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An electromagnetic (EM) system to locate trapped miners at coal mine depths was
investigated, The use of such a system in deep mines requires transmission at ex-
tremely low frequenciles (ELF) and a reduction in the effective noise level beyond
that which can be obtained by acceptable integration times. Automatic-noise-cancel-
latfon (ANC) techniques reduce the effective noise level by combining several re-
ceived signals that contain correlated noise, The signals can be obtained either
from a remote magnetic antenna or a local electric antenna. This report presents
the results of a simulation of thHe use of ANC tecliniques in a through-the-earth EM
system., A multicomponent ELF noise model that incorporates impulsivity, direction
of arrival, and ground characteristics was developed. Nonlinear processors (NLP)
for ELF nolse were compared and the adaptive clipper was found to be preferable.
Direct-matrix-inversion (DMI) and least-mean-square ANC techniques were compared and
the DMI algorithm was preferable. The performance of the combined NLP-ANC system
was evaluated by simulation and effective noise reductions between 5 and 30 dB were
obtained for typical ELF-noise conditions. While improvements of the indiwmidual
systems were not additive, maximum noise reduction was obtained when both were

included.
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DISCLAIMER NOTICE

The views and conclusions contained in this document are those of the author
and should not be interpreted as necessarily representing the official poli-
cies or recommendations of the Interior Department's Bureau of Mines or of
the U.S. Government.
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technical direction of the U.S., Bureau of Mines with Steve Shope and Harry
Dobroski acting as Technical Project Officers. Karen Hatters was the con-
tract administrator for the Bureau of Mines. This report is a summary of the
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CHAPTER 1. INTRODUCTION
1.1 BACKGROUND

Electromagnetic (EM) techniques and apparatus for the subsurface loca-
tion of trapped mine workers have been developed during the past decade. The
"first-generation” system [1 - 4] transmits signals in the 600 - 3000 Hz
range to maximize the signal-to-noise ratio. Physical movement of the re-
ceiver and detection by human ear is required, and the accuracy can be de-
graded by irreqularities in the conducting ground.

The elements of the "second-generation" EM location system [5] are shown
in Figure 1-1. The subsurface beacon transmitter is similar to that of the
first-generation system, but uses a lower transmitting frequency. Uplink
signals are received by three three-axis magnetic-field antennas {(called
“search coils"}. The amplitudes of the nine field components are forwarded
to a computer in the electronics van. The computer processes the signals and
determines the position of the subsurface transmitter, Note that the re-
quirements for physical movement and detection by human ear are eliminated by
this system.

The deep-mine (1-km depth) application of electromagnetic (EM) trapped-
miner location techniques [5] and the desire to reduce the effects of the
conducting ground [6 - 9] mandate the use of lower uplink frequencies. At
such frequencies {1 - 30 Hz), the ambient-noise levels [5,7,10] are consider-
ably greater than those in the 600-t0-3000-Hz band used by the first-genera-
tion EM location system, However, intrinsic-safety considerations prevent
significant increases in the output of the beacon transmitter, and the link
analysis [5] clearly shows that simple signal integration alone does not pro-
duce adequate signal-to-noise ratio in an acceptable length of time,

The primary receiving antenna is a three-axis magnetic-field sensor, and
receives both the uplink signal and noise. Since the uplink signal is a qua-
si-static magnetic field, it decays very rapidly and has an insignificant as-
sociated electric field. In contrast, propagating atmospheric-noise fields
decay very slowly and include both electric- and magnetic-field components,
An electric-field antenna or a remote magnetic-field sensor therefore re-
ceives the atmospheric noise, but not the beacon signal.

Since the noises received by the primary and reference antennas are in
general highly correlated, significant improvement in the signal-to~noise ra-
tio (SNR) can be achieved by combining their outputs. Since the correlation
characteristics of the antenna outputs change with time and are therefore not
known @ priori, an adaptive-noise-cancellation {ANC) algorithm is required to
combine the outputs to obtain a signal with minimum noise.

A preliminary investigation of ANC technigques for through-the-earth
(TTE) EM systems was conducted during Phase I of this program [11]. This re-
port presents the results of Phase II, in which candidate techniques were
evaluated and compared by simulation.
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1.2 ANC CONCEPT

A simplified example of an automatic-noise-cancellation technique is
shown in Figure 1-2. The output of the primary receiving antenna is repre-
sented by x and contains the desired sigral corrupted by a significant amount
of noise. The signal-to-noise ratio (SNR) in this example is about -10 dB.

Waveform ¥ represents the output of a noise-reference antenna; in the
present application, this antenna could be either a remote magnetic-field
sensor or a local electric-field sensor. This received signal contains lit-
tle or nothing of the desired signal, but contains noise that is highly cor-
relaged with that in the output of the primary antenna (e.g., @ =1 and ®
<< 1),

The output signal % is a linear combination of the primary and noise-
reference signals, If the constant ¢ is set properly, much of the noise is
cancelled, producing the +10 dB SNR shown in Figure 1-2b.

In general, the noise statistics (hence constant ¢) are not known a
priori and are time varying. It is therefore necessary to use an adaptive
technigue to set the value of ¢ for maximum noise cancellation. A variety of
such techniques have been developed for other applications [1],

The transmitters in through-the-earth electromagnetic systems use elec-
trically small Toop antennas and can therefore be regarded as magnetic-dipeole
sources. The use of extremely Tow excitation frequencies to reduce the ef-
fects of the conducting ground alsc guarantees that the electric field pro-
duced by the subsurface transmitter will be negligible within its region of
operation. Consequently, the field produced is essentially a pure quasi-
static magnetic dipole field having a free-space structure with an inverse-
distance-cubed amplitude variation.

Atmospheric noise at extremely low frequencies is produced primarily by
thunderstorms. Nearby thunderstorms produce distinct noise impulses, while
the aggregate of distant thunderstorms produces a Gaussian background noise.
Since much of the received noise power is contained in the impulses, it is
necessary to include processing that edits (blanks) or cancels individual im-
pulses.

Because the attenuation rates for ELF signals are very low (e.g., 0.2
dB/Mm), most of the received noise power (especially after editing) is due to
distant sources. Since the wavelengths of the signals of interest are 6 Mm
(3600 mi) or more, noise waveforms tend to be similar at points separated by
significant distance (15 km). The primary causes of differences in the noise
waveforms are local geological features (e.g., changes in ground conductivi-
ty). Nonetheless, noise waveforms with correlations from 0.9 to 0.9999 (10
to 40 dB) can be found at sites separated by as much as 15 km. (This corre-
lation is the basis of remote-reference magnetotellurics). Since the ampli-
tude of the desired signal decreases by 60 dB as distance is increased from 1
km to 10 km, it is apparent that a remote magnetic-field sensor can provide
an essentially signal-free source of correlated noise.

A propagating electromagnetic signal contains both electric and magnetic-
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field components, which are related by the free-space impedance (377 Q).
Propagation over conducting ground produces the well-known phenomenon called
"E-field tilt," which causes the electric-field to tilt in the direction of
propagation. This implies that the horizontal electric-field components are
strongly correlated with the opposite horizontal magnetic-field components.
Since the beacon transmitter produces 1ittle, if any, electric field, it is
apparent that a local electric-field antenna can also be used as a source of
correlated noise. The magnetotelluric technique for geophysical prospecting
is based upon this phenomenon. A noise-cancellation technique based upon
electric- and magnetic-field correlation has been proposed for use with trol-
ley phones [1217,

1.3 PHASE-I RESULTS

The objective of Phase I was to conduct a preliminary investigation and
feasibility assesment of ANC techniques for TTE EM systems [1]. The two
principal areas of investigation were:

© FtlF-noise characteristics, and
e ANC algorithms.

Phase T work also included analysis of correlation estimators.

The TTE EM Tocation system involves reception of all three magnetic-
field components and (if ANC is used) possibly all three electric-field com-
ponents., The incident field includes the vertical electric and horizontal
magnetic components. The Field-Lewinstein-Modestino model represents single-
channel ELF noise as the sum of Gaussian and power-Rayleigh random-variables.
Direction-of-arrival characteristics are accommodated by using multiple noise
sources positioned to correspond to the major thunderstorm areas of the
world. Horizontal-electric and vertical-magnetic field components are gener-
ated by a "geology filter" that accounts for the electromagnetic characteris-
tics of the ground.

The 1imited amount of published empirical data for the frequencies of
interest show correlations of both the electric- and magnetic-field compo-
nents ranging from 0.9 to 0.9999., These correlation levels suggest the pos-
sibility of noise reductions from 10 to 40 dB through ANC.

Candidate ANC algorithm including direct-matrix-inversion (DMI), gradi-
ent (least-mean-square - LMS), and recursive {Kalman-filter} techniques are
identified. The DMI and LMS techniques have the most potential in the TTE EM
application.

1.4 PHASE-II OBJECTIVES AND ORGANIZATION

The objectives of Phase 11 are a thorough comparison and evaluation by
simulation of ANC techniques for the TTE EM application., The specific areas
of investigation include:
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The Field-Lewinstein-Modestino (FLM) ELF-noise model,
Direction-of-arrival (DOA) characteristics,

The geoclogy filter,

Effects of reception bandwidth,

Nonlinear-processing techniques,

ANC algorithms, and

The combination of nonlinear processing and ANC.

e 2 620 Q0

Chapter 2 develops the basic software for random-noise generation, in-
cluding subroutines for uniform, Gaussian, and power-Rayleigh random-varia-
bles. The Gaussian and power-Rayleigh random variables are obtained by non-
1inear transformation of the uniform random variable. Proper operation is
verified by moment and histogram tests.

