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Abstract 

Typical library matching procedures used for classification ask how much a given target’s 
principal axis polarizabilities resemble those of targets of interest (TOIs). The polarizabilities are 
calculated from sensor array data using dipole inversion. In conventional dipole inversion, given 
a set of measurements of the EMI response we simultaneously search out the location, 
orientation, and principal axis polarizabilities that produce signals that best match the measured 
target response. Unfortunately you need a lot of data to reliably constrain the target location in 
dipole inversion. The eigenvalues of the data matrix for an array of paired transmit and receive 
loop are easy to compute and need a much less extensive sensor array than the polarizabilities. 
This research project has focused on whether or not the data eigenvalues from a simple hand-
held sensor can serve as surrogates for principal axis polarizabilities. We conclude that they 
cannot. In general, the data eigenvalues are built up of linear combinations of the principal axis 
polarizabilities. This means that a classification scheme based on data eigenvalues would have to 
accommodate arbitrary linear combinations of TOI polarizabilities. The loss of classification 
performance to clutter items whose principal axis polarizabilities can be closely reproduced 
using linear combinations of TOI polarizabilities is just too large. 
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Objective 

This project represents an attempt to address the challenge of classification in conditions 
involving difficult terrain and vegetation that make it difficult to collect high quality data with 
currently available sensors. Current hand-held sensors suitable for use in such environments 
must be supported by costly and/or cumbersome ancillary systems capable of precisely 
determining sensor location while data are being collected. Here we document the findings of a 
proof of concept study for a simple hand-held electromagnetic induction (EMI) sensor that 
would be capable of detecting and classifying buried objects and that does not require precise 
sensor position information. The basic system concept is a compact three-element hand-held 
EMI array that can simply be waved over some suspected target location and then classify the 
target on the basis of its intrinsic EMI response in real time using a simple procedure initially 
introduced in the Strategic Environmental Research and Development (SERDP) project MR-
1572 for purposes of estimating the number of targets within a sensor array’s field of view [1]. 

Target classification using standard physics-based processing of EMI data collected over a target 
entails inverting the data to determine the target’s location, orientation, and three principal axis 
polarizability curves. The inversion is based on a dipole response model in which the 
polarizabilities specify the target’s intrinsic electromagnetic response. In order for this procedure 
to yield accurate results, measurements of the response at many locations and/or from many 
directions are needed, and the locations of the sensor readings relative to each other must be 
precisely known. However, it turns out that using the MR-1572 joint diagonalization procedure 
you can easily calculate a set of data eigenvalues that often mimic the shapes of the principal 
axis polarizabilities. This research project has focused on whether or not these data eigenvalues 
can serve as surrogates for principal axis polarizabilities for purposes of target classification. 
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Background 

Introduction 

Recent large scale ESTCP demonstrations have shown that the new multi-axis EMI sensor 
systems can be used to successfully distinguish between buried munitions and clutter when they 
are operated in a cued interrogation mode. In cued interrogation, the sensor is parked over an 
anomaly of interest, the transmit coils are excited sequentially, and the response from the target 
at the various receive coils is recorded. These data are inverted using a dipole response model to 
estimate object parameters, which are then supplied to classification engines that decide whether 
they are more likely associated with munitions or clutter. The large vehicle-mounted or towed 
systems that have been successfully demonstrated cannot be used at sites with rugged terrain or 
extensive brush and tree cover. ESTCP is currently testing more compact, cart-based versions of 
these systems which will expand the range of accessible environments somewhat, but some 
especially difficult sites or portions of sites will remain accessible only to operators using hand-
held sensors. 

Two hand-held sensor concepts which might be effectively deployed at such sites are being 
investigated by ESTCP. Both rely on accurate spatial mapping of the data. The hand-held 
transient electromagnetic (TEM) sensor in ESTCP project MR-200807 has a single Tx/Rx coil 
pair. It can be used with a rigid 6x6 point grid template placed on the ground over the target, or 
with a tactical grade inertial measurement unit (IMU) to collect classification-grade data [2]. 
Data collection using the grid template is cumbersome and time-consuming. The IMU-based 
positioning system is also cumbersome, and quite expensive. The man-portable vector (MPV) 
EMI sensor developed and tested in project MR-201005 uses a single-axis transmitter and 
several multi-axis receivers. Sensor positioning is based on monitoring the primary field, acting 
as a beacon, with a pair of EMI receivers placed at a base station [3]. Again, this is cumbersome 
and not particularly well suited to tight quarters. 

