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Automated anomaly picking from broadband electromagnetic
data in an unexploded ordnance (UXO) survey

Hoaping Huang∗ and I. J. Won∗
picking algorithms applicable to UXO items is a practical
necessity.
We have evaluated several automated detector functions for
picking anomalies. The EM data used here are collected with
the GEM-3 (Won et al., 1997), depicted in Figure 1. The current
GEM-3, operating in a bandwidth of 30 to 48 kHz, measures
the in-phase (I ) and quadrature (Q) components of the secondary field in parts per million (ppm) of the primary field at
the receiver. The sensing head consists of a pair of concentric,
circular coils that transmit a continuous, broadband, digitally
controlled EM waveform. The two transmitter coils connected
in an opposing polarity, with precise dimensions and placement, create a zone of magnetic cavity (i.e., an area with a
vanishing primary magnetic flux) at the center where a receiving coil is placed to sense a weak secondary field returned from
the earth and buried targets.

ABSTRACT

We present automated anomaly-picking methods for
detecting unexploded ordnance (UXO) from broadband electromagnetic (EM) data. Using data consisting of in-phase and quadrature responses at multiple
(typically 10) frequencies, a detector function attempts
to detect all metal objects but to suppress false alarms
caused by geology, variations in sensor height, and sensor
motions in the earth’s magnetic field.
Promising detector functions considered here are (1)
the sum of all quadrature responses, Q sum , (2) the sum of
all differences among the in-phase or quadrature components, Ispr ead or Q spr ead , (3) the sum of the Ispr ead and
Q spr eads , Tspr ead , (4) the weighted total apparent conductivity (TAC) from all frequencies, and (5) the apparent
magnetic susceptibility (AMS) derived from the lowest
frequency of a survey. These detector functions favor
metallic objects and are relatively insensitive to geologic
variations and motion-induced noise, which are common
with a handheld or cart-mounted sensor in rough terrain.
We discuss the properties of these detector functions, apply them to field data from two sites, and compare the
results with limited ground truths. Based on the theoretic study and test on the real data, the total apparent conductivity is the best detector function for picking and classifying anomalies, which shows more distinct
anomalies and quieter background than other detector
functions.

DETECTOR FUNCTIONS

A broadband EM sensor like the GEM-3 sensor produces
multichannel data. At 10 frequencies, for instance, the sensor
produces 20 channels: 10 in-phase and 10 quadrature components. For the purpose of anomaly picking, we must define a
detector function as a single channel output that would contain all information from the 20 channels and indicate the
presence of a target of interest. In a UXO survey, an ideal
detector function would pick all metal objects but none related to the geology, sensor motion, or environmental noise. A
broadband EM anomaly can be recognized either (1) on multichannel profiles along a survey line or (2) as spectral variations. Figures 2a and 2b show profiles of the in-phase and
quadrature data obtained using nine frequencies. Anomaly
A shown on the quadrature data is caused by a 5-inch HE
PRACTICE ordnance at 0.7 m depth; anomaly B is caused by
geology. Oscillations in the in-phase data are caused by variations in soil magnetic susceptibility or sensor height above
the ground. Figure 2c shows the spectra for anomalies A
and B. As can be seen, the dependence of the responses
on the frequency is much greater for metal objects than for
geology.

INTRODUCTION

In detecting unexploded ordnance (UXO) using a broadband electromagnetic (EM) sensor, picking the anomalies is
the first step of data processing and interpretation. Manually
picking anomalous bumps from a large survey can be tedious
and highly subjective, particularly where there are no universal
criteria to define an anomaly. Therefore, establishing unbiased
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Examining these figures, we come to the following conclusions:
1) the in-phase and quadrature components for the metal
object are frequency dependent and spread out over the
target;
2) the in-phase components are sensitive to soil magnetic
susceptibility or sensor height but are frequency independent, so the curves for all frequencies bunch together;
3) the quadrature components are rather insensitive to variations in soil magnetic susceptibility or sensor height and
are less frequency dependent for geology. Therefore, we
may define a detector function based on the dependence
of response on frequency, i.e., the spectral response.
FIG. 1. A cart-mounted GEM-3 sensor used in a UXO survey
in Kaho’olawe, Hawaii.

From conclusions (1) and (3), we define a detector function
Q sum that sums all quadrature data at all N frequencies used
for a survey:

Q sum =

N
X

Qi .