The multicomponent ELF-noise simulation model is developed in Chapter 3.
The output from individual noise sources is obtained by summing Gaussian and
power-Rayleigh random variables as specified by the FLM model. The vertical-
electric-field component is obtained by summing the outputs from several such
sources., The horizontal-magnetic-field components are obtained by transfor-
ming the outputs of individual sources into X and ¥ components and then sum-
ming the results. The unit-pulse response of a homogeneous ground is derived
and used to implement a geology filter. Proper operation is verified by mo-
ment, amplitude-histogram, and DOA-histogram tests.

The FLM model characterizes ELF noise by power, impulsivity, and spiki-
ness. However, values of the impulsivity and spikiness parameters are pub-
lished for only a limited number of bandwidths. The effect of bandwidth up-
on these parameters is therefore analyzed, and a two-moment method for con-
version is shown to be suitable.

A considerable portion of the power in ELF noise is contained in dis-
¢rete impulses. Nonlinear processing can therefore be used to reduce the ef-
fective received noise power. Nonlinear processors based upon editing, clip-
ping, adaptive editing, and adaptive clipping are compared by simulation.

The adaptive clipper is found to be most effective and is operable at all
signal levels.

Narrowband DMI and LMS ANC algorithms are implemented and compared by
simulation with Gaussian noise. In this application, the DMI algorithm must
both estimate the noise-covariance matrix and the weighting matrix. Since
errors in one estimate produce errors in the other, it is effective to apply
the DMI algorithm recursively. (Two iterations are sufficient). The simula-
tions show a gain of 0.1 to produce the greatest noise reduction by the LMS
algorithm. The simulations also show the DMI algorithm to produce signifi-
cantly greater noise reduction than does the LMS algorithm,

The DMI algorithm is modified to operate on complex inputs that repre-
sent the narrowband outputs of the nonlinear processor {NLP). The DMI ANC
and NLP algorithms are then combined; proper operation of both subsystems is
verified by simulation. The combined algorithm is then tested under a varie-
ty of conditions. The benefits obtained with one algorithm alone are not ad-
ditive, but the inclusion of both algorithms is nonetheless desirable, Under
typical atmospheric conditions, the total noise reduction ranges from 5 to 30
dB, depending upon the local-noise level,
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CHAPTER 2. NOISE GENERATORS

This chapter develops software algorithms for the generation of the uni-
form, Gaussian, and power-Rayleigh random variables that are used in the sub-
sequent atmospheric-noise generators and ANC simulators. The uniform random
variable is generated by a shift register, and the Gaussian and power-Ray-
leigh random variables are obtained from a nonlinear function of the uniform
random variable. Satisfactory performance is verified by simulation. Both
the uniform and Gaussian random variables developed here are considerably
faster than those developed in [1].

2,1 UNIFORM RANDOM-VARIABLEiGENERATOR

A random integer with equally likely values in the range of -32767 to
+32767 is a satisfactory uniform random variable. A random integer with
suitable characteristics is produced by a linear-feedback shift-register gen-
erator (LFSRG) based upon a length-32 primitive polynomial [2].

The LFSRG produces a pseudorandom binary sequence of length

_ 532 4 _
Lpinary = 2° -1 = 4,294,967,303 . (1)
Random integers are formed from consecutive but nonoverlapping sets of 16
random bits. The number of independent pseudorandom integers is therefore

_ = . 8
Linteger B Lbinary/16 2.68°107 . _ (2)
Because the length of the binary sequence is not an integer multiple of 16,
the sequence of integers does not repeat immediately. However, integers sep-

arated in the sequence by Linteger will be well correlated with each other.

Nonetheless, a total of 268 million random integers is more than sufficient
for current simulation needs.

Two integers (four bytes of memory) are used as the shift register (See
Appendix B). Prior to shifting, masks are applied to each integer and the
number of 1s in the result is counted and saved.

Shifting is accomplished by division by 2. The high bit of each integer
is masked to produce a positive number prior to division. The lower integer
IR1 is shifted first. The low bit of the higher integer IRZ2 is then placed
in the high bit of IRl. Integer IR2 is then shifted by division by 2.

Feedback is accomplished by setting the high bit of IRZ2 according to the
parity of the total 1s count for the masked original integers. The value of
IR1 = 100000008 = 8P@PH is decoded into -32768 decimal. Since the corre-
sponding positive integer does not exist, a new random integer is computed
when this value occurs,

The feedback taps for the LFSRG are derived from the nineteenth length-
32 primitive polynomial given by Peterson [2, Appendix C]. Conversion to in-
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teger masks is accomplished as follows:

Octal code from [2] 4 1 7 6 0 4 2 7 6 0 7
Corresponding binary code 100 001 111 110 000 100 010 111 110 000 111
Reverse-order binary code 1 1100 0011 1110 1000 1000 0111 1110 0001
Corresponding hexadecimal code - C 3 E 8 8 7 E 1

M1' = 1+1 + 14+16 + 7+256 + 844096 - 65536 = 34785 - 65536 = - 30751 (3)

M2' = 81 + 14+16 + 3256 + 12+4096 - 65536 = 50152 - 65536 = - 15384 . (4)

Satisfactory performance of the random-integer generator was verified by
simulation programs that tested for repetition, compiled histograms, and es-
timated moments. Typical results are shown in Table 2-1 and Figure 2-1.

2.2 NONLINEAR CONVERSION OF RANDOM VARIABLES

The nonlinear conversion of random variable « into random variable y is
y = f(u) s (5)

where f is a nonlinear function. The relationship between the p.d.f.s of the
two random variables can be found by observing [3] that the corresponding cu-
mulative distributions must be equal; i.e.,

Y u
Lply') dyt = T p ety dut (6)

-]

In the present application, 0 € ¥ < X is a uniform random variable and
y > 0. For this case, (6) becomes

o &

¥
é py(y') dy' =L p,(u')du' =u/k . (7)

In the present application, the p.d.f. of ¥ is known and the nonlinear
function f(u) required to convert uniform random variable z into y must be
determined. This can be accomplished by inserting py(y) into (7) and solving

for f. The nonzero uniform random variable # is obtained by taking the ab-
solute value of a random integer generated as described in Section 2.1. If
negative values of ¥ are desired, the sign of ¥ is determined from the sign
of the randem integer from which % is obtained.
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Variable Spikiness Mean Variance Correlation
Uniform - .2329E-02 .9928 .9427E-04
-.9349E-03 1.007 -.9709E-04

.2329E-02 . 9928 .9427E-04

-.1794E-02 1.012 -.9449E-04

.2708E-02 .9907 .5671E-04

. 3440E-02 .9909 -.7106E-05

Gaussian -—- -.1048E-01 1.014 -.1155E-03
-.5752E-02 . 9988 . 7855E-06

-.1048E-01 1,014 -.1155E-03

.4016E-02 1.004 «3518E-04

.1094E-01 1.002 .4370E-04

-.6682E-04 1.008 .2339E-04

Power Rayleigh 0.25 .9894E-03 . 7668 -.9789E-10
0.5 .3093E-02 .9616 -.9566E-09

1.0 -.1031E-01 1.017 -.1062E-07

2.0 -.9626E-02 1.008 -.9266E-08

True mean = 0.0 and true variance = 1.0 for all tests.
Total number of sample pairs for each test = 10,000,

Table 2-1, Results of moment estimates.
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Gaussian

Total number of samples = 20,000

Figure 2-1. Histogram of uniform and Gaussian random variables.

¢ -‘}-1000

. a = 0.5

©

= 0.25

Total number of samples = 20,000

Figure 2-2. Histogram of power-Rayleigh random variables,
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2.3 GAUSSTAN-NOISE GENERATOR

Insertion of a Gaussian p.d.f. [1] with zero mean and unity variance
into (7) yields

)
6 (1/2n)1/2 exp(-22/2) dz = u/k (8)

from which
(1787Y172 erf(g/2t/2) = wik (9)

The form of f(u) is therefore an inverse error function,

The inverse error function is readily generated by neither formula nor
iteration. Subroutine GAUSS (Appendix B) therefore uses a 28-point conver-
sion table with linear interpolation between points. The required values of
u and g are given in a number of references (e.g., [4]). Note that values of
u are scaled prior to entry in the table by multiplication by k=32767, which
corresponds to the maximum value of a random integer. Finally, g is scaled
and translated to obtain the specified mean and variance.

The results of histogram (Figure 2-1) and correlation {Table 2-1) tests
show satisfactory performance of subroutine GAUSS.

2.4 POWER-RAYLEIGH-NOISE GENERATOR

The power-Rayleigh random variable is used to generate both wideband im-
pulsive noise and the envelope of narrowband impulsive noise. Setting a=2
produces a conventional Rayleigh random variable, Substitution of its p.d.f.
([1], Chapter 2, (3)) into (7) and imposing # » 0 and ¥ ? 0 yields

Yy
uf2k = | (a/2i) 71 expl-(2/R)"] d (10)
Fit

ulk = yg a 1 exp[-v*] dv (11)

(g/B)" 2
= f exp(-w) dw =1 - expl-{y/R)"] , (12)

where

w =% = (y/R)* (13)

is used to simplify the integral.