The sensor concept considered here is based on the joint diagonalization processing technique 
for multisensor array data introduced by Fridon Shubitidze in SERDP project MR-1572 [1]. A 
joint diagonalization algorithm [4] is used to simultaneously calculate the eigenvalues and 
eigenvectors of a square multistatic response matrix of measured EMI array data at a set of time 
gates. In SERDP project MR-1572 and a subsequent ESTCP project MR-201101 [5] it was 
shown that the eigenvalues of the multistatic data matrix can be useful for purposes of estimating 
the number of targets within the sensor array’s field of view. It was further observed that “in a 
good number of cases” the data eigenvalues could provide “quick inversion-free characterization 
and classification of the targets”. Specifically, “the number of nonzero eigenvalues of the matrix 
(i.e., those above a noise threshold) is related to the number of elementary sources in the 
illuminated cell; moreover, the time-decay patterns of these non-vanishing eigenvalues are 
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intrinsic properties of the targets to which the sources correspond and can ultimately provide 
dependable classification features.” 

It is this “inversion-free” information useful for target classification that we wish to exploit. In 
conventional dipole inversion, given a set of measurements of the EMI response we 
simultaneously search out the location, orientation, and principal axis polarizabilities that 
produce signals that best match the measured target response [6]. We found in ESTCP Project 
MR-200909 that you need a lot of data to reliably constrain the target location in dipole inversion 
[7]. The MR-200909 2x2x3 configuration comprising an array of four transmit loops and four 
three-axis receivers is probably the minimum practicable system. This is currently deployed in a 
man-portable, roughly one meter square cart-mounted arrangement. The size could conceivably 
be reduced somewhat, but it would still be cumbersome for handheld operation. If the joint 
diagonalization procedure does in fact produce dependable classification information without 
dipole inversion, then perhaps we can get by with a simpler, more compact sensor array suitable 
for use in the more challenging areas. 

Data Eigenvalues 

The standard expression for the EMI signal measured by an ideal time domain sensor at the kth 
time gate is 

(1) 

௞ሻݐሺݏ ൌ ோܥ଴ܫ଴݊ோ்݊ߤ ⋅  ௞ሻݐሺܤ்ܥ

where nT and nR are the number of turns in the transmit and receive loops, I0 is the transmit 
current, B(t) is the polarizability tensor with eigenvalues βx(t), βy(t) and βz(t), and CT and CR are 
(vector) transmit and receive coil response functions given by Biot-Savart integrals over the 
transmitter and receiver loops 

(2) 
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For a multi-static array of transmitters and receivers, the signal at receiver j due to transmitter i is 
then 

(3) 

௞ሻݐ௜௝ሺݏ ൌ ௞ሻݐ௫ሺߚோ௝௫ܥ௜௫்ܥ଴൛ܫ଴݊ோ்݊ߤ ൅ ௞ሻݐ௬ሺߚோ௝௬ܥ௜௬்ܥ ൅  ௞ሻൟݐ௭ሺߚோ௝௭ܥ௜௭்ܥ

in a target-fixed coordinate system (coordinate axes aligned with the target’s principal axes). The 
complete measurement then consists of a set of k=0, 1, 2…n-1 signal matrices 
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(4) 

ܵሺݐ௞ሻ ൌ ൮

௞ሻݐଵଵሺݏ ௞ሻݐଵଶሺݏ ௞ሻݐଵଷሺݏ ⋯
௞ሻݐଶଵሺݏ ௞ሻݐଶଶሺݏ ௞ሻݐଶଷሺݏ ⋯
௞ሻݐଷଵሺݏ ௞ሻݐଷଶሺݏ ௞ሻݐଷଷሺݏ ⋯
⋯ ⋯ ⋯ ⋯

൲, 

where n is the number of time gates. The number of rows and columns in S are equal to the 
number of transmit and receive elements in the array. With conventional processing, the data S 
are inverted to determine the target x, y, z location and the polarizability tensor B [6]. The 
eigenvalues of B, considered as functions of decay time t, are the principal axis response 
functions used classify the target. 