(1)

i=1

Conclusion (1) states a metal object produces a spread response
at all frequency quadrature data, while conclusion (3) states
magnetic geology and sensor motion do not. Therefore, we define Q spr ead , which adds up differences between the quadrature
data at all frequencies:

Q spr ead =

N
N −1 X
X

|Q i − Q j |.

(2)

j=1 i= j+1

We can define Ispr ead in a similar fashion. By combining both
Q spr ead and Ispr ead , we can define a total spread function Tspr ead :

Tspr ead =

N
N −1 X
X

|Ii − I j | + |Q i − Q j |.

(3)

j=1 i= j+1

Apparent conductivity derived from EM data (Huang and
Won, 2000, 2003) is directly related to metal content of a target.
Let us define a detector function, total apparent conductivity

FIG. 2. Profiles for (a) in-phase and (b) quadrature responses
at nine frequencies. Anomaly A is caused by a 5-inch HE
PRACTICE at 0.7 m depth, and anomaly B is caused by geology. (c) Spectra of anomalies A (solid curves) and B (dotted
curves). The solid circles stand for the in-phase response, open
circles for the quadrature response. The curves at anomaly A
are (from top) 47 970, 23 850, 11 910, 5190, 2970, 1470, 750, 390,
and 150 Hz in panel (a) and (from top) 5910, 11 910, 2970,
23 850, 1470, 47 970, 750, 390, and 150 Hz in panel (b).

FIG. 3. An EM spectrum for a sphere conductor as a function
of induction number.
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FIG. 6. Flow chart for the automated picking procedure.

FIG. 4. The EM spectra for three conductors, rated as poor,
medium, and good, in a bandwidth of 210 to 47 250 Hz.

FIG. 5. Performance of the detector functions Q sum , Q spr ead ,
Tspr ead , and TAC for three conductor types described in
Figure 4.

FIG. 7. Q sum , Q spr ead , Tspr ead , TAC, and AMS computed from
the EM data shown in Figures 2a and 2b.
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(TAC), as a weighted average of all apparent conductivities:
N
X

TAC =

i=1
N
X
i=1

σai
log( f i )
1
log( f i )

,

(4)

where σai is the apparent conductivity at frequency f i . This
detector is biased toward metal objects because more weights
are given to lower frequencies than to higher frequencies to
suppress geologic responses.

FIG. 8. Geophex UXO test site in Raleigh, North Carolina. The
10 × 10-m site contains 21 various metal pipes and a magnetic
rock as described in Table 1.
Table 1.
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Final detector function is the apparent magnetic susceptibility (AMS), which is derived at the resistive limit (ωσ → 0)
[equation (4.92), Ward and Hohmann (1988)] and can be written as

AMS =

−2I
,
I +G

(5)

where G is a geometry factor. For the concentric circular coil
G = [4(h/r )2 + 1]−3/2 , h is the sensor height and r is the radius of
transmitter coil (Huang et al., 2003). The AMS detector picks
only ferrous objects, including magnetic rocks, which makes
it useless by itself in a magnetic geology. However, once another detector has picked a metal object, AMS can determine
whether it is ferrous.
Let us examine each detector function for it merits. Detector
functions (1)–(4) are based on the spectral response. To better understand the spectral response, Figure 3 shows the whole
spectrum of a spherical conductor as a function of its induction
number (σ µω)1/2 a, where σ is conductivity, µ is magnetic permeability, ω is angular frequency, and a is sphere radius. Equations used in computing the spectrum are described in Huang
and Won (2003). The I -component reaches its maximum value,
at the high-frequency (inductive) limit, where Q vanishes because of the skin effect. At the low-frequency (resistive) limit,
I either vanishes for a nonferrous object or becomes a negative constant for a ferrous object; Q also vanishes because no
secondary field is induced at either dc or zero conductivity. In
the middle range, I steadily increases while Q rises and falls
with the induction number. An anomaly in the middle range,
called conducting window, contains most information about an
object. Therefore, an EM sensor ideally should be designed in
its geometry and operating bandwidth such that this window
covers a wide range of desired targets, which is, of course, very
difficult in practice because of limitations in sensor size, bandwidth, or both.
We arbitrarily divide the spectrum in Figure 3 into four
zones in ascending order of the induction number: background

Target description at the Geophex UXO test site in Raleigh, North Carolina.

