen by EMI systems) were

least-squares estimate of the rate of decay applied [7].  released to the public, the remaining locations (blue, yellow,
and orange side bars) were not disclosed. In the analyses that

IV. EXPERIMENTAL DETAILS are described below, only data from the calibration areas and
the center square are processed to evaluate performance of the
A. Data various detectors.
The objective of the background clutter data collection
experiment [1] was to collect data to aid in the understanding
of the effects of clutter on system performance. During tHé Sensors
course of the experiment, data were collected using four typedn this paper, we consider data from three classes of EMI
of sensors: ground penetrating radar (GPR), EMI, magreensors: sensors that integrate time-domain information to
tometer, and infrared (IR). Data were collected at four sitgsrovide a single data point (standard metal detector), those
distributed over two locations (Fort Carson, CO, and Fotiat provide a sampled portion of the time-domain waveform,
A. P. Hill, VA). The locations represented three differenind those that operate at several discrete frequencies.
soil types, along with substantial variability in man-made The first system, the Geonics EM61, consists of a single-
contamination (anthropic clutter). Three of the four sites hashannel pulsed induction system with a 0.5-m transmitter coil
a small amount of anthropic clutter, while at one of the sitgssitioned approximately 0.3 m above the ground. Data are
(Fort A. P. Hill) the amount of such was substantial. In additioreceived in both the transmitter coil and a second receiver
to the indigenous anthropic clutter, a few synthetic calibratiatoil that is located 0.4 m above the transmitter. The system
targets, unexploded ordnance (UXO) items, and land minegerates at a center frequency of 75 Hz; the received signal is
were emplaced on each site. integrated from 0.18 to 0.87 ms after each transmit pulse, and
A typical layout for a test site is illustrated in Fig. 1. The siteéhe result, a single data point, is stored for later processing.
measured 125% 100 m and consisted of three areas: a centBrata were collected along survey lines spaced 0.5 m in the
square, side bars, and a calibration area. The center squaasterly direction and 0.2 m on the average in the northerly
measuring 100x 100 m, was intended primarily for clutterdirection.
characterization, although 15 calibration targets were placedThe second sensor, the Geonics EM61-3D, is a prototype
there to aid equipment calibration and location registratiothree-component time-domain induction system having a 1-



COLLINS et al. IMPROVED BAYESIAN DECISION THEORETIC APPROACH FOR LAND MINES 817

1 —= 1 |
—===- - - - _1'__
—
0.9 i |
-
0.8 [_1
!
0.7 ]
)
0.6} /_I
r—
-
05 [
o d
04 ——1
Likelihood Ratio Test 4

03l — — = — Threshold Test

' — — — — Likelihood Ratio Test - Single data point

——————— Energy detector
0.2 —r——em - GLRT
— — — — Decay rate detector

0.1 Change detector

P N T S TR SR TR R B P T T SN N T TN E S B

0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1
Pfa Pfa

Fig. 2. Comparison of threshold (dashed line) and likelihood ratio test (soldg. 3. Comparison of detector performance—EM®61-3D, firing point 20 site.

line) performance—EM®61, Turkey Creek site. Solid line = Bayesian change detector performance, dasheddifayesian
pixel-by-pixel detector, dotted linee GLRT performance, dashed-dotted line
= energy detector, long-dashed lire decay rate detector.

m square transmitter coil and three orthogonal 0.5-m receiver

coils positioned approximately 0.3 m above the ground. Thgonotonic function of the data (Section II-A) when the data
system operates at a center frequency of 7.5 Hz. Seng@é the integrated time-domain signals. Again, it should be
output is measured and recorded at 20 geometrically spaggfiphasized that this is not the case when samples of the raw

time gates, spanning a time range from 32 to 320 Data time-domain signal are available for processing.
were collected along survey lines spaced 1 m apart in the

easterly direction and at a rate of 3 samples per second,rTime-Domain Sensor: EM61-3D
approximately 0.2 m in the northerly direction. . . . .
The third system that was analyzed was Geophex's pro_The superiority of the single plxgl BayeS|an.processor,
totype GEM-3 sensor [13]. The GEM-3 is a monostatiéS co_mpare_d to standard thresholding and v_anadshoc
multifrequency EMI instrument. The GEM-3 can function agechmques, is demonsrated for the EM61-3D in Fig. 3. The

a time- or frequency-domain sensor; however, for the DARF&erormance of the GLRT processor is approximately equiv-
e

data collection project, the frequency-domain capabilities w geent tq that of the single-pixel Bayesian fqrmulathn. Itis
used exclusively. Data acquisition parameters for all fomterestlng to note that the energy detector is superior to the

test sites included a 10-Hz sampling rate and two trans ‘fi hoc processors based on the decay rate and the maiched

frequencies, 4050 and 12 270 Hz. The data used for detect Wr (not shown since the performance was aI_most identical
in the subsequent analysis consist of in-phase and quadra hat (_)f Fhe decay_-raFe_,\ p_rocessor), this is Ilkel_y a result
the significant variability in target and clutter signatures,

readings at each transmit frequency. Data were collected alo taken int t by eith ¢ tagl h |
survey lines spaced 0.5 m apart in the easterly direction arﬁﬁ taken into account by either o ocprocessors. In
dition, the Bayesian change detector formulation provides

0.17 m on the average in the northerly direction. a ) . .
improved performance over the pixel-by-pixel formulation.