Now consider the conceptual sensor array shown in Figure 2. With three Tx/Rx coil pairs, a 
measurement over a target can be expressed by a 3x3 matrix 

(5) 

௞ሻݐௗሺܪ ൌ 	ቌ
݄ଵଵሺݐ௞ሻ ݄ଵଶሺݐ௞ሻ ݄ଵଷሺݐ௞ሻ
݄ଶଵሺݐ௞ሻ ݄ଶଶሺݐ௞ሻ ݄ଶଷሺݐ௞ሻ
݄ଷଵሺݐ௞ሻ ݄ଷଶሺݐ௞ሻ ݄ଷଷሺݐ௞ሻ

ቍ 

at each time gate k, with rows and columns corresponding to the different transmitters and 
receivers. If the transmit and receive coils have the same size and shape and are arranged in co-
located Tx/Rx pairs, then because of the electromagnetic reciprocity principle the data matrix 
Hd(tk) is symmetric and can be represented as 

(6) 

௞ሻݐௗሺܪ ൌ  ௞ሻ்ܸݐሺܦܸ

where D(tk) is diagonal and V is a rotation matrix common to all the data matrices (i.e. is the 
same for all time gates. The individual elements of the data matrix are then given by 

(7) 

݄௜௝ሺݐ௞ሻ ൌ ௞ሻݐ௝ଵ݀ଵሺݒ௜ଵݒ ൅ ௞ሻݐ௝ଶ݀ଶሺݒ௜ଶݒ ൅  ௞ሻݐ௝ଷ݀ଷሺݒ௜ଷݒ	

where the di are the (diagonal) elements of D and the vij are elements of the rotation matrix V. 
This has precisely the same form as the elements of the dipole model’s signal matrix S above, 
with α = 1, 2, 3 corresponding to the x, y, z coordinate directions and rotation matrix elements 
replacing the coil response functions. The central issue here is whether or not the similarity 
between equations (3) and (7) implies that the relationship between the polarizabilities and data 
eigenvalues is sufficiently simple and direct that the data eigenvalues are as useful for 
classification as the polarizabilities. If so, then we should be able to devise a simple classification 
sensor which exploits this effect. 
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Examples 

The original use of the joint diagonalization technique was at the ESTCP classification 
demonstration at former Camp Butner [8] using data from the TEMTADS transient 
electromagnetic towed array discrimination system [9]. TEMTADS has 25 pairs of transmit and 
receive loops arranged in a 5x5 element array. To illustrate the correspondence between data 
eigenvalues and polarizabilities we processed TEMTADS data collected over 121 37mm 
projectile targets at former Camp Butner using the joint diagonalization technique. The appendix 
contains plots of the TEMTADS data eigenvalues and corresponding polarizabilities from dipole 
inversion of the TEMTADS data for all of the 37mm targets. Examples are shown in Figure 1. 
Heavy blue curves are principal axis polarizabilities from standard dipole inversion of the data, 
and heavy red curves are the dominant three data eigenvalues from joint diagonalization of the 
TEMTADS data matrix. Other data eigenvalues are shown by the light gray curves. The scale for 
the polarizabilities is shown on the left axis and the scale for the data eigenvalues is shown on 
the right axis. The scales are aligned so that the polarizabilities and eigenvalues can be easily 
compared. In many cases the polarizabilities and data eigenvalues are essentially the same except 
for a single scaling factor (a). More generally, the shapes of the curves are similar, but with 
different scaling factors (b). In some cases there is not a simple one-to-one correspondence 
between data eigenvalues and polarizabilities (c). This is in fact the rule. The coil response 
matrices in equation (3) are not simply scaled versions of the rotation matrices in equation (7), 
and depending on the target/array geometry they can produce data eigenvalues which have a mix 
of the different principal axis polarizabilities. The final example (d) is a case where the dipole 
inversion sort of failed and the data eigenvalues actually give a better sense of the target’s 
identity. In this case the target’s driving band is intact, and one of the data eigenvalues shows the 
tell-tale bow typical of the primary (axial) polarizability of a 37mm projectile with an intact 
driving band. 

In general the data eigenvalues are linear combinations of the principal axis polarizabilities, not 
simply scaled replicas of the polarizabilities. The details depend on the location and orientation 
of the target relative to the sensor array. As noted in [1] and can be observed in the plots in the 
appendix, in many cases each combination is dominated by a different polarizability component 
and the data eigenvalues look much like the polarizabilities. Classification is based on deciding 
whether or not an unknown target’s polarizabilities look like those of a target of interest. In what 
follows we will evaluate how much the data eigenvalues are distorted relative to the 
polarizabilities and, when all is said and done (i.e. when the distortion is accounted for) how 
useful the data eigenvalues are for classification. 
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Figure 1. Principal axis polarizabilities (blue) and data eigenvalues (red, gray) calculated 
from TEMTADS array data collected over 37mm projectiles at former Camp Butner. 
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Materials and Methods 

Data Eigenvalue Calculations 

The relationship between data eigenvalues and principal axis polarizabilities depends on the 
location of the target relative to the array elements and on the target orientation. To 
systematically examine the effects, we ran numerical experiments using the simple three-element 
array shown schematically in Figure 2. Red circles represent transmitter loops and blue circles 
represent receiver loops. In the simulations we used 20cm radius transmit and receive loops 
positioned 25cm from the center of the array. 

