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Abstract—n most field environments, unexploded ordnance |I. INTRODUCTION

(UXO) items are found among extensive surface and subsurface inth ited S d
clutter and shrapnel from ordnance. Traditional algorithms for HERE are many areas in the United States and many more

UXO remediation experience severe difficulty distinguishing outside the continental United States that are contaminated
buried targets from anthropic clutter. Furthermore, naturally — or potentially contaminated with unexploded ordnance (UXO).
occurring magnetic geologic noise often adds to the complexity of Several million acres of Department of Defense (DOD) ranges
the discrimination task. These problems render site remediation 2 payve been returned to civilian control without adequate UXO
xery slow, labor-intensive, and inefficient process. While Sensors .1oaance and several hundred thousand additional acres on
ave improved significantly over the past several years in their L .
ability to detectconducting and/or permeable targets, reduction ranges are returned to civilian control each year. In Fhe United
of the false alarm rate has proven to be a significantly more States alone there are 1900 formerly used defense sites (FUDS)
challenging problem. Our work has focused on the development and 130 base realignment and closure (BRAC) installations that
of signal processing algorithms that incorporate the underlying need to be cleared of UXO. Using current technologies, the cost
physic; characteristic of the sensor and qf the anticipated UXO of identifying and disposing of UXO in the United States is es-
target, in order to address the false alarm issue. In this paper, we 410 {0 range up 8500 billion. Site specific clearance costs
describe several algorithms for discriminating targets from clutter -
that have been applied to data obtained with the multisensor vary from $400/acre for surfacg UXO t81.4 mllllon/acre for
towed array detection system MTADS). This sensor suite has been Subsurface UXO. Thus, there is a clear need to effectively and
developed by the U.S. Naval Research Laboratory (NRL), and cost-efficiently remediate UXO contaminated lands, rendering
includes both electromagnetic induction (EMI) and magnetometer them safe for their current or intended uses. Development of new
sensors. We describe four signal processing techniques that incor- yxo detection technologies with improved data analysis has
porate features derived from simple physics-based sensor models:been identified as a high priority requirement for over a decade
a generalized likelihood ratio technique, a maximum likelihood -, . )
estimation-based clustering algorithm, a probabilistic neural Several _sensor moda_ll_tles_ are currently being ex_plored for
network, and a subtractive fuzzy C|ustering technique. These the deteCtlon and |dent|f|cat|on Of Surface and bur'ed UXO
algorithms have been applied to the data measured biTADS These include electromagnetic induction (EMI), magnetome-
in a magnetically clean test pit and at a field demonstration. We ters, radar, and seismic sensors. These sensors generally
show that overall the subtractive fuzzy technique performs better experience little difficulty detecting the UXO, thus detection
than the alternative techniques when the training and testing data -y, ot create the bottleneck that results in the high cost of
sets are separate. The results also allow us to quantify the utility L . . . .
of fusing the magnetometer and the EMI data, and we show that remed_latlng S_'tes' The primary contributor to the costs_ant_j time
performance is improved When both EMI and magnetometer aSSOC'ated W|th I’emedlatlng a UXO-COﬂtamlnated site Is the
features are utilized. The results indicate that the application high false-alarm rate associated with each of the sensors when
of advanced signal processing algorithms could provide up to a operated individually. This high cost results since the false
factor .Of two reduction in false alarm prObablllty for the UXO alarms requ|re d|gg|ng numerous nonordnance targets for each
detection problem. intact ordnance item recovered. Recently, the joint use of towed
Index Terms—Electromagnetic induction, magnetometer, sensor arrays of magnetometer and time-domain electromagnetic
fusion, statistical detection, unexploded ordnance detection. sensors in conjunction with GPS navigation has generated
high quality, digital georeferenced mapped data. With the
availability of such high quality data, advanced physics-based
computer data analysis tools have been developed and have
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a theoretical context as well as on field-collected data. TheThe MTADSmagnetic sensors are Cs vapor full-field mag-
goal of this effort is to apply an optimized set of algorithms toetometers (a variant of the Geometrics 822 sensor, designated
data collected in the field with a modern multisensor system @s the Model 822RQV). An array of eight sensors is deployed
order to investigate to what extent the false-alarm rate could &&a magnetometer array. The time-dependence of Earth’s back-
mitigated. ground field is measured by a ninth sensor, deployed at a static
The Jefferson Proving Ground (JPG) site was a 55000 asite during survey operations. The EMI sensors are deployed as
live fire testing range used from World War Il until 1994 [1],an array of three pulsed induction sensors and are a variant of
[36]. Various estimates exist as to the amount of unexplodéte Geonics EM-61 instrument. These sensors, configured as an
ordnance on the site, but a minimum of more than 1 millioaverlapping horizontal array, transmit a tailored electromagnetic
rounds is thought to still exist. Given the cleanup needs of thisllse into the earth. The received EMI signal is time-sampled by
and other sites, the development and demonstration of emergsitgdetection coils that are colocated with and above the three
technologies for the detection, identification, and cleanup tfBinsmission coils. The Geonics EM-61 sensors have been exten-
sites contaminated by UXO has been pursued over the last s@vely modified. These modifications include changing the time
eral years. Several test sites have been prepared at JPG to @aadition and time width of the sampling window monitoring the
uate sensor performance. These sites have been seeded withretdrn signal. The power of the transmitted pulse has been in-
nance placed at particular positions, depths, and orientatioo®ased, as has the pulse repetition rate. The amplifier gain of
There have been four demonstrations of technology at JPGs citve-detectors has been increased and the time constant applied to
trolled test sites to establish a baseline for performance. the signal has been significantly reduced. The overall detection
Based on the success of the detection technologies demsignal strength has been increased by a factor of 3—-6 depending
strated in the first three JPG tests, the goal of the fourth JR@Bon the composition, size, and depth of the target [37].
demonstration (JPG IV) was not to detect ordnance, but to de-The sensor positions on the surface of Earth (latitude, lon-
termine individual contractor’s ability to discriminate ordnancgitude, and height) are determined using GPS navigation. This
items from nonordnance items [36]. In this test, demonstreechnology provides a real-time position update (at 5 Hz) with
tors knew the location of each test item, but not its identitgn accuracy of about 5 cm. GPS satellite clock-derived time is
depth, or orientation. After the completion of the demonstraised to time-stamp both position and sensor data information
tion, ground truth for the test site along with raw data for sonfer subsequent correlation. All navigation and sensor data are
of the demonstrators was released to the public, allowing theovided through electronic interfaces to a data acquisition com-
research community to develop and test discrimination algputer in the tow vehicle.
rithms. In this paper, we consider the application of a variety In the JPG IV demonstration, a group of inert ordnance items
of statistical and fuzzy signal processing techniques to data cafid a second group of nonordnance items were buried in known
lected during the JPG IV demonstration with a fielded systemositions at unknown depths and orientations. Demonstrators
the multisensor towed array detection systdMiTADS [1]-[5], were provided with the positions of the flagged targets and asked
[30]-[35]. Specifically, we have investigated the performance & determine the identity of each object by scoring it in terms
four algorithms whose performance has been optimized for thkits probability of being ordnance. Demonstrators were given
task of discriminating UXO objects from the clutter objects enthe identities, though not the locations, of the ten types of inert
placed during the JPG IV test. These algorithms include a gemdnance (20, 57, 76, 90, 105, 152, and 155 mm projectiles,
eralized likelihood ratio approach, a maximum likelihood esnd 60-, 81-, and 108-mm mortars) and some were provided
timation-based clustering algorithm, a probabilistic neural netith examples of the nonordnance items included. The nonord-
work, and a subtractive fuzzy clustering technique. WAADS nance objects (scrap simulants) consisted of steel items welded
sensor suite has been developed by the Naval Research Laomarily from half-inch sheet, rods, I-beams, pipes, channels,
ratory (NRL), and includes both EMI and magnetometer seand assorted scrap items. These items included about two dozen
sors. The implementation of the UXO detection algorithms ifferent plates, cubes, rods, cylinders, and esoteric welded ob-
described as well as their robustness and performance. We @sts. The dimensions, shapes, sizes, and weights of many of
consider the impact of fusing the EMI and magnetometer datee nonordnance items closely approximated the ordnance items
on performance. Furthermore, the impact of the specific trainiegnplaced for the test. No information was provided regarding
set used on overall performance is investigated. the relative proportions of the ordnance and nonordnance items,
or the number of items of each type that were emplaced.
NRL conducted theMTADS surveys during the JPG IV
demonstration using the magnetometer array in a single contin-
The MTADStechnology has been described in detail previsous mapping survey and using the EMI array to conduct two
ously [1]-[5], however the most salient features are summarizedpping surveys in orthogonal directions. NRL was not pro-
here. The system hardware includes a low-magnetic-signatuiged access to the UXO and non-UXO items in advance. Their
vehicle that is used to tow linear arrays of magnetic and EMlassification performance on the demonstration was based on
sensors to conduct surveys of large areas.NIRADStow ve- prior experience with ordnance signatures as opposed to training
hicle is a custom-built off-road vehicle specifically modified tan situ. After the demonstration was completed, ground truth for
have an extremely low magnetic self-signature. Most ferrotise site was released. The number of targets and clutter items
components have been removed from the body, drive train, disled in the JPG IV Ground Truth is 50 and 110, respectively.
engine, and have been replaced by nonferrous alloys. Five of each of the ten types of ordnance items were emplaced.