Rearrangement of (13) then yields
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y = f(u) = B-1n(1 - u/x)103/2) (14)

Subroutine PWRRAY (Appendix B) uses this formula to generate an always-posi-
tive power-Rayleigh random variable from a random integer u. Constant k=
32767 corresponds to the maximum value of u, and u=32767 is not used to avoid
zero in the argument of the Togarithm.

The results of histogram (Figure 2-2) and moment (Table 2-1) tests show
satisfactory operation of subroutine PWRRAY. The estimated variance of
0.7668 is not a cause for alarm, as the variance of this estimate increases
rapidly as spikiness increases. Similar deviations (both high and low) were
observed in other runs,
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CHAPTER 3. ELF NOISE

Simulation software for generating multicomponent ELF noise fields is
developed in this chapter. Impulsive ELF noise is generated by summing Gaus-
sian and power-Rayleigh random variables. Incident noise fields (horizontal
magnetic and vertical electric components) are obtained from impulsive noise
sources at various azimuths. The remaining field components (horizontal
electric and vertical magnetic) are produced by the response of a geology
filter to the incident field components.

3.1 WIDEBAND ELF NOISE

Wideband ELF noise is generally regarded as the sum of Gaussian and im-
pulsive components [1]. The Field-Lewinstein-Modestino ELF-noise model [2,3]
represents the impulsive component as a two-sided power-Rayleigh random vari-
able and allows adjustment of both impulsivity and impulse energy to fit ob-
served statistics. Furthermore, it is tractable and has been shown to pro-
vide a good fit to observed ELF-noise data.

ELF Noise

The Gaussian and power-Rayleigh random variables are obtained from sub-
routines GAUSS and PWRRAY {Chapter 2). ELF-noise characteristics are most con-
veniently described in terms of total noise power P, impulsivity v, and the

power-Rayleigh p.d.f. shape factor a. However, the noise-generator subrou-
tines require the rms voltage 9 of the Gaussian noise and the impulse energy

R in addition to the shape factor a.

Impulsivity is the ratio of the powers of the Gaussian and power-Ray-
leigh components. From (4) and (5) of Chapter 2 of [1],

2 _ 2
62 = p /(1 + v?) (1)
and
c; = y2 ci . (2)

The relationship among impulsivity, impulse power, and impulse energy
is given by (5) of Chapter 2 of [1]. Rearrangement yields

RZ = c:;/r(l +2/a) (3)
where T(n) = (n - 1)! is the well-known Gamma function.
Equations (1) - (3) convert the more convenient specifications to the
parameters needed by subroutines GAUSS and PWRRAY, and are implemented in

subroutine ELFPRM,

~ Histograms corresponding to Gaussian, low-level, moderate-level, and
high-level noise {(Table 3-1) are shown in Fiqgures 3-1 to 3-4. These histo-
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Noise Conditions Y a AL H2
High-Tevel atmospheric {Saipan} 4.4 0.25 12.8
Moderate-level atmospheric (Malta) 2.6 0.25 E
Low-level atmospheric {Norway) 1.2 0,50 8.0
Gaussian 0.0 -- -

Table 3-1. Noise parameters for 300-Hz bandwidt;_[;].
INDEX LOCATION AZIMUTH

1 Africa q5°

2 South America 135°

3 Indonesia -70°

4 Randon q}n.m'in <y < ‘J’A.Inax

Table 3.2, Noise sources,

NO| SE-SOURCE PARAMETERS
TEST AFRICA 45° S.A. 135 INDONESEA -70° RANDCH TOMMENTS
P Y P Y e Y P Y Ymin Yrax

1 [ - a - 1.0 4.4 4] - - - §ingle source, high Impulsivity

2 0 - [+] - 1] - 1.0 4.4 =110* =-160° Single source, random azlmuth

3 Q - 0.5 4.4 0.5 4.4 ] - - - Two sources, high Impulsivity

4 0.5 4.4 0.5 4.4 4] - [¢] - - - Two sourcas, hligh Impulsivity

5 0.5 ded [+] - a.5 4.4 0 - - - Two sources, high Impulsivity

L] 0.33 4.4 0.3 4.4 0.3 4.4 0 - - - Three sources, high Imputsivity

7 0.33 246 0.33 2.6 0.33 2+6 1} - - - Threa sources, mod, impulsivity

] 0.33 1.2 0.33 1.2 0.33 1.2 0 - - - Three sources, low Impulsivity

9 0.33 1] 0.33% 0 0.33 1] 0 - - - Three sources, Gaussilan nolse

10 0.33 2.6 0.33 1.2 0.33 4.4 0 - - - Three sources, varylng Ilmpulsivity
1 0.22 246 0.07 2.6 071 2.6 0 - - - Three sources, 5-d8 power variarion
12 0.09 2.6 0.01 2.6 0.90 2.6 [v] - - - Three sources, 10=dB powsr variation

MNolse Condltlons:

High level y = 4.4,

Mod, level y = 2.8,

Low level

Gausslan

4

Y= 1.2
Y = 0.0

a = 0.25
a=0.25
a=0.5

Table 3-3. Test condfsions.

!
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grams are in good agreement with plots of the corresponding p.d.f.s (Figure
2-5 of [1]). Satisfactory performance was also verified by moment tests.

The incident ELF signals at a given location are the two horizontal mag-
netic-field components (Hé and Hy) and the vertical electric-field component
(Ek)' The incident ELF fields are simulated by using the ELF-noise generator

described previously to produce noise fields corresponding to several sources
of fixed and random azimuths. The operation of the ELF incident-noise gen-
erator was tested thoroughly by compiling several statistics, including time
series, amplitude histograms, and direction-of-arrival data.

Incident Noise

The noise sources included in the ELF incident-noise generator are Tist-
ed in Table 3-2, The three fixed-azimuth sources correspond approximately
to the earth's three principal areas of thunderstorm activity, as seen from
California. The azimuth of the fourth noise source is uniformly distributed
between two specified azimuths; a new random azimuth is determined for each
noise sample. The noise power Pn, impulsivity v, and impulse energy a are

independently specified for each source, but remain constant throughout a
particular simulation,.

The total incident fields are the sum of the incident fields from all
four noise sources. The magnetic fields are summed according to direction of
arrival, as defined in Section 2.3 of [1], thus

4
1 =1
and
4
H =+ LI n.cos y. . (5)
¥ i=1 ¢ ke

"ol

Tests

The test program generates histograms of the amplitudes of all three
incident components of the incident ELF noise, The mean and variance (noise
power) of each component is also computed. The program optionally allows
output of a set of time series {actual samples) of all three components.

The direction of arrival of each noise sample is determined by conven-
tional radio-direction-finding techniques in which the polarity of the verti-
cal electric field is assumed to be the polarity of the noise source. The
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estimated direction of arrival is therefore given by
y = arctan [(Hx sgn E%)/(Hy sgn E%)] . (7)

The software implementation (subroutine DF) uses the four-quadrant inverse
tangent ATANZ, which provides correct quadrant resolution except when H, = 0.

In that case, ¢ = 0 or 7, depending upon whether Hy sgn £, is positive or
negative. If E% = 0 or both Hx = 0 and Hy = 0, the direction of arrival is
indeterminate, which subroutine DF indicates by setting § = 10.

The test program compiles several statistics related to direction of
arrival. The most straightforward is a simple histogram of ¢ in sectors of
6° widths, Since this histogram gives equal weight to both large and strong
signals, additional histograms are compiled for signals exceeding 1, 4, and
S times the total noise power.

The received energy is also sorted by 6° sectors of the direction of ar-
rival. Since instantaneous electric- and magnetic-field energies are not
necessarily the same when there are multiple noise sources [1], they are
sorted separately. The power accumulated in each sector is normalized by the
number of samples.

Test Results

The performance of the ELF noise generator was evaluated through a set
of 12 different tests (Table 3-3) that provide various sources, powers, and
impulsivities., Each test included 10,000 samples.

Figure 3-5 presents amplitude histograms for the Hm, Hy, and E, sig-

nals produced in test #6., The statistics of all three incident signals are
quite similar.

The time series for two sources with highly impulsive noise {test #3) is
shown in Figqure 3-6. Each graph depicts 600 sequential noise samples. For a
sampling rate of 300 Hz (as in [3]), each graph corresponds to 2-s of data.
The rate of impulse occurrence is therefore approximately 10 Hz, which also
corresponds to the data [3] from which impulsivity and spikiness parameters
were taken.

Direction-of-Arrival Histograms

Direction-of-arrival {DOA) statistics are shown in histogram form in
Figures 3-7 - 3-14, The left graph in each figure is a radial histogram of
DOA in 6° sectors. The solid dots (.) are histograms of all samples, while
the open dots {°} are histograms of those samples exceeding the rms power
level (1 o). The right graph represents the average received magnetic-field
energy, again divided into 6° sectors. (In all cases, the received electric-
field energy graph was gquite similar to the magnetic-field energy graph.)

The DOA data for single sources are not especially interesting, and pri-
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All points = E>a?

s 5

{a) DOA count (b) Magnetic-field energy

Figure 3-7. Directional histograms for two sources with high impulsivity (Test #5).