 

 

 
Figure 2. Basic three-element array. Red circles represent three transmitter loops and blue 
circles represent three receiver loops. 

The simulations were run using a 37mm target at various locations and orientations below the 
array. Figure 3 gives examples of the results for several different locations and orientations. As 
in Figure 1, blue lines show the polarizabilities and red lines show the data eigenvalues. In each 
plot a single scale factor is applied to the set of data eigenvalues to get them lined up with the 
polarizabilities. Target location and orientation are indicated on each plot. There is a sweet spot 
27cm directly below the center of the array where the data eigenvalues match the polarizabilities 
perfectly (a). Moving off from the sweet spot introduces differential scaling of the data 
eigenvalues (b) and mixing of the polarizabilities contributing to the different data eigenvalues 
(c). These effects can even be perverse enough to make the data eigenvalues look like the 
polarizabilities for a plate-like object (d). 

Target orientation has no effect on the data eigenvalues at the sweet spot, but can exert a 
significant influence at locations where the data eigenvalues are not scaled replicas of the 
polarizabilities. The dominant effect appears to be target location relative to the array elements. 
We ran Monte Carlo simulations to quantify the effects, looking at the extent of polarizability 
mixing in the data eigenvalues. The results are reported in the Results and Discussion section 
below. 
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Figure 3. Examples of data eigenvalues from the three-element array with a 37mm projectile 
target at various locations and orientations below the array. 

Classification Performance Evaluation 

In general the data eigenvalues are linear combinations of the polarizabilities rather than simply 
scaled replicas of the polarizabilities. This can have a significant effect on their usefulness for 
target classification, which is usually done by comparing an unknown target’s polarizabilities 
with those of targets of interest (TOIs). If the unknown target’s polarizabilities look like TOI 
polarizabilities then the target is classified as a possible TOI. If not, then it is classified as likely 
clutter. Classification based on data eigenvalues would have to accommodate arbitrary linear 
combinations of the polarizabilities. 

Library matching methods employing various procedures to compare polarizabilities of unknown 
targets with those of TOIs are commonly used for classification. Ours, developed in SERDP 
project MR-1658, exploits the fact that an object’s polarizability tensor βij(t) = Vαij(t) is a 
product of two factors: the volume V of the object and a tensor αij(t) whose eigenvalues αj(t), i = 
1, 2, 3 depend only on the shape and composition of the object. Confronted with an unknown 
target, we compare its apparent size and EMI “shape” with the sizes and shapes of the TOI. 
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Given the set (spanning three axes and N time gates) of principal axis polarizabilities β0 for a 
TOI and the set of principal axis polarizabilities β for an unknown target, we calculate a size 
ratio ݏ as 

(8) 

ݏ ൌ ݉݁݀݅ܽ݊ ቆ
ඥߚయ

ඥߚ଴
య

ቇ 

where the median is taken over all axes and time gates for which β > 0. If β < 0 for more than 
some threshold fraction (typically 25-50%) of the available terms, then the target is put in the 
“can’t analyze” category. The size mismatch parameter Δsize is then 

(9) 

∆௦௜௭௘ൌ  ሻݏሺ݃݋݈

which is equal to zero if the EMI sizes of the target and the reference TOI are the same, The 
shape mismatch parameter Δshape is determined by comparing the unknown target’s polarizability 
with the reference polarizability scaled by the size mismatch 

(10) 

∆௦௛௔௣௘ൌ
∑หඥߚయ െ ଴ߚඥݏ

య ห

∑ ඥߚయ
 

in which the sums are over all terms with positive β. For each target, size and shape mismatch 
parameters are calculated for each TOI. Classification is based on thresholding a figure of merit 
(FOM) parameter 

(11) 

ܯܱܨ ൌ	min
்ைூ

൛|∆௦௜௭௘| ൅  .ሺ∆௦௛௔௣௘ሻൟ݃݋݈	݇

We find that using a parameter value ݇ ≈ 0.3 gives the best classification performance. 
Minimizing the FOM over the set of TOI finds the best match to any TOI. 