Target

Description

x (m)

y (m)

z (cm)

L1
L2
M1
M2
M3
M4
M5
M6
M7
S1
S2
S3
S4
S5
S6
S7
S8
S9
S10
S11
S12
20He
R1

15.5-cm 1D × 50.8-cm steel pipe, horizontal
15.5-cm 1D × 50.8-cm steel pipe, 45◦
7.9-cm 1D × 45.7-cm steel pipe, vertical
7.9-cm 1D × 45.7-cm steel pipe, 45◦
6.4-cm 1D × 30.5-cm steel pipe, horizontal
6.4-cm 1D × 30.5-cm steel pipe, 45◦
7.9-cm 1D × 45.7-cm steel pipe, horizontal
6.4-cm 1D × 30.5-cm aluminum pipe, horizontal
6.4-cm 1D × 30.5-cm steel pipe, horizontal
2-cm 1D × 10.2-cm steel pipe, horizontal
2.3-cm 1D × 15.2-cm alumin. pipe, 45◦
4.1-cm 1D × 15.2-cm steel pipe, vertical
4.1-cm 1D × 10.2-cm steel pipe, horizontal
4.1-cm 1D × 15.2-cm steel pipe, 45◦
4.1-cm 1D × 15.2-cm steel pipe, horizontal
4.1-cm 1D × 10.2-cm steel pipe, horizontal
4.1-cm 1D × 15.2-cm steel pipe, 45◦
2.3-cm 1D × 15.2-cm aluminum pipe, horizontal
2-cm 1D × 10.2-cm steel pipe, horizontal
2.3-cm 1D × 15.2-cm copper pipe, 45◦
2.3-cm 1D × 15.2-cm copper pipe, horizontal
20-cm heat, vertical
30 × 30 × 33-cm diabase boulder

7.25
2.75
5.00
8.25
8.75
5.25
1.75
1.25
4.75
3.00
2.75
2.25
0.75
3.25
6.75
9.25
7.75
7.25
7.00
0.75
9.25
7.30
0.5

7.25
2.75
5.00
4.75
1.25
1.75
5.25
8.75
8.25
9.25
8.25
7.25
7.00
6.25
3.75
3.00
2.75
1.75
0.75
0.75
9.25
9.00
4.00

100
92–110
47–70
64–80
50
49–60
70
50
60
10
10–15
22–30
30
25–30
30
30
15–20
15
10
15–20
15
0.01
27
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geology, poor conductor, medium conductor, and good conductor. Generally, spectral features of an object depend on its
conductivity, magnetic permeability, size, and shape, as well as
the mutual view between the object and sensor. It is obvious
from Figure 3 that, to produce an anomaly, a poor conductor
needs high-frequency energy, while a good conductor needs
low-frequency energy. Therefore, a broadband sensor is essential to detect and characterize a wide range of metal objects.
In practice, bandwidth is limited, so only part of the spectrum is observed. Figure 4 shows the EM spectra from 210 to
47 250 Hz for three spheres rated as poor (σ µa 2 = 0.1), medium
(σ µa 2 = 1), and good (σ µa 2 = 10). The detector functions, as
shown in Figure 5, are computed from equations (1)–(4) using

the data in Figure 4 as input. The amplitudes of Q sum and Tspr ead
increase with the conductivity in the poor-to-medium conductor zone yet decrease with conductivity in the medium-to-good
conductor zone. They cannot distinguish between a good and
poor conductor because their amplitudes are about equal. In
fact, a medium conductor yields the highest amplitude. On the
other hand, Q spr ead becomes minimum for a medium conductor, which can thus miss such targets. Finally, the TAC is proportional to the conductivity, which makes it attractive for both
metal detection and possible classification.
Let us use the TAC as the example detector in this discussion. Figure 6 shows a flow chart of the automated picking
process, which involves several steps. First, we must specify a

FIG. 9. Maps of Q sum , Q spr ead , Tspr ead , TAC, and AMS derived for the Geophex test site. The TAC anomalies at a threshold of
0.12 S/m are shown as circles for ferrous targets and boxes for nonferrous targets.
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threshold TAC amplitude that qualifies an anomaly as a target. This threshold can be determined experimentally by measuring the TAC value produced by the smallest target (e.g.,
20-mm projectile) buried at its maximum self-burial depth (e.g.,
25 cm), as set by the cleanup goal of a particular UXO survey.
Second, we define the maximum radius of a circular area that
may contain a single anomaly. Thus, a detection algorithm may
proceed as follows

1875

1) Pick all data points above the specified threshold amplitude.
2) Locate the peak in each contiguous segment. A segment
containing only a few data points may be discarded at this
time.
3) Locate and gather all picked data points from adjacent
survey lines that fall within the circle of specified detection radius.