All points T Ere

S S

(a) DOA count {b) Magnetic-field energy

__.Flgure 3-8. Directional histogrars for three sources with high imoulsivity {Test #6).

5
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- A1l points = £ 02

{a) DOA count (b) Magnetic-field energy

Figure 3-9. Directional histograms for three sources with moderate impulsivity {Test #7).

« A1l paints ° E ot

{a) DOA count (b) Magnetic-field energy

__ Figure 3-1C. Directional histegrams for three sources with low impulsivity (Test {8).




A1l points °© £y ol

5 S

fa) DOA count (b) Magnetic-field energy

Figure 3-11, Directional histograms for three Gaussian sources (Test #9).

- All points ° £y d?

)

(@) DOA count (b) Megnetic-field energy

Figure 3-12. Directional histogréns for three sources with ¢ifferent impulsivities (Test #10).
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- A1l points ° By ol

{a) DOA count {b) Magnetic-field energy

Figure 3-13. [Directional histograns for three sources with 5-dB difference in power (Test #11).

. Al points ° ) gl

{a) DDA count {b) Magnetic-field energy

(__Figure 3-14. Directional histograns for three sources with 10-dB Zifference in powerr(Test §12).
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marily verify proper operation of the software. The statistics for two high-
ly impulsive sources are plotted in Figure 3-7. It is interesting to ob-
serve that the DOA counts for many sectors are identically zero. It is also
interesting to note that while the overal’ DOA count is a rather broad curve,
the locations of the two sources are apparent in the 1-0 and energy plots.

Figures 3-8 - 3-11 present statistics for three sources with the same
impulsivities. It is apparent that the overall DOA count is largely indepen-
dent of the source directions, even for highly impulsive noise. The 1-¢ and

energy plots, however, clearly indicate source azimuth for high and moderate
impulsivities.

The effects of differences in the impulsivity and noise power of the
three sources are shown in Figures 3-12 - 3-14. The source with the greatest
impulsivity is clearly indicated by the data in Figure 3-12; however, the two
sources of lesser impulsivity are also distinguishable in the l-c and energy
data. A1l three sources are clearly visible when the difference in their
powers are 5 dB (Figure 3-13), However, with differences of 10 dB (i.e.,
South America is 20 dB weaker than Indonesia), the weakest source begins to
disappear (Figure 3-14).

3.2 GEOLOGY FILTER

The incident field at a given location includes horizontal magnetic
components (Hx and Hy) and a vertical electric component (Eé). The horizon-

tal electric-field components (E% and Eé) and the vertical magnetic-field
component (Hz) are produced [1] by the application of the incident field com-

ponents to a "geology filter" based upon the characteristics of the local
ground.

~ The horizontal electric-field components are directly associated with
the horizontal magnetic-field components through an impedance sensor or sur-
face impedance; this relationship is the basis of magnetotellurics [4]. It
is therefore possible to derive a somewhat universal means of producing the
horizontal electric-field components in an ANC simulation. This note uses
the well-known frequency-response characteristics to drive a nonrecursive
filter for time-domain processing.

In contrast, there is no simple, universally applicable relationship
between the vertical magnetic-field component and the incident horizontal
magnetic-field components [5]. Therefore, the most feasible method for
generating Hz in a simulation is to use a linear combination of the two inci-

dent magnetic-field components and perhaps the three electric-field compo-
nents as well.
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Désired Frequency Response

The relationship between E; and Hy for single-frequency excitation is
given [1, (2.37)] by

Ey(w) = 2., (0) F,fw) (8)
where
2oy () = (Gonp)} /2« 2L ) /2 (9)

and p = 1/o0 represents ground resistivity. This approximation is valid for
wep << 1. For the worst case of poorly conducting ground, this implies that
f << 10 kHz, which clearly includes the ELF band of interest here. The re-

lationship between Eé and Hx is similar, except that Zyx = 'ny'

Equation (9) implies a 45° phase shift and a 10 dB/decade high-pass re-
sponse. Aside from being rather unusual (from the viewpoint of filter
theory), such a frequency response is by itself clearly unrealizable, since
its gain is unbounded as frequency increases, Nature overcomes this incon-
sistancy by flattening the response and eliminating the phase shift for
frequencies for which wep >> 1, Since such frequencies are well beyond the
ELF band, the use of (9) should not cause any difficulties.

Temporal Waveform

Nonlinear processing of wideband ELF noise requires waveforms rather
than frequency spectra. The time and frequency domains are related by the
Fourier and inverse Fourier transforms, which are defined [6] by

4o

—_ _ _ -jwt
Hy(w) = F[Hy(t)] = :L Hy(t) e dt (10)
and
R _ 1 e +Jwt
E&(t) =F [E%(w)] = E—- 7 E&(w) e dw . (11)

Note the use of the overscore to differentiate a frequency-domain function
from a time-domain function.

The relationship between the waveforms of the horizontal electric field
and the corresponding harizontal magnetic field is determined by applying the
Fourier-transform retationships to the geology-filter frequency response (9),
thus

E(e) = FUAE (@)} = F7Y {2, (u) B, (0)] (12)

"

Fl {2z, (w) F[Hy(t)]} = F71 {{juup)t’/? F[Hy(t)]} (13)
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Such a relationship could be simulated by the use of fast-Fourier trans-
forms; however, the computational requirements would be excessive. Equation
(13) has the same general form as a differentiation relationship, but the
meaning of a half-order derivative is not at all clear.

Conversion of (13) to a pure time-domain re1ationsh1pvis facilitated by

converting the Laplace transform of £71/2 [6, Table A-3, (3.1)] into a
Fourier transform, thus

FLe(£)] = FL(nt)™1/2] = (4u)71/2 = G(u) . (14)

Rewriting (13) to include G(w) and using the differentiation principle [6,
(6.23)] yields

E () = (wp)/2 F71 {(ju)"1/2 [(ju) Eé(w)]} = (ue)!/2 F{c(w) B (w)} (15)

where

;i = dH dt . 16

S() = i () (16)
The waveform of the horizontal electric field is now given as the

inverse-Fourier transform of the product of two frequency-domain functions.

The convolution principle [6, (6.28)] allows (15) to be expressed directly

in terms of time-domain functions, thus

t
E_(t) = (uo)t/? ! ¢(1) Hé(t - 1) dr (17)
t H(t - 1)
= r)l72 Y
(up/m)? ! 7 dr . (18)

A similar relationship is given by Cagniard [7].

Sampled-Data Implementation

Continuous integrals such as (18) must be converted to discrete summa-
tions for use in time-domain simulations. Insertion of t=kAt and t=7Af into
(18) yields

E (xat) = (wo/n)t/2
7

k  EZ(kbt - i At)
r Z AE (19)

1 (i at)l/2

where At is the sampling period. In the more usual sampled-data notation,
(19) becomes

E (k) =¢C bt

€T

k B (k -1
3 y( t) , (20)

i 1 7:1!2
where
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C = (up/m at)i/2 (21)

The derivative of the magnetic-field waveform is simply

H = - - 1)1/t . 22
(k) = L4, (k) - & (& - 1)1/8¢ (22)
Insertion of this relationship into (20) produces
k H(k-41) -H (k-1 -1)
E(x)=c © 2 Y . (23)
i=1 il/2

Equation (23) expresses B directly in terms of previous Hy samples, How-
ever, the convolution summation implies an ever-increasing computational
load.

The coefficients of a nonrecursive digital filter can be found from the
response of the filter to a unit pulse [8]. The unit pulse function (analo-
gous to the impulse function in the analysis of continuous systems) is de-
fined by

H (k) = . 24
NORS (24)

The unit-pulse response of the geology filter is shown in Figure 3-15., The
decay of p(k) with increasing k¥ is very slow, assymptotically approaching
17372,

Since the output at sample k can be represented as the sum of the indi-
vidual responses to each previous input sample,

0, k<0
p{k) =< ¢, k =1 (25)

clx™1/2 - (k- 1)71/27, x5 2

B, (k) = p(0) &, (k) + p(1) B (k - 1) + p(2) B (k - 2) + ...

p(i) #,(k - 4) . (26)

oo oxs

=0
In practice, it is necessary to include only a finite number (1) of terms.
Since p(0)=0, the nonrecursive digital implementation of the geology filter
has the form
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oM

p(1) B (k - 1) . (27)
1

Digital filters can in general be implemented in either recursive or
nonrecursive forms (or hybrid forms). However, the coefficients in a re-
cursive implementation of this filter decay even more slowly than those in
the nonrecursive implementation, making the recursive implementation the less
desirable,

Test Results

The frequency response of the geology filter was tested by time-domain
simulation with cosinusoidal input signals. After adequate settling time
(I/fmin)’ the frequency response was calculated by a numerical Fourier inte-

gration. The accuracy of this method was tested by setting the filter length
to 1 to produce an (ideally) flat response. The results show errors of less
than 1 dB and less than 2°, which are consistant with the accuracy of the
simutation,

Frequency responses were determined for sampling frequencies (f;) of
100 and 300 Hz and filter lengths (yf) of 100, 200, and 300 elements. The

primary effect of increased filter length is better low-frequency response.
While the frequency response curves {e.g., Figure 3-16) leave something to be
desired, they do provide the desired general tendencies. Since the impulse
response of this filter decays very slowly, it is doubtful that a significant
improvement can be attained without a tremendous increase in the number of
terms in the filter,
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CHAPTER 4. RECEPTION BANDWIDTH

The Field-Lewinstein-Modestino model represents ELF noise as a sum of
Gaussian and impulsive components. This model has praoven to be accurate and
is especially convenient for analysis and simulation, However, the param-
eters of the model are bandwidth dependent and have been measured for only a
few specific bandwidths. No method of calculating the parameters for other
bandwidths has been presented. This chapter derives such a method by equat-
ing the moments of the impulsive component of the ELF noise at the input and
output of the filter,

The per-second rate A of occurrence of ELF-noise impulses is a natural
parameter that varies from 9 to 13 Hz, depending upon atmospheric conditions
(Table 3-1). 1In contrast, the per-sample rate of occurrence of impulses in
noise simulated using the Field-Lewinstein-Modestion (FLM) model is deter-
mined completely by the parameters a (or R) and Y. Furthermore, the per-
sample and per-second impulse rates are directly related by the sampling fre-
quency. It is therefore obvious that some modification must be made to the
values of a and Y if the sampling frequency used in a simulation is not the
same as that used to collect the data from which ¢ and Y were extracted.