Il. THE MTADSSYSTEM AND THE JPG IV DATA SET
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Fig. 1. Measured (a), (b) and modeled (c), (d) magnetometer responses for a 152 mm projectile buried at a depth of 0.57 m (a), (c) and a 4.1 kg r@nordnance,
scrap, item (b), (d) buried at a depth of 0.48 m. The vertical axis plots sensor output and the two horizontal axes indicate distance in the nadfreatidresast

Ill. PHENOMENOLOGICAL MODEL AND FEATURE EXTRACTION  data in panel A was measured from the 152-mm projectile and

As the name implies, thBITADSwas designed as a detec—th?:da:a in panel Btwats (rjnfeasured frortn thetnogotrdr;ar}i(te_ |te$.
tion system. In the early testing of the system [1], it was discov- eatures are extracted from magnetometer data by fitting the

ered that several features of thidADSsurvey data allowed the data to a dipole mag|_1eti_c modgl [33]. This approach to quel-

development of some classification ability. Because of the |0Wse_d feature extraction is consistent across all of the algor|thm§

noise and precise sensor positioning associated MIEADS cc_)n5|dered. The features that can be extracted from a magnetic

magnetometer data, the depths and sizes obtained from fitéjg‘\o'e model include

magnetic anomalies to a dipole model are precise enough tol) Object position.

allow these parameters to be used as features for discrimination2) Object depth.