With data eigenvalues p we have to consider linear combinations of the βs. The shape parameter 
(10) must then be modified to 

(12) 

∆௦௛௔௣௘ൌ
∑หඥ݌య െ ∑ܽ௜ ඥߚ଴௜

య ห

∑ ඥ݌య
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and the size parameter goes away, being subsumed in the term ∑ܽ௜ ඥߚ଴௜
య  in equation (12), which 

represents the best fit linear combination of TOI polarizabilities β0 for to the data eigenvalues p. 
The figure of merit for classification is then simply 

(13) 

ܯܱܨ ൌ	min
்ைூ

൛∆௦௛௔௣௘ൟ. 

In order to determine the effect of having to use arbitrary linear combinations of the 
polarizabilities we have re-classified polarizabilities from the former Camp Beale classification 
demonstration [10] using the FOMs in equations (11) and (13). Since the data eigenvalues are 
linear combinations of the polarizabilities, replacing the unknown target data eigenvalues with 
the unknown target polarizabilities in equation (12) has no effect on classification performance. 
The issue is how many additional clutter digs are introduced with the less restrictive 
classification procedure. The former Camp Beale polarizabilities simply provide a representative 
set of TOI and clutter for analysis. The results are reported in the Results and Discussion section 
below. 
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Results and Discussion 

Polarizability Mixing in Data Eigenvalues 

We ran Monte Carlo simulations using the notional three-element array (Figure 2) to determine 
the extent of polarizability mixing in the data eigenvalues. For the calculations reported here we 
used 20cm radius transmit/receive loop pairs set in a circle of radius 25cm. Other calculations 
confirmed that array geometry details have no effect on the general conclusions. We used a 
37mm target and randomly varied its location and orientation relative to the sweet spot 27cm 
directly blow the center of the array. At each location/orientation combination data matrices for 
each time gate were calculated using the standard forward model in equation (3). Each set was 
then jointly diagonalized for all the time gates to get data eigenvalues as functions of decay time. 
These data were reduced by calculating the best fit linear combinations of the 37mm’s transverse 
and axial polarizabilities to the data eigenvalues. Some typical results for different spreads in the 
target location (dxyz) are shown in Figure 4. Each plot shows the results of 1000 simulations 
with the target distance below the array varied in a uniform random distribution over ±dxyz and 
the X,Y location varied in a uniform random distribution with radius dxyz. Target yaw and pitch 
were uniformly distributed over all solid angles. Red symbols show the relative strengths of axial 
and transverse polarizabilities in the primary data eigenvalue; green and blue show their relative 
strengths in the secondary data eigenvalues. With no polarizability mixing (e.g. at the sweet spot) 
red points would plot at (1, 0), while green and blue points would plot at (0, 1). 

When the target is near the sweet spot (Figure 4a, dxyz = 2.5cm) the data eigenvalues cluster 
about their respective no-mixing locations (1, 0) and (0, 1). In this case the data eigenvalues are 
pretty much just scaled replicas of the principal axis polarizabilities. As the spread of locations 
progressively increases (Figure 4b-d) the data eigenvalues can no longer be considered as scaled 
replicas of the individual principal axis polarizabilities, but rather must be recognized as linear 
combinations of all of the target’s polarizabilities. 

Looking back at the TEMTADS results in the appendix we can see plenty of examples of 
polarizability mixing. Adding more sensors does not alter our conclusions regarding the 
relationship between data eigenvalues and principal axis polarizabilities. 

With the target location unknown, the sensor array cannot be positioned in the “optimum” 
location where data eigenvalues are simply scaled replicas of the polarizabilities. Classification 
using data eigenvalues has to accommodate arbitrary linear combinations of the polarizabilities. 
This is not much different than the scheme advanced by Norton et al. [11] for classification in 
which individual sensor readings are matched to linear combinations of polarizabilities. In the 
next section we show that classification performance is seriously degraded when we are forced to 
admit arbitrary linear combinations of polarizabilities in the classification algorithm. 
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Figure 4. Simulation results for relative strengths of axial and transverse polarizability in data 
eigenvalues (primary eigenvalue in red, secondary in green and blue). Target locations 
distributed uniformly ±dxyz about a point centered 27cm below the array. 