The data presented by Modestino [1] and subsequently used by Field and
Lewinstein [2] were collected with a bandwidth of 300 Hz. Neither paper sug-
gests a method of converting a and v for one bandwidth inte @ and Y for an-
other bandwidth, It is, of course, possible simply to generate simulated
ELF noise at a 300-Hz rate and apply it to a low-pass filter to obtain ELF
noise with the desired bandwidth. However, doing so requires the genera-
tion of a larger number of random numbers than is really necessary, resulting
in a slower-running simulation,

One approach to determining the parameters of interest is to calculate
the p.d.f. of the filter output and find the best fit between it and the
p.d.f. of the FLM model. Calculation of the p.d.f. by either direct convolu-
tion or transformation to the characteristic function involves unmanageble
integrals and must therefore be accomplished numerically. The erratic nature
of impulsive noise makes simulation impractical because of the extremely
large number of samples required for adequate accuracy. The approach pre-
sented here avoids the both lengthly numerical calculations and lengthly sim-
ulations by matching the moments of FLM noise to the moments of the filter
output.

4.1 GENERAL FORMULATION

A general idea of how filtering affects ELF noise can be obtained by
considering the effects of the "box-car" average

5, (1)
1

[N

1]
= |G
[T e =]

n

where each z is a "wideband" noise sample. According to the FLM model
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ELF noise is a sum of Gaussian and impulsive components, thus

zn=xn+yn . (2)

The objective here is to fit the FLM model to the fitter output, thus
by analogy to (2),

7 2X+Y . (3)
For convenience, the filter gain is set at
G =N/ (4)

so that both output power and input power can be normalized to unity.
4,2 CONSTANT-IMPULSIVITY APPROACH

Individual wideband noise samples (including both the Gaussian and im-
pulsive components) are assumed to have zero means and be mutually indepen-
dent. Furthermore, both the Gaussian and impulsive components are assumed to
be white over the bandwidth of interest. Consequently, the filter reduces
the power in each component by the same amount.

Implications

The impulsivity {(ratio of impulsive-noise power to Gaussian-noise power)
of the filter output is therefore unchanged by the filter; i.e.,
- = 62762 = g2 742
Y, =7; = °y/°x = Oy/crm . (5)
This implies that the Gaussian and impulsive components of the filter output
correspond directly to the Gaussian and impulsive components of the input,
thus

&1 =

X=£ T (6)
¥n

n
foer)

and

™ =

G
Y == ¥, . (7)
Nn n

=1

The summation of Gaussian random variables produces a Gaussian random
variable, hence X is Gaussian. As long as the rate of occurrence of large im-
pulses in the input is relatively low, it is unlikely that two or more im-
pulses occur during one averaging interval. Under such conditions, Y is
relatively impulsive compared to X.
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Moments of Input

The FLM model assumes a two-sided power-Rayleigh p.d.f. for the impul-
sive component of ELF noise:

p, ) = (Iy1%7/2 #) expl-(9/R)"] . (8)
The symmetry of this p.d.f. implies that all odd-order moments of y are zero.
The even-order moments are given by

o ™

= f yk py(y) dy = 7 ] WK% o4 qy =

uKy r'(l + kfa) , (9)

which is obtained from (8) by use of the substitution u = (y/R)%.

Moments of Output

The second moment of the impulsive component of the output is

G2 2
= E[y2] = = E + Yyt ..+ 2 +...] . 10
by = EL¥2] 7 R ¥, Y, ] (10)
The independence of different samples and (4) imply that
G°N rr.2
=N = . 11
by T Ly = v, (11)

The fourth moment of Y is similarly

"
= E[y*] = & e[yt Y+ ...+ 4 34 L.+ 62y o+ .. 12
M.y [x4] - [y1 vy vyl Yyl oy ] (12)
Nz
=2 1N + 3 -1 13
- { Mo y(F - 1) ”zy} (13)
sl os3w-1) ). (14)
N Y 24
Fitting

The power-Rayleigh random variable to be fitted to the impulsive compo-
nent of the filter output is characterized completely by two parameters, a,

and R . Fitting is accomplished by choosing a, and R, to produce the second

and fourth moments of the output. This ensures that the FLM model produces
the power, and to a first approximation, the spikiness that occur in the fil-
ter output,

Inspection of (9) shows that unknown R, can be eliminated by dividing

the fourth moment by square of the second moment, producing
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r(l + 4/ .
Pla,) = =L - L) (15)
Wy r{l + 2/ao)

The value of f(a ) is determined from ¥ and input moments uzy and My which
are obtained from (9) by insertion of a and R for the wideband input noise.
Unknown a, is obtained by solving {15) numerically. Unknown R, 1s then
determined from a_ and the second moment (power) by

Rg = uzy/r(l +2/a)) . (16)

The numerical solution of (15) is readily implemented by rearranging it
into

0= T(L+28) - (uy/uy) T(L+8) , (17)

finding B = 2/a0 numerically, and then calculating a .

Results

The variation of a, with » is shown in Figure 4-1 for several values of

a. As expected, increasing the integration time (decreasing the bandwidth)
produces increasing values of a , implying decreasing "spikiness" of the

noise.

Figure 4-2 compares the histograms of filtered moderate-level FLM noise
and FLM noise with a, and R, determined by this method. For ¥ = 10, it is
apparent that the agreement is excellent. Excellent agreement is also ob-
tained for high- and Tow-level noise.

These relationships are expected to be valid for values of a, ¢ 1. As
a, > 2, the power-Rayleigh p.d.f. tends toward the nonimpulsive Rayleigh
p.d.f. of the envelope of narrowband Gaussian noise.

4.3 VARIABLE-IMPULSIVITY APPROACH

The two-moment bandwidth-conversion method presented previously is con-
venient and easy to use. However, it does not allow for eventual convergence
of the FLM random variable to a Gaussian random variable for very large val-
ues of N. This note develops a three-moment technique for matching impul-
sivity as well as power and spikiness.

The three-moment method is formulated by deriving the second, fourth,
and sixth moments of the wideband and averaged ELF noise =, as well as those
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of its Gaussian and impulsive components x and y. Matching the moments of
a single sample to those of the average is accomplished by solving a system
of three nonlinear equations,

Moments of Wideband Noise

The moments of the impulsive component y are given in Section 4.2. From
(1-4) of [3], the even (nonzero) moments of the Gaussian component z are

b = 1e35e 0 (X - 1) or . (18)

Kx

The moments of the FLM ELF noise are then obtained by expanding zK,
taking its expectation, dropping terms containing odd {zero) moments, and
substituting the moments of the two components:

uzz = E[22] = E[x2 + 2 Ty + y2] (19)
= uzx + uzy (20)
= oi + B2 D(1 + 2/a) (21)
Moa T E[z*] + E[y"] + 6 E[x?] E[y?] (22)
= uqx + uqy + 6 uz:c uzy (23)
=3 c; + B*T(l + 4/a) + 6 oi R® T(1 + 2/a) (24)
bea = E[«®] + E[y®] + 15 E[z"] £[y?] + 15 E[2?] E[y*] (25)
= usx + uGH + 15 uhx uzy + 15 uzx “qy (26)
= 15 cg + R5 (1 + 6/a) + 45 c; RZ T(1 + 2/a)
+15 62 B% I(1 + 4/a) . (27)

Moments of Averaged Noise

By analogy to Section 4.2, the second and fourth moments of the averaged
noise are

1 -
ng = WET = (28)
and



a4

{u

PR IUER R (29)

The sixth moment of the averaged noise is found by expanding the sum
and determing the total number of each type of term as a function of ¥, thus

;o

B, o= 2 E[28 + 28 + ...
62 6 1 2

+ 15 g% 22 + ...
1 2

+ 15 32 g4 + .,
1 2

+ 90 22 32 32 + ,,.] (30)
1 2 3
=1 6
= — {¥ E[2®]
N3
+ 2(15/21) (¥ - 1) E[&*] E[22]
+ (90/31) (N - 1){(Ww - 2) E3[52]} (31)
1

- (n, * 160 - Dw g+ 15 (0 - 1) - 2) w ] )

Inspection of (28), (29), and (30) shows that they converge to the mo-
ments of a Gaussian random variable as ¥ + =, Furthermore, for Gaussian wide-

band noise (y = 0), they produce the moments of Gaussian noise for all values
of X,

Solution

Equating the moments of a single FLM random variable [{21), (24), and
(27)] to the moments of a sum of FLM random varaibles [(28), (29}, and (32)]
produces a system of three nonlinear equations in three unknowns. Simplifi-

cation of this system of equations appears impossible.