Absolute performance of the different approaches varies across
sites, and it is poorest at Firing Point 20, Ft. A. P. Hill, VA,

In this section, the results of the different detection strategiksown to be the most cluttered site. The detection rate for
are discussed. The raw data were analyzed by dividing eahk Bayesian change detector formulation is larger than that of
site into an appropriate grid based on the sampling rate mbre standard approaches by a factor of between 1.4 and 2 at
each of the sensors, and then averaging all signals recoraefiked false alarm rate of 5%, depending on the site.
within each grid point. In the interest of space, data from only
one site is presented in the figures for each sensor, althou@hwideband Frequency-Domain Sensor: GEM-3
variability in performance across sites is discussed.

V. RESULTS

Fig. 4 illustrates the improvement in performance of the
Bayesian approach relative to standard threshold techniques
for the individual components measured by the GEM-3. Sub-

As was expected based on the analysis presented in Sectitamtial improvements are observed for all components except
IlI-A, Fig. 2 indicates no difference between the performandee 12 270 Hz in-phase component, for which the performance
achieved using the Bayesian processor and a standard threshihe two approaches is equivalent. In some cases, detection
olding technique. This results because the likelihood ratio isparformance at a false alarm rate of 5% can be improved by

A. Integrated Time-Domain Sensor: EM61
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Fig. 4. Comparison of detection performance—single components big. 5. Comparison of detector performance-fused (solid line) versus single
GEM-3, Firing Point 22 site. Dashed lines indicate detection performance f@@mponent (dashed line, 12 270 Hz in-phase) of GEM-3, Firing Point 22 site.
threshold tests, solid lines indicate Bayesian detector performance. Triangles

= 4050 Hz in-phase data, circless 4050 Hz quadrature data, squares

= 12270 Hz in-phase data, diamones 12270 Hz quadrature data. point. Using data obtained from the DARPA experiment, the

performance of the likelihood ratio processor and a threshold

a factor of two to three. Similar performance improvemeng(fjt.e ctto rdvrﬁ "ta tﬁvaluated a;pd Showg tto cl;)e.eqtilr\]/alel_rl;t_.r Th'j
were observed across all four sites, with some variability [poicate at the assumptions used 1o derive the an

absolute level of performance. In all cases, the 12 270 Hz d%"t%jquivalence to a threshold test were valid, at least for the

results in the best detection performance, regardless of {a in question. . _ . .

site. It is possible that the improved detection at 12270 Hz hen a sampled version of the induced time-domain re-
(over that at 4050 Hz) is a result of differences in skin-dep onse from the.ta'rge.t is available for processing, further
effects between target and clutter that are only observable qorgtlcal anaIyS|§ indicated thqt an integration of the time-
higher frequencies. This result suggests that careful select ain waveform 1S not the optimal f‘”f” of processing. Ir_1
of the transmitting frequencies [14], based on the physicst s case, the optimal processor was implemented and its

the underlying process, may allow additional improvementsterf?r:maﬂcfd \;vast cbor:]?ared n;; (r)]nly o the perft(;rr?arl]nce of
detection performance. e threshold test, but to seve ocprocessors that have

Fig. 5 illustrates the improvement in performance obtainé%?en s_ug_gegted in the Iiterature_[ll], [12]. The resglts of this
when the entire data set is processed using the Bayes lysis indicated that a Bayesian detector operating on the

approach, as compared to the best performance achievable exceeded that of either the threshold detector adiiec

a single component (dashed line, 12270 Hz, in-phase). T%téategles tested. In addition, a Bayesian approach developed

fused data set provides better detection performance acros%ﬁ'{?gt the notlpdn dthat sudc dh't' senls ors are eﬁec;nyel(;; ;:hfi.nge
sites than that achievable with a single component. etectors provided an additional improvement indetection