A survey was conducted at the Badlands Bombing Range [2], a3) Object size.

site where the targets consist of practice bombs, rockets, and finé) Magnetic moment.

and clutter associated with the bombs and rockets. The results op) Dipole azimuth.

this survey indicated that an impressive degree of classification6) Dipole inclination.

was possible based on these parameters from the magnetometd) Fit quality.

model and the judgement of a skilled analyst concerning theEach algorithm described in the next section employed a par-

anomaly shape and model goodness of fit. ticular subset of these parameters. Each feature set was chosen
In the same data set, it was also observed that there was g@'ng statistical performance criteria that are different for each

nificant target shape-dependence of the observed EMI angaigorithm. In this analysis, a particular feature set was not im-

alies [33]. Methods have been developed to take advantageP@sed on all of the algorithms as our goal was to optimize the

this shape-dependence of the EMI response, and these metti§dormance capability for each algorithm and compare their

have recently been applied at a live test site [34]. Although thedative performance. Panels C and D of Fig. 1 plot the magne-

methods showed some promise, there was still progress neei@geter model fits obtained for the 152-mm projectile and the

to reach an acceptable classification performance. These féd-kg nonordnance item, respectively.

tures, among others, have been investigated in the context oft baselineEMI model has been developed previously for use

this paper. with the MTADS system [33]. This modeler utilizes a dipole
An example of the magnetometer data measured by M@de' for the transmitter coil and a point approximation for

MTADSsystem at the JPG IV demonstration for an ordnané@e receive coil. The target is represented as a magnetic polar-

and a nonordnance item is shown in Fig. 1 in panels A and Bability dyadic{\,, M.} [38], [39], and the secondary field is

Sensor outputz{axis) is plotted as a function of distance in th@pproximated as target dipole moment. Based on these assump-

North (z axis) and Easty( axis) directions. The data in paneltions the modeler reports the following features:

A was measured from a 152-mm projectile buried at a depth 1) Object position.

of 0.57 m and the data in panel B was measured from a 4.1-kg2) Object depth.

nonordnance item buried at a depth of 0.48 m. Fig. 2 plots the3) Object size.

output of the EMI sensor for these same two objects. Again, the4) Object orientations.
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Fig. 2. Measured (a), (b) and modeled (c), (d) EMI responses for a 152 mm projectile buried at a depth of 0.57 m (a), (c) and a 4.1 kg nonordnance, or scrap,
item (b), (d) buried at a depth of 0.48 m. The vertical axis plots sensor output and the two horizontal axes indicate distance in the north anibesst direct

5) Magnetostatic model coefficienfdZ,., M} (polarizabil- are obtained. Only the fitted model estimates with/A; > 1
ities). are retained, as, in general, UXO objects have an aspect ratio

6) Fit quality. that is greater than unity. Often, the fitted depths of the mul-
Panels C and D of Fig. 2 plot the EMI model fits obtained foliple local minima are different. To select between the various
the 152-mm projectile and the 4.1-kg nonordnance item, respésal minima, the depth information determined from the mag-
tively. netometer data is utilized. When multiple local minima with

The approximations associated with a dipole model for th./M; > 1 are obtained in the training phase, a minimum-
excitation coil, the point model for the receive coil, and thwithin-class-distance criteria is used, i.e., the fit that minimizes
colocated dipole model for the target may be tenuous, partfbe distance of the fitted parameters between different targets
ularly for shallow objects. Two modifications were made to thigithin the same class is selected. In the testing phase, each local
model in order to improve feature estimation. First, the excitghinimum is processed and the final output is the maximum of
tion field has been calculated accurately for the known transrifie processed values. The features generated bynihitified
coil shape via the Biot—Savart law [40]. Second, the model h&MI model are the same as those listed for the baseline model,
been modified so that different effective centers for the trangith the addition of the location of the two dipole centers. These
verse and axial target dipolds4,., M,} are included, and the additional features were not considered in this effort, however,
center locations are determined during the fitting procedure.lait will be considered in future work.
modification to the model to incorporate the shape of the receive
coil was considered, but the slight changes in the parameter
estimates were not reflected by a change in algorithm perfor-
mance. This modified model was used for parameter estimatiorSeveral signal processing algorithms are considered in this
for all of the algorithms discussed below with the exception @nalysis. First, we consider a statistical signal processing ap-
the probabilistic neural network. Utilization of the features olproach based on the generalized likelihood ratio test [42]. Tra-
tained with the modified EMI model did not substantially affectlitionally, such statistical processors are less robust when lim-
performance, so the trends in the results discussed in Sectioitéd training data are available, or when the statistics of the pa-
are valid regardless of the model that was utilized. The modameters that affect the signal cannot be adequately character-
fied EMI model did provide substantially better estimates of theed, as was hypothesized to be the case for the JPG IV demon-
depth of the object, especially for the shallow-buried objectstration. Therefore, suboptimal but potentially more robust ap-
However, as object depth is not a useful discriminator of targgisbaches were considered. These include a maximum likelihood
and clutter for this particular data set, performance was not aftimation-based clustering algorithm [41], [42] whose clus-
fected by utilization of the features from the modified model. ters are initially determined using the ISODATA algorithm [43],

The EMI model fitting is implemented by the Levenberg{44], a probabilistic neural network [47], and a subtractive fuzzy
Marquardt method [41]. The model parameters are fit to the dafastering technique [48]. The various approaches are described
multiple times with randomly selected initial conditions, antéelow along with the method by which each of the algorithms
the fit quality is monitored. In general, multiple local minimavas trained.

IV. SIGNAL PROCESSINGALGORITHMS
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As aforementioned, the feature set that provided the optimuore pdfs, performance was degraded. Thus, in the remainder
performance on a training data set was chosen independenfiyhis paper it is assumed thatx | H;) = Ny (uy, 1) and
for each algorithm. Each algorithm initially used the samg(x| Hp) = Ny (ug, o), whereuy, ug, ¥4, 3, are the mean
feature set, but performed a down-select to obtain the subset trettors and covariance matrices xofunder H; and H, and
provided the best performance. Thus, the final feature set wiis/( ) represents aiv-dimensional normal, or Gaussian, pdf.
not necessarily consistent across algorithms. This approach Whsre were ten types of UXO buried in the JPG IV test, and we
taken since the eventual goal of this effortis to develop algorithrassumed each type was equally likely. Three of the UXO items
that provide the best performance in a field environment, ahglong to the mortar class and the remaining items belong to the
because this approach mimics the mechanisms by which a varifgiectile class sp(mortar) andp(projectile) were defined ap-

of algorithms would be developed and tested for this system propriately. The estimatesi; , to, X1, 2o, are obtained from
the training data. Without considering the different target classes