A numerical solution can be implemented using the l1inearized form

p=CAv , (33)
where
Ao
x
Ap = | AR (34)
Aa

represents the differences between O s R, and a for an assumed solution and
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those for the true solution. Thé vector

Moz T Moz
P=| Mgt (35)
usZ ) ”65

represents the differences between the moments of the average and the moments
of a single FLM random variable with the assumed values of O R, and a.

The rates of change for the assumed parameter values are contained in matrix
¢, which has the form

3“23/3% Buzz/BR Suzz/aa
¢ = auqz/acx auqz/BR Buhz/aa , (36)
Suez/acx auﬁz/BR 3u63/3a

and must be calculated numerically.

The solution for the difference vector is then

av = ¢ r - (37)

The solution is most readily implemented by changing ¥ in small increments
and using the previous solution for 9. R, and a as the assumed initial set

of values in the subsequent solution. It is desirable to allow for up to 10
iterations. Stability can be assured (in all but a few anomolous cases) by
multiplying Av by a constant in the range of 0.5 to 0.75 prior to updating
the assumed values of 0., R, and a.

Results

The variations of impulsivity and spikiness with the number of samples
averaged are shown in Figure 4-3. The rapid decrease in impulsivity with in-
creases in N is apparent.

The histogram plots of Figure 4-4 compare a single FLM random variable
with parameters calculated by the three-parameter method to the average of 10
FLM random variables. For N=10, it is apparent that the decrease in impul-
sivity predicted by the three-parameter method is excessive.

4.4 PREFERRED METHOD

Comparison of histogram plots (e.g., Figures 4-2 and 4-4) shows that
the two-moment method gives more accurate results for the bandwidth conver-
sions of interest. Parameters for various bandwidths of interest (calculated
by the two-moment method) are given in Table 4-1.
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BANDWIDTH
NOTSE 300 Hz 100 Hz 30 Hz
CONDITION
Y a ¥ a t a
HIGH
. .4 B 4.4 0.32
LEVEL 4.4 0.25 4 0.28
MODERATE . , 032
CEVEL 2.6 | 0.25 2.6 0.28 6
LW k 1.2 0.83
LEVEL i.2 0.8 1.2 0.63 2
-
GAUSSLAN 0.0 - 9.0 0.0 -

Note: Based ypon two-moment method and data from Taple 3-1.

Tadle 4-1.

Parameters for ELF noise of various nardwid:hs.
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CHAPTER 5. NONLINEAR PROCESSING

Atmospheric noise at extremely low frequencies is in general a combina-
tion of Gaussian and impulsive components, Because a significant fraction of
the total noise power is concentrated in readily discernible impulses, signi-
ficant improvement in the effective signal-to-noise ratio can usually be
achieved by nonlinear processing of the noisy signal.

There are many possible approaches to nonlinear processing. The theo-
retically optimum approach [1] is to pass the noisy signal through a nonline-
arity that converts the impulsive noise into Gaussian noise. However, such
an approach is not practical unless the specific p.d.f. of the impulsive
noise is known a priori, In this application, it is therefore necessary to
use a more straightforward nonlinear processing method such as clipping or
editing,

This chapter addresses several key issues in the nonlinear processing of
ELF noise, including:

Clipping vs. editing,

Adaptively setting the threshold,

Implementation of a signal-nulling loop, and
Statistics of the output of the nonlinear processor.

e 0 0 &

5.1 ADAPTIVE CLIPPER/EDITOR

The block diagram of an adaptive nonlinear processor is shown in Figure
5-1, This processor includes both nonlinear impulse processing and coherent
signal detection.

Wideband noise from the analog portion of the receiver is applied to
a bandpass filter and then sampled and digitized. It is desirable to Teave
the input bandwidth as large as possible {up to about 1 kHz) to preserve the
sharpness of the impulses. However, it is also necessary to eliminate 50-
and 60-Hz power-1ine noise., The probable cut-off frequency of the input fil-
ter is therefore 30 Hz.

The adaptive nonlinear processor shown in Figure 5-1 may be either a
clipper or an editor. The threshold for clipping or editing is derived from
the estimated total input power. This concept is discussed in greater detail
in the next section,

After nonlinear processing, the received signal is applied to a coherent
detector., Coherent detection is accomplished by mixing the signal separately
with cosine and sine waves of the signal frequency. Integration of the mixer
outputs yields estimates of the in-phase and phase-quadrature components of
the signal. Signal amplitude and phase are readily derived from EI and éQ.

Alternatively, a low-pass filter may be used in place of the integrator.
In either case, the combination of the mixers and integrators (or low-pass
filters) acts as a bandpass filter at the signal frequency.
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Figure 5-2. Acaptive nonlinear processor with signal nulling.
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5.2 THRESHOLD DETERMINATICON

The two nonlinear processing techniques considered practical for this
application are clipping and editing. Clipping limits the maximum positive
and negative values of the signal, and is therefore characterized by

where B and 2, represent its input and output, respectively, The editor

(also called a "hole puncher") discards data (zeros its output) whenever its
input exceeds a threshold. The editor is therefore characterized by

0, z,>r1
1

B, =88, - TSa SHT . (2)

0, Z. < -1

Since neither the power nor the impulsivity of the noise is known a
priori the threshold 1 must be set adaptively. A review of the works of
Field, Lewinstein, and Modestino [2,3] suggests that the optimum threshold
is readily determined from knee of the probability distribution. However,
accurate estimation of the distribution function requires a very large number
of samples. Furthermore, considerable memory is required.

In contrast, the estimated noise power B is a relatively easy statistic
to utilize. It is obtained from

23 (k) (3)
1

N

and is easily updated as new samples are received, The threshold is conven-
iently specified in terms of the estimated rms noise power, thus

T =e¢ P2 | (4)
This method of adaptively determining the clipping/editing threshold is
therefore preferred.

5.3 SIGNAL-NULLING LOOP

The principal problem in using clippers or editors is distortion of
strong signals. The threshold should in general be set to no more than the
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rms level to achieve effective impulse suppression. However, the peak of a
pure sinewave is 1.414 times its rms level. Since position is derived from
signal amplitudes, the potential for distortion is a serious consideration in
the selection of a processing technique.,

ConceEt

The optimum processor for a signal corrupted by impulsive noise esti-
mates both the signal and the impulsive component of the noise [4]. A prac-
tical variation upon this concept is the signal-nulling loop [5].

Figure 5-2 presents the block diagram of a signal-nulling loop incorpo-
rated into the adaptive nonlinear processor/detector of Figure 5-1. The in-
put low-pass filter, adaptive nonlinear processor, and mixers are the same as
those discussed in Section 5.1.

An estimated replica of the received signal is obtained by multiplying
the estimates 8y and &0 by cosine and sine waves, respectively, The esti-

mated signal is then subtracted from the sampled/digitized input signal,
ideally leaving only noise. The adaptive nonlinear processor then processes
only noise and does not distort the signal, regardless of its amplitude.

Loop Analysis

In the absence of clipping or editing, the signal-nulling Toop shown in
Figure 5-Z2 is equivalent to a single-pole digital filter. This allows deter-
mination of its temporal- and freguency-response characteristics by standard
techniques.

A set of equivalent network topologies for the loop are shown in Figure
5-3. Since the cosine and sine functions are orthogonal, the I and @ loops
act independently (neglecting numerical errors) and can be analyzed sepa-
rately. The resultant equivalent carrier-frequency loop is shown in Figure
5-3a. The error signal X has the form

X = z(k) cos wot , (5)

where
z(k) = z(k) - &,(k) (6)

is the difference between the envelopes of the input and estimated signals.
Mixing produces the product signal
Y = x(k)(1/2)(1 + cos 2 wot) s (7)

whose baseband component is clearly the difference envelope x(k)/2. Since
the loop acts upon the signal envelope, it is convenient to replace the car-
rier-frequency block diagram of (a) with the baseband block diagram of (b).
In making this conversion, gain G must be halved to allow for the factor of
1/2 introduced in the mixing process (7).
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The integrator (summation) block can be represented as a simple loop
that accumulates its output, allowing transformation of the signal-nulling
loop into sampled-data form, as shown in Figure 5-3¢., This form is in turn
readily converted intc the standard recursive digital-filter form shown in
Figure 5-3d. Equivalence of (c) and (d) requires that

a=G/2 (8)

and
b=1-¢/2 . (9)

The response (estimate) 8(k) is related to the current input sample and
the previcus estimate by

a(k) = a a(k) + b s(k - 1) (10)
=a z(k) + bla z{k - 1) + b e(k - 2)] (11)
=alz(k) + b z(k - 1)] + b2 3(k - 2) . (12)

The obvious generalization of the above is

a8(k) = alz(k) + b z(k - 1) + b2 5(k - 2) + ...

sl s o s D)1+ M AR - ) (13)

Unit-step excitation is described by

a(k) = é: N ) (14)
Insertion of this into (13) then yields
y(k) =a[l +b + b2+ ... + b5 =« b - 1 , (15)
which eventually converges to o
y(=) =a/(l -b) =1 . (16)

It is obvious from (16) that achieving both convergence and stability
requires that 0 < » <1 and 0 ¢ a < 1, The gain ¢ in the signal-nulling loop
is therefore 1imited to the range

0<CGe<2 (17}

The frequency response of a single-pole digital filter is [6, §2.3]
H(w) = af(1 - be~9*Ty | (18)
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where T=1/fs. Use of the identity

erT = c0s wl

J sin wT (19)

yields
B(0)|? = H(w) B*(w) = a? (20)
1+252 -2Db cos wl

-+

When w = 0, cos wt = 1, hence |H(w)|? = 1 as expected,

In the current application, the bandwidth is considerably smaller than
the sampling frequency. The approximation

cos wT =2 1 - (wT)2/2 (21)
can therefore be inserted into (20), producing

]2 = a® - (22)
1+ b2 -25b[1 - (wT)]2/2 a2 + b(uT)?