performance.
Similar results were obtained for a Bayesian detector de-
VI. CONCLUSIONS signed to process the measured frequency response from a
We have presented results which indicate that a rigorodarget. The form of the detector did not reduce to a threshold
Bayesian signal detection theoretic analysis can be usedtdst, and in all but one case, in which the performance of the
improve detectability of a set of targets, including land mingsvo detectors was equivalent, the performance of the Bayesian
and some small UXO objects using EMI sensors over standaletector far exceeded that of the threshold test. In addition,
thresholding techniques. A suite of EMI sensors was evaluated detector designed to process all of the frequency data
including those that integrate time-domain information tooncurrently performed significantly better than the detectors
provide a single data point (standard metal detector), thodesigned to operate on the single-frequency data. The results
that provide a sampled portion of the time-domain waveforrfrom this analysis indicated that detection performance is a
and those that operate at several discrete frequencies.  function of frequency and that careful selection of operating
Theoretical analyses of the statistical nature of the sigrfaéquencies may result in further improvements in detection
obtained from standard metal detectors indicated that timsrformance [14].
signal was in fact monotonic with the likelihood ratio. Thus, In the development of the likelihood ratios, probability
a threshold detector is the optimal processor for a sensor tHanhsity functions for the data, and for the parameters upon
integrates the time-domain waveform to generate a single datiich the signals depended, were required. In general, these
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density functions were derived from the data that was acquireid] Y. Das and J. E. McFee, “A simple analysis of the electromagnetic

by each sensor in a calibration area, in which the location of response of buried conducting object$ZEE Trans. Geosci. Remote

h K d the back d lutt Sensingyol. 28, pp. 278-288, May 1990. )

t e targets was nown an € Dackground, Or Clutier, Wgg) H. L. van Trees Detection, Estimation, and Modulation TheoryNew

typical to that contained in the remainder of the test site. York: Wiley, 1968. . ‘ ‘

To avoid “overfitting” the data, parameters of two generalm .\]/.eﬁégBe{ggBStatlstlcal Decision Theory.Berlin, Germany: Springer-

classes of density functions, a Gaussian and a uniform, weg B. w. 'Silverman,Densily Estimation for Statistics and Data Analysis.

estimated and the performance achieved using the different cN;e\g York: Chapman &tHa:I:' 19:36- | Estimati 4 Related Toni

density functions was compared to evaluate the robustneS3 N'ewoﬁjjﬁsmcv%?ragggc tnctional Estimation and Related Topics.

of the methodology. The performance of these systems was] Y. Das, J. E. McFee, J. Toew, and G. C. Stuart, “Analysis of an

0n|y slightly affected by the selection of the density function, ele_ctromagnenc induction d_etector for rea_l-t|me location of buried
: . oo . . : objects,” IEEE Trans. Geosci. Remote Sensingl. 29, pp. 343-344,

which is similar to results obtained in other studies [14]. It 5 1991,

was necessary, however, to estimate these density functi@rs A. C. Dubey, I. Cindrich, J. M. Ralston, and K. Rigano, Eds., “Detection

separately for each site, particularly for the clutter statistics, ffh/’lg':’gl'e;s_zf‘f e \"/"(;‘Id anlg‘g“ke targets,”Rroc. SPIE,Orlando,

since these statistics varied substantially across sites. Using@f a.'c. Dubey and R. L. Barnard, Eds., “Detection and remediation

estimate of the density functions based on one of the sites at a technologies for mines and minelike targets H,/Froc. SPIE Orlando,

; ; : FL, Apr. 21-24, 1997, vol. 3079.

different site usually degraded the performance substantiall 3] 1. J. Won, D. A, Keiswetter. and D. R. Hanson, “GEM-3: A monostatic
Although target responses to EMI systems have been studied proadband electromagnetic induction sensarEnviron. Eng. Geophys.,

both experimentally and theoretically [2]-[5], [10], it is only__ vol. 2, pp. 53-64, Mar. 1997.

. . . ] N. Geng, P. Garber, L. Collins, L. Carin, D. Hansen, D. Keiswetter,
recently that mUIt'Channel time- and frequencyfdoma'n sensé}é and I. J. Won, “Wideband electromagnetic induction for metal-target
have become available so that the Bayesian approach to identification: Theory, measurement and signal processing,” Tech. Rep.,
detector design can be exploited. The DARPA experiment Duke Univ., Durham, NC, Sept. 1997.
enabled a more complete characterization of statistics, thus
aiding in the design of such detectors. We have shown that the
approach provides improved detection performance over stan- . _ . _ _
dard detection technique. In addition, the results presented hgfigt® é:o(;"”s (M'96) was born in 1963 in Raleigh, NC. She received the
o . o . _B.S’E.E. degree in 1985 from the University of Kentucky, Lexington, and the
indicate that detection performance is improved if the entif@s.e.E. degree in 1986 and the Ph.D. degree in electrical engineering in
time-domain signal, or multifrequency data are utilized sinc@95, both from The University of Michigan, Ann Arbor.
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this §|IOWS epr0|tat|on of t,he phenomenOIOQy embeddgd enter, Pittsburgh, PA, from 1986 to 1990. In 1995, she became an Assistant
the signatures. The theoretical development of the statisticaiyfessor in the Electrical and Computer Engineering Department at Duke
based algorithm, along with the proof of concept application dhiversity, Durham, NC. Her current research interests include incorporating
the detector formulation to the DARPA data. combined to yie’awysms-based models into statistical signal processing algorithms, and she is

. ! . . pursuing applications in demining as well as enhancing speech understanding
encouraging progress toward the problem of mine detectioBy hearing impaired individuals.
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