A. Generalized Likelihood Ratio Test Algorithm (mortar and projectile), the GLRT becomes:
The two hypotheses to be tested dfe: UXO, or target; Az) = p(x|Hi)
andH,: clutter, or nonordnance. The observatiois an N -di- p(x| Ho)
mensional feature vector and contains a subset of the features 1 1 1
; i o ; —————— exp| —= (x —u) T (x—w)
described above. Assuming each UXO item is equally likely, the (2m)N/2|5, |1/2 2 1

likelihood ratio (LR) or Bayesian processor is the ratio between = 1 1 . :
the probability density functions (pdfs) describing the data under W €xp <—§ (x —uo)TE5 " (x — 110))
the two hypotheses [42]. In the JPG IV data set there were ten 0 5
targets which fell into two classes: mortars and projectiles. @
An analysis of the data indicated that the pdfs for the featur&gking the natural logarithm and incorporating the constant term
for the objects within a class were fairly similar, however th#to the threshold, (2) becomes
pdfs across classes differed, thus we assumed that uncertainty In(A(x)) = (x — up) S5 (x — ug)
regarding target class would affect the underlying pdf. With this Te—1
assumption, the LR is given by (1), shown at the bottom of the — (x—m) TN (x —w), 3)
page, wherg( ) denotes a probability density function. Since th is a simple extension of the GLRT to incorporate the different
pdfs are not knows priori, each of the pdfs must be estimatedarget classes, although the succinct form of the previous equa-
from the training data. The use of an estimate of the paramett@ is not obtained in this case.
in the likelihood ratio formulation results in a generalized . . . .
likelihood ratio (GLR). To execute the generalized likelihoof: Maximum Likelihood Estimation-Based Clustering
ratio test (GLRT), the GLR is compared to a threshold, and if td90rithm
GLR is greater than a threshold, an ordnance object is declaredi clustering algorithm was investigated since it is well doc-
otherwise a nonordnance object is declared. This approachuisented that this type of algorithm performs well for cases in-
not guaranteed to provide the optimal decision performanalving limited training data in which the goal is to decide to
but does provide a statistical means of treating the data. In sowtgch class a particular object belongs. The difference between
cases the performance of a GLR can approach that of the ltRe standard approach and the approach we have pursued lies in
particularly when the signal to noise ratio is high enough tooth how the clusters are determined and how the iteration that
provide accurate estimates of the parameters of interest [48]used to assign objects to clusters is performed. The clusters
The GLRT can then be performed for each feature vector in tf@ the maximum likelihood estimation-based clustering algo-
test set, and then the GLRT can be compared to a sequencdtbi are initialized using the ISODATA algorithm [43], [44].
thresholds to evaluate the True Positive and False Positive ratdhis algorithm is a modified{-means approach that was uti-
Based on an analysis of the feature data, it was assumed tizatd to initially divide the training data into clusters associ-
p(x| Hy) andp(x | Hp) follow multivariate Gaussian distribu- ated with UXO and nonordnance. A tradition&l-means al-
tions. This assumption was not necessarily valid in all cases, lgarithm assumes that the data can be modeled asdusters.
allowed the correlation between features to be incorporated ifitbe modification considered here assumes fias unknown,
the processing. When more accurate pdfs of the features wane is then estimated from the data. The training data is a set
utilized, and independence was assumed in order to allow thfdraining feature vectors as described above. In the algorithm,
formulation of the joint pdf as the product of the individual fea#’ cluster centroids are initialized, and then each training fea-

> p(x| Hy,target clasp(target clasp
_ p(X | Hl) _ target class
p(x| Ho) p(x | Ho)
_ p(x| Hy, mortapp(mortar) + p(x | Hy, projectile)p(projectile)

= p(x| Ho) @)

Ax)
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ture vector is associated with the closest of fliecentroids. Step 3)

The K’ centroids are then reestimated, and clusters are merged M
if their centroids are within a predefined distance measure, or Zp(i/Xj)(Xj — V(X — V)T
split if enough members are present and the cluster has a high =
average distance between its mean and its members. The process X = i 7
of re-associating the feature vectors with the various centroids Z p(i/X;)
and re-estimating the centroids is continued until all feature vec- =
tors do not change their association from iteration to iteration. A
detailed discussion of this algorithm can be found in [43]-[46]. St€P 4)
The ISODATA algorithm assumes that the clusters associated max |p(i/X;) — p(i/X;)| < e,
with the data do not overlap. Furthermore, it assumes that the iJ
variance of the data within each of the clusters is the same. These go to step 1 if false, else terminate. (8)

two assumptions are violated for the problem of discriminatinph

UXO from nonordnance. To mitigate this problem, a maximumtailzxvﬁ)/ﬁgintﬂzl i?]lifiznccc?ng:t?(t)r:; rg;’:\eynrgtndfor t2|r|s ilﬁggg:]mtﬁﬂé
likelihood classification rule is implemented. The condition properly '

pdfs p(¢/X;), which is the probability that the feature vectoél e need tp mplement the ISODATA algorithm as the initial
cluster estimation procedure.