The cut-off frequency fc is the frequency at which the filter produces
an attenuation of 3 dB. Insertion of [H(w)|% = 1/2 into (22) produces

(w,r)2 = a?/b = a? . (23)

This relationship is quite useful, since it relates a (hence b and @) direct-
ly to the desired bandwidth.

The frequency-response characteristics of the signal-nulling loop are
verified by simulation. Both responses shown in Figure 5-4 are as desired,
if the numerical errors are neglected.

Start Up

The initial power estimate for an adaptive clipper or editor without a
signal-nulling loop can be set to zero. As samples are processed, the power
estimate becomes more accurate and the threshold is set properly. The ini-
tial power estimate for an adaptive clipper with a signal-nulling Toop can
also be set initially at zero. Upon processing the first sample, the power
estimate becomes nonzero, allowing a nonzero ocutput of the clipper, hence
eventual convergence of the power estimate.

However, setting the initial power estimate to zero in an adaptive
editor with a signal-nulling Toop causes the first-sample editing threshold
to be set at zero. Consequently, the editor produces a zero output in re-
sponse to the first sample. Since the power estimate remains at zero, the
processor never produces a nonzero output. One solution to the start-up
problem is to set the initial power estimate somewhat above the anticipated
input power level. The other solution is to inhibit editing for a short
time period so that the processor can establish a nonzero editing threshold.
The second solution is preferred, since it produces more accurate power es-
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timates under varied conditions.

5.4 COMPARISON OF PROCESSORS

The noise-reduction capabilities of several nonlinear processors are
compared by simulation. The specific processors tested are:

Bandpass filter only,

Clipper followed by bandpass filter,
Editor followed by bandpass filter,
Signal-nulling loop with clipper, and
Signal-nulling Toop with editor.

60660

In all cases, the sampling frequency, signal frequency, and bandwidth are
100 Hz, 10 Hz, and 1 Hz, respectively.

The simulations include a variety of signal Tevels, signal-to-noise
ratios, thresholds, and noise conditions, The parameters shown in Table 3-1
for a 100-Hz bandwidth are used to define the four noise conditions.

There are many ways by which the nonlinear processors can be compared.
In communication applications where absolute signal amplitude is not impor-
tant, the ratio output SNR to input SNR is most commonly used. However, the
TTE EM location system derives position from signal amplitude, It is there-
fore more appropriate to define the improvement produced by a nonlinear pro-
cessor as the ratio ‘

= &2 2

&= eyp/ €ip - (24)
The instantaneous squared error for the output of the nonlinear processor
is defined by

the instantaneous squared error EP for the output of a purely linear filter
is similarly defined.

The effect of the choice of threshold T upon the improvement ratio is
shown in Figures 5-5 - 5-7 for various SNRs. For -20 dB SNR (Figures 5-5),
low values of T appear to produce dramatic improvements. These improvements
are, however, illusory, as the best estimate of a weak signal is simply zero,
which can be obtained by setting t = 0.

True improvements in the SNR can be observed for SNRs of 0 and +20 dB
(Figures 5-6 and 5-7). Drastic degradation of the SNR by conventional clip-
ping and editing is apparent when T < 1. In contrast, the signal-nulling
clipper and editor improve the SNR for all reasonable threshold settings. It
appears that the maximum improvement occurs for 0.1 € T € 0,316, The "best"
setting for t appears to be approximately 0.178, which produces maximum
improvement and is safely removed from the erratic results obtained when
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T < 0.1,

The signal-nulling clipper consistantly produces a 1 to 2 dB greater im-
provement than does the signal-nulling editor {Table 5-1). At first, this is
somewhat suprising, However, optimum detection of a signal in nonGaussian
noise [1] requires a nonlinear characteristic that transforms the nonGaussian
noise into Gaussian noise. The clipper may be a better approximation to such
a characteristic than the editor.

Figure 5-8 shows that the variation of improvement with SNR (signal
level) is slight. As expected, the improvement increases with the impulsi-
vity of the noise. At the preferred setting of t = 0,178, average improve-
ments of 16.5, 12.5, and 8.1 dB were obtained for high-level, moderate-
level, and low-level noise, respectively. These results compare favorably
with the 13.1, 8.9, and 3.9 dB improvements that would be obtained by elim-
inating the power-Rayleigh component of the ELF noise entirely.

The effect of the nonlinear processing upon Gaussian noise is relatively
small, usually only a few decibels improvement or degradation. This is not
suprising, since reducing the threshold effectively reduces the number of
samples, resulting in a slow increase in the estimation error. In contrast,
reducing the threshold rapidly reduces the contributions of the impulsive
component of the noise to the estimation error.

5.5 CHARACTERISTICS OF NARROWBAND OUTPUT

The statistical characteristics of the narrowband output of the nonlin-
ear processor are evaluated through a series of simulations based upon the
twelve different noise conditions defined in Table 3-3. A 100-Hz input band-
width is assumed, and the impulsivity and spikiness are obtained from Table
4-1, The wideband ELF signals are generated as discussed in Chapter 3; all
components are scaled to be of roughly the same amplitude.

Histogram Analysis

Histograms are compiled for both wideband inputs and narrowband outputs.
The histograms of the wideband inputs are similar to those shown in Chapters
3 and 4. The impulsivities of the geology-filter components (i.e, E.» Eé,
and Hg) are similar to the impulsivities of the incident-field components

(Hx’ Hy, and Eé).

A1l of the histograms of the narrowband outputs appear to be Gaussian,
regardless of the input noise conditions. A typical example is shown in Fig-
ure 5-9. Comparison of individual histograms to Gaussian curves (Figure
5-10) shows the agreement between them to be excellent. It therefore appears
that a narrowband ANC processor designed to work with Gaussian noise should
be satisfactory for dealing with the narrowband output signals.
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PROCESSOR
CLIPPER EDITOR
NOISE CONDITION
MAXTMUM MAXTMUM AVERAGE MAXTMUM MAXIMUM AVERAGE
IMPROVEMENT | DEGRADATION | IMPROVEMENT [MPROVEMENT | DEGRADATION | IMPROVEMENT
High level +16.5 0 +13.4 +14.5 s +11.8
Moderate level +13.1 0 +12.5 +12.1 0 + 0.8
‘ Low level + 9.7 o + 8.1 v .2 -1.8 ¢ 1.
Gaussian + 7.8 o + 6.7 + 7.8 -5.5 + 0.7
Notes: ¢ = D.178,
A1l values in decibels,
Table 5-1. Effects of signal-nulling processors.
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Correlation Analysis

The estimation of the covariance matrix of real random variables is dis-

cussed in [7]. From {(36) of [7], the estimated covariance matrix of the
wideband input noise is

1
k-1 k

¢, = z(k) z5(k) -k 2=} , (26)

1

N

where X represents the total number of samples.

A 12 x 12 real covariance matrix for the narrowband output could simi-
larly be computed. However, a 6 x 6 complex covariance matrix is much more
meaningful as it clearly indicates amplitude and phase relationships.

The relationship between real and complex covariance matrices is given

by an isomorphism [8, §E.2]. Let zero-mean complex random vector =z be repre-
sented by

a=z+jy . (27)

Since the real and imaginary (in-phase and phase-quadrature, or I and Q)
parts of z must have similar characteristics, it is necessary that

-E[z zT]

=Elyy1=v (28)
and
-F[= y'] = E[y =] = W, (29)
The complex covariance matrix of z is then
¢y, = Ela sfl=v+iw , (30)
| TR .
where z' = (3*)* is the complex conjugate of =z.

Use of this isomorphism and analogy to (26) yields estimators for the

real and imaginary parts of complex covariance matrix for the narrowband
output:

1

=1
2k - 1) %

o

| [=th) 2T (k) + y(k) yT ()] - k[TF + 771} (31)

p-—1

[-z(k) y7(k) + y(k) 2 (k)] - k[T g +5 =1} . (32)
2(k - 1) k&

1

oAb

It is naturally difficult to compare the wideband and narrowband covari-
ance matrices, since the former is real while the latter is complex. To aid
in the comparison, the ratios of corresponding elements are computed accord-
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ing to

Ris = Um0 1)/ UChs 61 /Cys 6) - (33)

Normalization by the ratio of the element corresponding to E% suppresses the

reduction in noise power caused by the reduction in bandwidth.