Classification Performance with Linear Combinations of Polarizabilities 

In order to determine the effect of having to use arbitrary linear combinations of the 
polarizabilities we have re-classified polarizabilities from the former Camp Beale classification 
demonstration [10] using the figures of merit in equations (11) and (13). Since the data 
eigenvalues are linear combinations of the polarizabilities, replacing the unknown target data 
eigenvalues with the unknown target polarizabilities in equation (12) has no effect on 
classification performance. The issue is how many additional clutter digs are introduced with the 
less restrictive classification procedure. The former Camp Beale polarizabilities simply provide a 
representative set of TOI and clutter for analysis. 

Classification performance results are shown in Figure 5. The blue curve corresponds to 
classification based on library matching of principal axis polarizabilities and the red curve 
corresponds to classification performance based on linear combinations of principal axis 
polarizabilities. The plots are standard receiver operating characteristic (ROC) curves. They 
show how the number of properly identified targets of interest varies with the number of clutter 
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items incorrectly identified as targets of interest as the figure of merit decision threshold is 
increased. A good ROC rises quickly to 100% TOI recovered with few incorrectly classified 
clutter items. A really bad ROC runs diagonally from lower left to upper right. In that case 
decisions are basically coin flips. Directly comparing a target’s principal axis polarizabilities to 
those of the TOIs (blue curve) produces very good classification performance. Matching a 
target’s principal axis polarizabilities to linear combinations of TOI polarizabilities (equivalent 
to matching data eigenvalues to linear combinations of polarizabilities) significantly degrades the 
classification performance. The extra degrees of freedom simply allow too many clutter items to 
masquerade as TOIs. 

 

Figure 5. Classification performance for former Camp Beale based on library matching of 
principal axis polarizabilities (blue) and linear combinations of polarizabilities (red). 
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Conclusions and Implications for Future Research/Implementation 

Typical library matching procedures used for classification ask how much a given target’s 
principal axis polarizabilities resemble those of targets of interest. The polarizabilities are 
calculated from sensor array data using dipole inversion. In conventional dipole inversion, given 
a set of measurements of the EMI response we simultaneously search out the location, 
orientation, and principal axis polarizabilities that produce signals that best match the measured 
target response. Unfortunately you need a lot of data to reliably constrain the target location in 
dipole inversion. The eigenvalues of the data matrix for an array of paired transmit and receive 
loop are easy to compute and need a much less extensive sensor array than the polarizabilities. 
This research project has focused on whether or not these data eigenvalues can serve as 
surrogates for principal axis polarizabilities. 

In general, the data eigenvalues are built up of linear combinations of the principal axis 
polarizabilities. This means that a classification scheme based on data eigenvalues would have to 
accommodate arbitrary linear combinations of TOI polarizabilities. We re-classified data from 
the former Camp Beale classification demonstration using comparable procedures based on 
principal axis polarizabilities and linear combinations of polarizabilities. Classification 
performance was significantly degraded when we had to accommodate linear combinations of 
the polarizabilities. 

Although the data eigenvalues have proved useful for identifying situations where there are 
multiple targets in the sensor’s field of view and often give an indication that a target of interest 
may be present [1], they cannot replace principal axis polarizabilities as the primary data-derived 
parameters for classification. The loss of classification performance to clutter items whose 
principal axis polarizabilities can be closely reproduced using linear combinations of TOI 
polarizabilities is just too large. Consequently, a simple hand-held EMI sensor that relies on data 
eigenvalues to reliably classify targets without precise sensor position information is not 
realistic. 

The polarizabilities needed for reliable classification can only be obtained by inverting the data, 
and you need a lot of data to reliably constrain the target location in the inversion process. The 
MR-200909 2x2x3 configuration comprising an array of four transmit loops and four three-axis 
receivers is probably the minimum practicable system. This is currently deployed in a man-
portable, roughly one meter square cart-mounted arrangement. The size could conceivably be 
reduced somewhat, but it would still be cumbersome for handheld operation. 
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Appendix 