X belongs to cluster, and new estimates of the cluster centers To classify a particular test vectar the probability thaty
V;, are determined iteratively using the training data. Brieﬂ){jelongs to theth cluster is calculated as

we definep(i/X;) as abovep; to be thea priori probability of

selecting théth clusterX; as the covariance of thith clusterV; . d.(Vi,v)
to be the center of thith cluster, M/ to be the number of training pify) = —
vectors, ands to be the number of clusters. Prior to estimating Z de(Vi,y)
the conditional densities, the parameters are initialized as k=1

P; _
p(i/X;) =1, 4=argmind(X;, V}) de(Vi,y) = det(3.)05 exp[—(y — Vs Ny - V)] )
i=1..K et(;)"°
Mo and the decision rule utilized is
> i/ X;) .
p, _ =1 max p(i/y) > ¥ (10)
T T M T
M where the thresholdg determines the relationship between the
Zp(z‘/Xj)(Xj —Vi)(X; - V)T detection and false-alarm probabilities.
5= 4) it
v M C. Probabilistic Neural Network (PNN)
Zp(i/Xj) The probabilistic neural network (PNN) is based upon Bayes’
i=l1 classification method [47], [49]-[51]. The basis of the classifi-

whered is an exponential distance metric. The updated versiof@tion method is given in the following equation, whéfeand
of the conditional pdfsj(i/X;) are calculated using the itera-F; are the prior probabilities for clagsandy, c; andc; are the

tive procedure outlined below: costs of misclassification, ang(x) andp; () are the true prob-
Step 1) ability density functions:
pi/X;) =p(i/X;) Picipi(x) > Pje;p;(x). (11)
Mo The difficulty with this relationship is that the prior proba-
ZP(Z/XJ)XJ bilities (the probability that a sample will come from a given
Vi = 7:}1\4 population distribution) are generally unknown and must be es-
Zp(i/Xr) timated from training data. This is done using Parzen’s method
— J of pdf estimation [52]. Bayes’ classification will be more likely
to group a new sampteinto clasg if the prior probability or the
Step 2) cost of misclassification is high. This is especially important for
. de(V;, X;) classifications where the cost of misclassification is not equal
p(i/X;) = (5)  among the classes. In our application, UXO detection, the po-
Z de(Va, X;) tential cost of mis-classifying UXO is much more serious than
=1 the cost for nonordnance. In the PNN method, different costs can

2 S be set for each class, thus producing a better classification for
de(Vi, X;) = W eXP[_(XJ - V) R - Vi)] those classes that demand higher performance. In the analysis
M performed here, however, these costs were not adjusted. Finally,
Zp(i/Xj) if the probability density of a given class is large in the region
= of the new samplea then that class is favored. This allows for
Pi=—7pr— (6)  multimodal distributions to be dealt with appropriately when a
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nearest neighbor-based classifier might fail. It is has proven camith the highest output probability. One of the main advantages
venient and practical to implement the Parzen pdf estimatorassociated with using a PNN is the ability to output a proba-
a neural network format [52]. bility for each of its classifications. For critical applications,
The PNN is a nonlinear, nonparametric pattern recognition adch as ordnance detection and remediation, such an indicator of
gorithm that operates by defining a pdf for each data class basedfidence is extremely useful in assisting the decision making
on the training set data and the optimized kernel width paragrocess and reducing the likelihood that individual ordnance
eter. For ordnance discrimination, the inputs are the physié®ms are missed by reducing the detection probability.
based modeler outputs or pattern vectors. The outputs of théAs discussed earlier, the calculation of the optimum kernel
PNN are the Bayesian a posteriori probabilities (i.e., measusesith o is imperative for high classification rates to be achieved.
of confidence in the classification) that the input pattern vectéor the work described herein, an iterative algorithm dor
is a member of one of the possible output classes, for examplpfimization was employed [55]. The approach by which the
UXO or non-UXO. training data was used to determine this parameter is described
The hidden layer of the PNN is the core of the algorithmn Section IV-E.
During the training phase, the pattern vectors in the training _ ) _
set are simply copied to the hidden layer of the PNN. ThuB; Subtractive Fuzzy Clustering Algorithm
there are the same number of feature sets at the hidden level aa contrast to the maximum likelihood classification algo-
there are training vectors. Unlike other types of artificial neurgithm described above, the subtractive fuzzy clustering algorithm
networks, the basic PNN only has a single adjustable parame#@iows a feature vector of interest to be associated with multiple
This parameter, termed signia), or kernel width, along with clusters, i.e., it is not restricted to have membership in only one
the members of the training set, define the pdf for each data clagaster. In addition, once a feature vector’s level of membership
In a PNN, each pdf is composed of Gaussian-shaped kernglgach of the possible clusters is determined, a set of fuzzy
of width o located at each pattern vector. The pdf essentiallygic rules can be imposed to determine whether a feature vector
determines the boundaries for classification. The kernel widghould be associated with an ordnance or nonordnance class.
is critical because it determines the amount of interpolation thatin the UXO discrimination problem, the input is thé-di-
occurs between adjacent pattern vectors. As the kernel width agensional feature vector and the system output is related to
proaches zero, the PNN essentially reduces to a nearest neiglibolikelinood that the data is a target, although it is not a proba-
classifier. A large kernel width has the advantage of producimglity in the mathematical sense. In the training data, the output
a smooth pdf, which exhibits good interpolation properties foris set to 1 for an ordnance item or O for a nonordnance item.
predicting new pattern vectors. Small kernel widths reduce thi@e training of the clusters is implemented via a modification
amount of overlap between adjacent data classes. The optimigethe mountain clustering method described by Yager and Filev
kernel widthis a compromise between an overly small or latge[56]. One shortcoming of this procedure is that the computation
Prediction of new targets using a PNN is more complicateiine grows exponentially with the dimensionality of the fea-
than the training step. Each member of the training set @fre space. The subtractive clustering method used here [48] is
pattern vectors (i.e., the patterns stored in the hidden layerspfodification to the mountain clustering method that is com-
the PNN and their respective classifications), and the optimizgdtationally more efficient. As implemented in this application,
kernel width are used during each prediction. As new patteiie V features are normalized in each dimension so that their
vectors are presented to the PNN for classification, they ateordinate ranges in each dimension are equal, and a standard
serially propagated through the hidden layer by computing tBabtractive clustering algorithm is applied. The clusters are de-
Euclidean distancéd between the new pattern and each pattegarmined by applying this approach to the training data.
stored in the hidden layer. The Euclidean distance scoresThe cluster validation problem, or the criteria for accepting
are then processed through a nonlinear transfer function (ded rejecting cluster centers is important for any clustering