FIG. 10. The performance of the detector functions Q sum , Q spr ead , Tspr ead , and TAC over a 30 × 30-m grid in Kaho’olawe, Hawaii.
The Q spr ead map shows the anomalies manually picked at the site. The TAC map shows the anomalies picked by the algorithm
described in this paper.
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4) Search and locate the global peak within the circle; the
peak corresponds to the target location.
The picked anomalies are posted on the TAC map and visually examined. If too many anomalies are picked, the threshold may be raised or the circle enlarged. If some anomalies are
missed, the threshold may be lowered. Then we run the algorithm again. In general, two or three iterations of processing
are required before an acceptable result is obtained.
FIELD EXAMPLES

First, we show the detector functions calculated from I and
Q components in Figures 2a and 2b (see Figure 7). Comparing Figure 7 with Figures 2a and 2b, we can recognize anomaly
A much easier from the detector functions (except for AMS)
than from the raw data. Also, the detector functions reduce
the background noises caused by variations in soil magnetic
susceptibility or sensor height. The geology-related anomaly
B appears on the spread function profile but not on the TAC
profile. The AMS profile reflects mainly the magnetic geology
in this particular case, and the target produces a weak susceptibility high because the induced conductive response reduces
the magnetization effect (Huang and Fraser, 1998, 2000; Huang
and Won, 2003).
Our second example comes from the GEM-3 data obtained
at a simulated UXO test site at Geophex in Raleigh, North
Carolina. The 10 × 10-m site on a dense red clay soil contains
21 metal pipes, ferrous and nonferrous, of various diameters
and lengths buried at depths down to 110 cm. The site also
contains a magnetic basketball-size diabase boulder. Figure 8
shows the site plan, and Table 1 describes each seeded target,
location, and depth to the center.
The data were collected at 10 frequencies between 90 and
47 970 Hz by a GEM-3 with a 96-cm diameter disk and a differential global positioning system (DGPS) mounted on a cart
at 0.5 m line spacing. Sample rate is 30 Hz, yielding more than
20 data points per meter at regular walking speed in a UXO
survey. Figure 9 shows the target maps derived from various
detector functions. Ferrous metals are indicated by both TAC
and AMS, nonferrous metals only by TAC, and magnetic rocks
only by AMS. The Q sum map locates the target fairly well with
the exception of a broad anomaly in the northwestern corner. The Q spr ead and Tspr ead maps miss several targets with high
background noise. Quite often, however, the spread functions
are good at reducing broad background features such as those
caused by geology.
The last example is from Kaho’olawe, Hawaii, where the
basaltic geology has highly magnetic soils. The GEM-3 sensor
data parameters are the same as those in the first example.
Figure 10 shows the target maps based on manually picked

anomalies using the Q sum and Q spr ead functions over a 30 × 30m survey grid. Manually picked anomalies, totaling 38, are indicated on the Q spr ead map, while the 39 computer-picked anomalies are shown on the TAC map using a threshold of 0.16 S/m
and 1-m radius detection circle. The TAC map appears to render anomalies distinctly in a quiet background in comparison
to other maps. Anomalies A, B, and C, for instance, are much
weaker on the Q spr ead than on the TAC map. These anomalies
are strong on the Q sum and the Tspr ead maps but are still noisier
than the TAC map. The AMS map mainly reflects the magnetic geology, but it can determine some ferrous targets; for
example, targets D and E are ferrous.
CONCLUSIONS

We have developed and analyzed several detector functions
that may be used for automatically picking UXO anomalies
from broadband EM data. The detectors include the sum of
the quadrature components, spread functions, total apparent
conductivity, and apparent magnetic susceptibility. Our limited
study indicates that the total apparent conductivity appears to
be best method in picking metal objects while suppressing responses from geology or motion-induced noise that is common
with handheld and cart-mounted sensors in rough terrain.
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