This appendix contains plots of the TEMTADS data eigenvalues and corresponding 
polarizabilities from dipole inversion of the TEMTADS data for all of the 37mm targets at the 
former Camp Butner classification demonstration. Heavy blue curves are principal axis 
polarizabilities from standard dipole inversion of the data, and heavy red curves are the dominant 
three data eigenvalues from joint diagonalization of the TEMTADS data matrix. Other data 
eigenvalues are shown by the light gray curves. The scale for the polarizabilities is shown on the 
left axis and the scale for the data eigenvalues is shown on the right axis. The scales are aligned 
so that the polarizabilities and eigenvalues can be easily compared. In many cases the 
polarizabilities and data eigenvalues are essentially the same except for a single scaling factor. 
More generally, the shapes of the curves are similar, but with different scaling factors. In some 
cases there is not a simple one-to-one correspondence between data eigenvalues and 
polarizabilities. This is in fact the rule. The coil response matrices in equation (1) which relate 
individual sensor readings to the principal polarizabilities are not simply scaled versions of 
rotation matrices in equation (6). Depending on the target/array geometry they can produce data 
eigenvalues which have a mix of the different principal axis polarizabilities. 
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anomaly 48 (seed 84, no GT depth)
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anomaly 52 (native 37mm, 2cm deep)
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anomaly 59 (seed 159, 17cm deep)
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anomaly 60 (seed 143, 10cm deep)
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anomaly 64 (native 37mm, 3cm deep)
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anomaly 65 (native 37mm, 7cm deep)
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anomaly 66 (native 37mm, 6cm deep)
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anomaly 71 (seed 154, 10cm deep)
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anomaly 73 (seed 53, 15cm deep)
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anomaly 74 (seed 157, 19cm deep)
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anomaly 79 (seed 62, 15cm deep)
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anomaly 80 (seed 52, 15cm deep)
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anomaly 99 (seed 114, 7cm deep)
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anomaly 109 (seed 145, 3cm deep)
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anomaly 115 (seed 94, 9cm deep)
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anomaly 124 (native 37mm, 8cm deep)
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anomaly 126 (seed 123, 20cm deep)
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anomaly 130 (seed 150, 14cm deep)
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anomaly 134 (seed 58, 12cm deep)

0.01 0.10 1.00 10.00 100.00
Time (ms)

10-4

10-3

10-2

10-1

100

101

P
ol

ar
iz

ab
ili

ty
 (

m
3 /A

)

Polarizability
Data Eigenvalue

10-5

10-4

10-3

10-2

10-1

D
at

a 
E

ig
en

va
lu

e 
(m

V
/A

)

anomaly 135 (seed 77, 10cm deep)
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anomaly 138 (seed 83, 20cm deep)
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anomaly 141 (seed 141, 15cm deep)
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anomaly 143 (seed 160, 13cm deep)

0.01 0.10 1.00 10.00 100.00
Time (ms)

10-4

10-3

10-2

10-1

100

101

P
ol

ar
iz

ab
ili

ty
 (

m
3 /A

)

Polarizability
Data Eigenvalue

10-5

10-4

10-3

10-2

10-1

D
at

a 
E

ig
en

va
lu

e 
(m

V
/A

)

anomaly 155 (seed 98, 20cm deep)
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anomaly 161 (seed 125, 15cm deep)
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anomaly 166 (seed 121, 20cm deep)
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anomaly 178 (seed 142, 16cm deep)
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anomaly 181 (seed 90, 20cm deep)
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anomaly 192 (seed 148, 20cm deep)
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anomaly 197 (seed 75, 24cm deep)
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anomaly 199 (seed 78, 20cm deep)
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anomaly 207 (seed 155, 15cm deep)
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anomaly 215 (seed 82, 23cm deep)
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anomaly 218 (seed 138, 14cm deep)
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anomaly 220 (seed 71, 10cm deep)
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anomaly 226 (seed 57, 10cm deep)
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anomaly 236 (seed 129, 18cm deep)
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anomaly 246 (native 37mm, no GT depth)
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anomaly 250 (seed 130, 13cm deep)
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anomaly 258 (seed 120, 10cm deep)
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anomaly 260 (seed 111, 6cm deep)
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anomaly 261 (seed 88, 8cm deep)
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anomaly 265 (seed 109, 10cm deep)
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anomaly 324 (native 37mm, 0cm deep)
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anomaly 370 (seed 131, 15cm deep)
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anomaly 401 (native 37mm, 10cm deep)
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anomaly 429 (native 37mm, 16cm deep)
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anomaly 445 (seed 85, 15cm deep)
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anomaly 452 (seed 93, 12cm deep)
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anomaly 458 (seed 153, 15cm deep)
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anomaly 460 (seed 112, 9cm deep)
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anomaly 466 (seed 60, 26cm deep)
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anomaly 474 (seed 110, 21cm deep)
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anomaly 489 (seed 67, 16cm deep)
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anomaly 492 (seed 74, 19cm deep)