Gaussian kernel) given in the following equation: method, and the problem is essentially unsolved [57]. In the
—d subtractive clustering algorithm, the rule that was adopted is to
HiddenNeuronOutput= exp<?> . (12) set an upper thresholdand a lower threshold. If m., > &,

the cluster is accepted definitely,sf., < e, the cluster is

Because each patternin the hidden layer is used during each pegected definitely, where:,, is the mountain function value
diction, the execution speed of the PNN is considerably slowef the cluster candidate. Otherwise, if the mountain function
than some other algorithms. The mass data storage requiremegalse falls between the two thresholds, the shortest distance
can also be quite large since every pattern in the hidden layetaghe existing cluster centers is calculated. This value is used
needed for prediction. Several researchers have developed moddetermine whether the candidate cluster center provides a
ified PNN algorithms to overcome this limitation, but they wergood tradeoff between having a large mountain function value
not deemed necessary for this application [53], [54]. and being far away from existing cluster centers. Although the

The summation layer consists of one neuron for each outputmber of clusters is determined by the algorithm automatically,
class and simply collects the outputs from all hidden neurotiee user-specified parameters strongly affect the number of
of each respective class. The products of the summation laghrsters. In our implementation, the default values from the
are forwarded to the output layer, where we compute the egiriginal algorithm were used.
mated probability of the new pattern being a member of eachinstead of determining the absolute membership of a test
class. In the PNN, the sum of the output probabilities equalector in one of the clusters, a fuzzy approach is implemented
100%. The pattern being predicted is then assigned to the claggre each cluster center defines a rule. Thus, the subtractive
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clustering training algorithm establishes the number of fuzapciated with calculating the inverse Af as well as the numer-
rules (number of clusters) as well as the rule premises (clusieal stability issues. RLS has been fully described [60], and deter-
centers). Given a test data poiin the V-dimensional feature mines the parameteBvia the following iterative formula

spacex isal x N vector), the degree to which thith rule is

=P, ) ) T _ g7 )
fired, i.e., its firing strength, is defined as Pipp=Pi+ Ez+laz+12§bi+1 ajy, Pi)
Yiaipa 2
o llx = Vi|? 13 S =% - o LT 01 w1 (19)
U; = expl| — 252 ( ) 1+ ai_HEiai_H

whereV; is theith cluster center and is the application-spe- Where _ o
cific constant that determines the height and smoothness of th&>i  Parameter estimate at thih iteration;

mountain function. The outpu:ns computed via i Ccovariance matrix;
al"  ith row vector ofA;

Z e bl ith row vector ofB;
—~ v P, final least squares estimate.
z= Z_B— (14) The initial condition of the iteration can be set®y = 0 and
Z u; >) = ul, wherel is an identity matrix ang: is a large positive
number.

Next, the (first-order) Sugeno type fuzzy inference system is
constructed. There at€ fuzzyIF-THEN rules; each rule follows
g]e format

wherez.., is the consequence of ti#h rule andk is the number
of rules.

The rule structure adopted was a first-order Sugeno rule [5
since it has been established that this model can accurately rep- If x(1) is A;; andx(2) is A;z and ... x(n) is A;,
resent complex behavior with only a few rules [59]. The rules thenz = g;x? + h; (20)
thus have the form

T where
Ze, = &X' +hi (I5) " 4(j) jth element of the vector under test,

whereg; al x N vector andh; is a constant. Given that we have =z system output;
a set of rules with fixed premises, optimizing the parameters ing;, h; defined above.
the consequent equations with training data reduces to a ledstis an exponential, or Gaussian, membership function given

squares problem [58]. Letting by
U;
Pi=E (16) o) = e[ @z )
Z 0 A;j(g) = exp 5,2 (22)
j=1

wherez.., (§) is thejth element ok, (i.e., theith rule premise),
and o is defined in the firing strength expression [(13)]. The
- membership functions are completely defined by the cluster
Z=3 pize, = Y pil&x" +hi). (17)  centers. In effect, aggregation is performed by adding the out-
= = puts after multiplication by the firing strength and defuzzifica-
Given M training vectors, the set of outputs can be written  tion is implemented by weighting the average of the outputs.

the equation for the output of the system can be written

21 pLixi  pri o PRAXT PK A Gaussian membership function was chosen since it is com-
. pletely specified by two parameters, it is invariant under multi-
S : : : : : plication and Fourier transformation, it is smooth, and the no-
ZM PLMXE PLM  ctt PROMXap  PROM tation is concise. Multiplication is used as thsD operator.
T The fuzzy inference system weights the output of each rule by
%11 the rule’s firing strength, and computes the output value as a
weighted average of the output of each rule.
x| - (18)
gl E. Training of the Algorithms
hk’

There was no separate training area available to NRL prior to
wherep; ; denotesg; evaluated ak;. Again, an output is set or during the JPG IV demonstration, so a round-robin training
to 1 or 0 depending on whether the corresponding input featunethod, also known as a leave-one-out method, was one of the
vectorx is associated with an ordnance or nonordnance iteapproaches used to determine the parameters required by the
Giventhe set oftraining vectors, the first matrix on the right-handrious algorithms. This approach attempted to provide a base-
side (RHS) ofthe above equation is constantwhile the second dine as to the best possible performance attainable by these al-
consists of the parameter vectors to be estimated. Thus, it tagesthms for the particular data set. The method uses the data
the form of a standard linear problemwiththe formaAd® = B set circularly, so that the object being tested is not used to de-
that can be solved by least squares. To solve for the parametensbdp the statistics that are used to test it. For example, when
interest, the recursive least squares (RLS) estimation algoritlttempting to determine whether the object associated with mea-
is used in order to avoid both the computational complexity asdremenk is a target or clutter item for the GLRT processor, we
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Fig. 3. Performance for the four algorithms and a baseline measure (threshold on the EMI data) for cross-validation testing on the JRGT AD&stgstem
performance at the JPG IV demonstration is also shown.

train the model pdfgy(x | H1, e) andp(x | Ho), with the entire the number of fuzzy rules, was four in the leave-one-out training
data set with the exception &f In this way the training and de- approach. This relatively small number of cluster centers attests
tection data are separate, and the largest possible training sét the particular advantage of using the Sugeno type fuzzy rules
used. This approach results, for example, in 109 feature vectorghat complex behavior can be represented with only a few
at the hidden level of the PNN. rules. Three clusters were generated when the test pit data was
Afterthe ground truth was released, NRL acquired the nonondsed for training the algorithm.
nance items used at JPG IV. Measurements at several depths
and orientations of 20 of these items, as well as 9 inert ordnance V. RESULTS
items were made in the test pit located at the NRL test facility . . .
in Blossom Point, MD, USA using the magnetometer array andThe RO_C curves for thg fOl_Jr algorithms described in the pre-
the EMI arrays to conduct orthogonal surveys. The test pit datfus S.e.CtIOI’] are shoyvn n Fig. _3 for.the case where leave-one-
thus formed a comprehensive, but separate, “training data s@t training was applied in conjunc‘:uon with the JPG IV data.
This test pit data was used to train a subset of the algorithfRQC Performance is plotted as the “Probability of stating UXO
described earlier, and then the JPG IV data was used as a testS@resent when UXQO is present,” or True Positives, as a func-
In this scenario, no training was performed on the JPG IV dafipn of the “Probability of stating UXO is present when UXO
Such an approach is often preferred to evaluate the robustned§ G0t Present,” or False Positives. All processors utilize both
the candidate algorithms. Other data collected witiMAADS Magnetometer and EMI data, thus the results are essentially
system was not utilized for training as the nonordnance iten@nsor fusion” results. For the GLRT, or Bayesian, processor,
emplaced for the JPG IV test were substantially different thdhe feature set that provides the best performance consists of
nonordnance items commonly encountered in field exercises. Magnetometer-moment azimuth, transverse-EMI-polarizability,
In the leave-one-out training approach, 110 different trainir@j1d the ratio between the two EMI polarizability moments. The
sets were used each composed of 109 training vectors, and tifiigaining processors utilized all of the features—performance
the discrimination algorithm for each of the four discriminatiotivas not dramatically affected by exclusion of the features not
approaches change slightly as the training sets change. Foriggluded in the GLRT processor. Fig. 3 plots the ROC perfor-
ample, the cluster centers for the subtractive fuzzy clusteriigince of each of the four processors considered, as well as a
algorithm change slightly across each of the 110 training seRPC obtained for a simple threshold processor operating on
however, the changes are not dramatic. Although this is not ¢ EM data alone. The EM threshold is indicative of the per-
approach that would be used in practice, it is a standard me&prmance obtained by a cueing processor that might be used
anism by which to evaluate performance when the amountas a preprocessor. In addition, the performance oMRADS
data available is limited. When the test pit data was used feystem using “man in the loop” processing as scored for the JPG
training, each algorithm was trained once and the resulting 8- demonstration is shown.
gorithm was applied to the JPG IV data. For the fuzzy-clustering Clearly, a simple threshold on the EMI data is not an effective
algorithm, the number of cluster centers, which is the samediscriminator of UXO from non- UXO items. The maximum-
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Fig. 4. Comparison of single sensor performance versus fused performance for the Bayesian/GLRT algorithm (top panel) and the subtractiterfogzy clus
algorithm (bottom panel).

likelihood clustering algorithm improves performance someithms at the lower true positive rates and that the GLRT per-
what, and its performance is near that achieved by the NRirmance is better than the other algorithms at the higher true
“man-in-the-loop” approach. The PNN, subtractive fuzzy clugpositive rates. The subtractive fuzzy technique tends to perform
tering technique, and the Bayesian approach provide substanthe average of the PNN and GLRT algorithms. No attempt
tial performance improvements over that obtained by the maxas been made to date to fuse the processor outputs using a
imum likelihood clustering technique. This may be a result déchnique such as algorithm ensembles [61] (i.e., joint decisions
the additional information incorporated by the fuzzy rule baseade using many diverse classification algorithms), although
and the PNN, or the correlation structure incorporated into thigis and other techniques will be considered in future work.
Bayesian processor. Although the limited amount of data doesROC curves for the GLRT processor and the subtractive
not allow strict statistical comparisons across algorithms, it afuzzy processor, where the EMI and magnetometer features
pears that the PNN performance is better than the other al@pave been considered separately are shown in Fig. 4. These
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Fig. 5. Cross-site testing and training results.