0.01 0.10 1.00 10.00 100.00
Time (ms)

10-4

10-3

10-2

10-1

100

101

P
ol

ar
iz

ab
ili

ty
 (

m
3 /A

)

Polarizability
Data Eigenvalue

10-5

10-4

10-3

10-2

10-1

D
at

a 
E

ig
en

va
lu

e 
(m

V
/A

)
anomaly 520 (seed 119, 15cm deep)
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anomaly 521 (seed 134, 24cm deep)
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anomaly 523 (seed 69, 23cm deep)
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anomaly 543 (seed 64, 17cm deep)
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anomaly 551 (seed 156, 27cm deep)
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anomaly 555 (seed 81, 30cm deep)

0.01 0.10 1.00 10.00 100.00
Time (ms)

10-4

10-3

10-2

10-1

100

101

P
ol

ar
iz

ab
ili

ty
 (

m
3 /A

)

Polarizability
Data Eigenvalue

10-4

10-3

10-2

10-1

100
D

at
a 

E
ig

en
va

lu
e 

(m
V

/A
)

anomaly 582 (seed 128, 23cm deep)
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anomaly 583 (seed 80, 19cm deep)
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anomaly 603 (seed 51, 20cm deep)
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anomaly 605 (seed 133, 20cm deep)
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anomaly 617 (seed 54, 18cm deep)

0.01 0.10 1.00 10.00 100.00
Time (ms)

10-4

10-3

10-2

10-1

100

101

P
ol

ar
iz

ab
ili

ty
 (

m
3 /A

)

Polarizability
Data Eigenvalue

10-4

10-3

10-2

10-1

100

D
at

a 
E

ig
en

va
lu

e 
(m

V
/A

)

anomaly 624 (seed 106, 18cm deep)
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anomaly 635 (seed 73, 24cm deep)
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anomaly 683 (seed 96, 19cm deep)

0.01 0.10 1.00 10.00 100.00
Time (ms)

10-4

10-3

10-2

10-1

100

101

P
ol

ar
iz

ab
ili

ty
 (

m
3 /A

)

Polarizability
Data Eigenvalue

10-4

10-3

10-2

10-1

100

D
at

a 
E

ig
en

va
lu

e 
(m

V
/A

)

anomaly 693 (seed 136, 24cm deep)
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anomaly 720 (seed 92, 10cm deep)
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anomaly 770 (seed 97, 15cm deep)
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anomaly 773 (seed 102, 15cm deep)
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anomaly 795 (seed 135, 35cm deep)
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anomaly 798 (native 37mm, 14cm deep)
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anomaly 800 (seed 149, 21cm deep)
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anomaly 845 (seed 70, 31cm deep)
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anomaly 856 (seed 132, 27cm deep)
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anomaly 873 (seed 137, 22cm deep)
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anomaly 884 (seed 146, 15cm deep)
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anomaly 900 (seed 100, 23cm deep)
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anomaly 988 (seed 68, 20cm deep)
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anomaly 996 (seed 108, 15cm deep)
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anomaly 1002 (seed 86, 22cm deep)
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anomaly 1026 (seed 139, 24cm deep)
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anomaly 1117 (seed 115, 18cm deep)
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anomaly 1154 (seed 127, 25cm deep)
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anomaly 1187 (seed 59, no GT depth)
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anomaly 1201 (seed 87, 14cm deep)
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anomaly 1235 (seed 117, 18cm deep)
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anomaly 1276 (seed 126, 34cm deep)
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anomaly 1298 (seed 147, 25cm deep)
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anomaly 1344 (seed 79, 20cm deep)
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anomaly 1346 (seed 152, 30cm deep)
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anomaly 1386 (seed 105, 17cm deep)
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anomaly 1395 (seed 144, 25cm deep)
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anomaly 1664 (seed 91, 24cm deep)
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anomaly 1787 (seed 95, 24cm deep)
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anomaly 1887 (seed 63, 27cm deep)
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anomaly 1894 (seed 107, 17cm deep)
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anomaly 1945 (seed 72, 35cm deep)
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anomaly 1981 (seed 61, 29cm deep)
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anomaly 2017 (seed 113, 25cm deep)
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anomaly 2023 (seed 50, 33cm deep)
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anomaly 2340 (seed 101, 27cm deep)
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anomaly 2405 (seed 124, 30cm deep)
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anomaly 2504 (seed 104, 30cm deep)
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