processors were considered so that the relative performapegformance of an algorithm which simply thresholds the EMI
associated with each sensor could be gauged. Again, ttaaas well asthe NRL “man inthe loop” performance is shown
performance of a simple EMI thresholding algorithm antbr comparison. As expected, the performance for each of the
the NRL “man in the loop” processing results are showalgorithms degrades over that obtained with the leave-one-out
for comparison. The GLRT (top panel) operating on thiaining on the JPG IV data set. The PNN performance is de-
magnetometer features alone provides results comparablegtaded the most, although its performance continues to exceed
NRLs man-in-the loop processing. The features used for tiiat of the simple EMI threshold. The subtractive fuzzy tech-
GLRT/magnetometer-only processor consisted of dipole-azigue provides the best performance overall, althoughthe GLRT
imuth and dipole-orientation. Utilization of these features hgeerformance is similar at the higher true positive rates. In the
been suggested and validated in previous studies that suggebtE@® classification problem, the 90%—95% true positive region
that discriminating UXO based on induced versus remnamt higher on the ROC curve is considered the ultimate discrim-
magnetization was possible [62]. The GLRT operating on tleation goal, given the risks associated with lower UXO clear-
EMI features alone, which consisted of the depth estimagmce rates. Comparing the results at a 90% true positive rate
transverse-EMI-polarizability, and the ratio between the twshows that the PNN and GLRT results are equivalent (approxi-
EMI polarizability moments, results in better performance thanately 76% false positives) while the fuzzy clustering algorithm
that obtained with the magnetometer alone. Fusion of the datas higher performance (approximately 64% false positives).
features between the EMI and the magnetometer provides a®ne possible reason that the performance is degraded so sub-
additional performance improvement over that obtained witantially for the cross-site training results is that the EMI data
the EMI features alone, especially at the higher true positia¢ JPG IV were collected using an older version of the data ac-
probabilities. The fuzzy technique (bottom panel) operatinguisition system than was used to obtain the training data at the
on the EMI features alone provide results comparable Blossom Point site. In the JPG IV collection with the older data
NRLs man-in-the loop processing, and the fuzzy technigaequisition system, there was a variable and drifting offset be-
applied to the magnetometer features results in slightly bettareen the three EMI sensors. As a result, what should have been
performance. As observed with the GLRT, fusion of the datymmetric signals from vertical objects often were not as sym-
features across sensors provides an additional performamestric as theory would predict, and this lack of symmetry af-
improvement over either sensor alone. This performantected the estimation of the features. Thus, the statistical prop-
improvement is observed for all true-positive levels. erties of the physics-based features associated with the Blossom

Fig. 5 shows ROC curves with the sensor features fused féoint training set could be different from those encountered at
the Bayesian, fuzzy clustering, and PNN for the case wheiBG IV. The magnitude of this effect will be considered in fu-
the algorithms were trained on the test pit data collected at tluge work using data from other sites. An additional source of
Blossom Point site and tested on the data collected during #reor may arise from the presence of naturally occurring mag-
JPG IV exercise. In this case, the training data set and the testic noise at JPG IV which was not present in the Blossom
data set were completely separate. As in the previous figures, B@@nt training data.
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VI. CONCLUSION are then processed by one of the algorithms to determine whether
the object is ordnance or nonordnance. During field operations,
The performance of a variety of signal processing techniquggund truth is not available, and an algorithm or operator must
has been evaluated on a set of data collected byMRADS  cye the algorithms to process specific data segments. Clearly,
sensor suite with the goal of decreasing the false-alarm ratgs important that the cueing algorithm maintain a very high
associated with discriminating UXO from clutter. Prior to thigjetection rate. During the third JPG demonstration MAADS
analysis, data was collected with therADSsensor during the was reported to achieve 95% detection at a false-alarm rate
JPG IV technology demonstration exercise. This exercise waSapproximately 42 per hectare [63]. Currently, thiFADS
designed to test the ability to discriminate between ordnangses three cueing approaches: an operator (man-in-the-loop),
and nonordnance. The techniques that were applied to this dataEM-based cue-er, and a magnetometer-based cue-er. The
included a maximum likelihood clustering technique, a probgerformance of such cueing algorithms without the subsequent
bilistic neural network, a generalized likelihood ratio test, andsaignal processing algorithms was simulated in this work by ana-
subtractive fuzzy clustering technique. These approaches wigng the performance of a simple EM threshold algorithm. The
selected based on their hypothesized robustness to uncertainggs-site training and testing results indicate that the false-alarm
or their robustness when faced with a limited training set. rate was reduced by about 30% by the best performing algorithm
set of physics-based features obtained from the simple magf@-most detection rates over this simple cuing algorithm.
tometer and EMI models was available to each algorithm. TheThe performance of all of the algorithms considered exceeded
algorithms were compared based on their ability to discrimibat obtained by a trained human operator processing the JPG
nate nonordnance, or clutter, items from ordnance items. PBf-data “in the loop,” although this operator was not allowed
formance of the various a|gorithm3 was evaluated under tvV6C€SS to training data from this partiCUlar site. When the data
training scenarios: a leave-one-out approach where the JPGW@s re-evaluated by a separate operator, the “man in the loop”
data was used for both testing and training, and a cross-site Btformance improved [31]. However, the performance of the
proach where data from a collection separate from the JPG qzytomatr—gd algorithms presented here continues to out-perform
exercise was utilized. This approach allowed both an assessni8tman in the loop approach. The performance also exceeded
of performance bounds and an estimate of the robustness of {4 ©f & simple EMI threshold. It is important to acknowledge
various algorithms. that in addltlon. to the classification performance improvement,
All of the signal processing algorithms considered, with th%II of the algont'hms remove the human experf[ from thg.detec-
tion and remediation crew while at the same time significantly

exception of the maximum likelihood clustering technique, . ) ) . ;
. . {educmg the time required for analysis, thus reducing the as-
appear to hold promise for processing EMI and magnetometer

data for UXO discrimination when limited training data isomated clean-up costs. Future work will consider the utiliza-

available. ThVITADSfalse-alarm probability was 42% duringshon of features from more sophisticated EMI and magnetometer

the demonstration, and the detection probability was 66‘901.0dE|S'
The PNN, GLRT, and subtractive fuzzy technique achieved
false-alarm probabilities (respectively) of 27%, 22%, and 24%

inthe leave one out training approach and 47%, 30%, and 27% inlhe authors would like to thank Dr. C. Baum for the helpful
the cross-site training approach at a detection probability of 66&liscussions regarding the modifications to the dipole EMI
Thus, the false alarm rate can be reduced by as much as a fagtodel.

of 2 using these approaches on this data set. Alternatively, at a
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