For elements that are significantly larger than the estimation noise,

the ratio is always 0.3 or greater, and is usually 0.5 or greater. Thus the
directional correlation characteristics of the narrowband cutputs are ex-
pected to resemble closely those of the wideband inputs.
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CHAPTER 6. NARROWBAND ANC ALGORITHMS

Various algorithms for adaptive noise cancellation are reviewed in [1],
and the direct-matrix-inversion {DMI) and least-mean-square (LMS) algorithms
are identified as most applicable to the through-the-earth electromagnetic
location systems. This chapter implements narrowband versions of the two al-
gorithms and then conducts a set of three comparisons involving:

© DMI algorithm with various covariance estimators,
® |MS algorithm with various gains, and
© Best DMI and best LMS algorithms.

6.1 NOISE MODEL AND AVAILABLE INFORMATION

The narrowband-noise generator is somewhat less complicated than the
wideband ELF model discussed in Chapter 3. The samples represent the base-
band ocutput of a detector, hence the signal appears as a constant rather than
@ sinewave. The noise is assumed to be Gaussian, to have zero mean, and to
be uncorrelated from sample to sample. Correlations corresponding to the
various electromagnetic components are obtained by applying a linear trans-
formation to a vector of independent, Gaussian elements, as discussed in
Chapter 5 of [1].

The noisy received signal is represented as the vector

s (1)

Z2=8+x=[2,3, ... , 3
1 2 P

where & represents the true signal and * represents the received noise. ATl
three vectors are of length LS, which represents the number of primary re-

ceiving channels. For three-axis magnetic-field reception at two locations,

Ls = 6,

The noise output fraom the Ly reference channels is represented as the
length—Ly vector

]T

y=Ly.v,, ..., 4 . (2)

)

The primary-channel and reference-channel noise vectors £ and ¥ can be assem-

bled into a single vector
Mz
n = l_ s (3)
Yy

In the absence of an in-band CW signal, it is assumed that

whose length is Ln =L + L.
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En] =0 . (4)

The covariance of the total-noise vector n is defined as

R R
T~ _
R =Elnn']-= |:R‘m nyj| , (5)

yx yy
where

E&y = F[x yT] = Ei; ; (6)

etc. It is also assumed the sampling rate and bandwidth are such that dif-
ferent samples are uncorrelated; i.e.,

Eln (k) n(2)] = 0 if k#1 . (7)

Available Information

Retention of all signal and noise samples requires an inordinate amount
of memory. Therefore, the principal statistics available to the ANC proces-
sor are sums of samples and products such as

12(k), Iy(k), Lz(k) ¥ (k), and Ty(k) g (k) . (8)
Averages such as
1 K
Z(K) =+ T alk) (9)
Kk=1
and
— ]_ K
yK) =2 1 y(x (10)
Kk =1

are readily derived from the accumulated sums.

6.2 DMI ALGORITHM

A direct-matrix-inversion ANC algorithm based upon a CW signal, narrow-
band Gaussian noise, and unknown noise covariance is developed. Several can-
didate covariance estimators are compared by simulation. The best perform-
ance is obtained by a recursive computation that alternately improves the
signal estimate and then the covariance estimate.

Requirements for Unbiased Estimator

The ANC algorithm forms the estimate & of the signal from a linear com-
bination of the primary and reference inputs, thus
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8§=Tz-Wyg , (11)
where matrices T and W are to be determined.
The position of the subsurface transmitter is estimated directly from
the amplitudes of the components of the received magnetic-field vectors [2].
It is therefore highly desirable (if not necessary) that the signal estimator
be unbiased; i.e.

E[g] =8 |, (12)

where E[ ] denotes an expected value. This property is called wndistorted in
adaptive-array literature [3].

Application of (12) to (11) produces

TEz] - WE[y] =8 . (13)
From (9), (10}, and (4),
Elyl = E[y] =0 (14)
and
E[z] = E[z] =& . (15)

The insertion of (14) and (15) in (13) yields
§=Ts-F0=Ts |, (16)
The only general solution to (16) is
r=1I . (17)
The requirement for an unbiased estimate of the signal therefore prohib-
its combination of the primary inputs (i.e., inputs containing components

of the signal). This simplifies the derivation of the ANC estimator some-
what, since the derivation is reduced to L8 separate scalar problems.

DMI Estimator

A DMI ANC algorithm is based upon inversion of the known or estimated
noise covariance matrix [1,3]. From the preceding discussion, the DMI esti-
mator has the form

s=2-F79 . (18)
The form of weighting matrix W is determined in this section.

It is convenient to break this problem into L, separate scalar problems,
This is accomplished by partitioning weighting matrix ¥ into L, row vectors,
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thus
—T—

Vector equation (18) may now

Remember that W, is Ly x 1 while w* is 1 x L_.
be divided into LS scalar equations of the form

§=?-wT§ : (20)
By use of (1), the estimate of & becomes
=s+T-vy , (21)
hence the estimation error is
f=s-8=-T+00y . (22)
The squared estimation error is therefore
(23)

P2 =R 2T g+ T 0 .
The expected mean-squared estimation error (MSE) is obtained by taking
the expected value of (23), thus
e =E[32] = E[z2] - 2w E[z gl + o  E[F 5 ] o . (24)

The first term in {24) is a scalar of the form
E[=2] = (1/k) E[=?] = (1/K) R, (25)

note that this is the (Z,7) element of the primary-noise covariance matrix

R . The second term in (24) includes the Ly x 1 vector
By F1 = (1K) Ely 21 = (LK) v (26)
which is the ith column of the cross-covariance matrix
R = s LN ) 3 L] 27
yz = Uyeyr Tyay? Ty, ] (27)
s
The third term of (24) contains the Ly x Ly matrix



e[y 371 = (1K) Ely y'] = (1K) B, . (28)
Insertion of (25), (26), and (28) into (24) yields
T Ve
e=(1/k)[R__-2w vtV Ry wl] . (29)

The desired weighting matrix should minimize the expected mean-squared
estimation error. The vector W, that minimizes the MSE in 8; is found by

determining the gradient of the MSE with respect to w, and setting the result
equal to a zero vector, thus

0=V e=-2 ot 2 By 0 (30)

From the above, it is apparent that
w=R! . 31
yy Tyx (31)
Note that the same result could be obtained by differentiating (29) with re-
spect to each element of w, and assembling the resulting Ly scalar equations

into a single vector eguation.

The transpose of the weighting matrix is given by
vg

V- =[w,w, ..., w, ]

17 2 y
= gl . y eme s = R!R . 32
by Pym1 Ty Ty, 1= Ry Byo (32)

Yy
Since R is symmetric, R ! is also symmetric, and
vy vy
- Fp T .5 -177 - -1

¥=1\R'R = =R R . 33
L Yy yx] yx [Eby] Y vy (33)

The expected estimation error can now be obtained by substituting (31)
into (29), which yields

- T -1
Ei,min = (1/k) [Rﬁm(i,i) - ryxi E%y r@mi] (34)
for a single channel. Combining all channels then yields the total expected
MSE

e in = (1/K) trace (R, 35; Bl Ry (35)

Covariance Estimators

The weighting matrix (33) is derived from the noise covariance matrices
Egm and ﬁQy' In the TTE EM application, neither of these matrices is known
a priori, hence estimates must be used in their place. The form of the DMI
weighting matrix is therefore
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= 7 p-1l

T Twy Tyy (36)

The reference input y is assumed to be pure noise and therefore to have
a zero mean. The estimator for Eéy is therefore [1, Chapter 5]

v y (k) . (37)

R =1
¥ oy %

[T o =]

The expected value of the primary z input is nonzero, the expected value
of the reference input ¥ is zero, and signal & is unknown a priori. The form
of the estimator for E&y is therefore more difficult to determine than that

of ﬁéy' Numerous ad hoe estimators are used in adaptive-antenna systems [3].

A simple candidate for the covariance estimator is

R_(0) =1 5 a(k) yT(k) . (38)
Y Kk=1
The use of {14} and (15) yields
R () =(/k)tzy’ +6% (39)

from which it is apparent that

. ) Ty
EL&,, (0] =Elzy]l=R, . (40)

i.e., it is unbiased.

While ﬁ;y(o) is unbiased, its second term is the product of a possibly

large constant and a random sum and may therefore contribute significantly to
the variance of the estimate. A second candidate estimator of the form

R, (1) =

noeq e

| #(0) y (k) -2y (41)

==

k
is therefore proposed. The use of (14) and {15) yields

B (1) = UKtz y -ZF (42)
it is apparent that this estimator is also unbiased. Since the second term

in (42) is the product of two random sums with expected values of zero, the
variance of ﬁ&y(l) should be less than that of B&y(o) when there is a signif-

icant signal.

The objective of subtracting the product of the two averages in (41) is
to estimate and to cancel the contributions of signal-estimation error. It
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is therefore reasonable to propose another candidate estimator of the form

I ONHCEE O (43)

where &(1) is the signal estimate obtained by the DMI technique with the co-
variance estimate B%y(l). Equation (43) suggests a recursive process by

which a signal estimate is used to improve the covariance estimate, which
is in turn used to improve the signal estimate. Higher-order estimators are
defined by analogy to (43).

Comparison of Covariance Estimates

The various candidate covariance estimators were compared by simulation.
The signal was estimated by the DMI ANC algorithm with covariance estimators

B&y(O), ﬁ%y(l), B&y(Z), and ﬁ%y(3). The signal was also estimated by simple

averaging (no ANC). The squared error was tabulated for all five estimates
of the signal.

The simulations used a 3-element signal vector and a 3-element reference
vector. The covariance structure was relatively simple: signal channel #1
was correlated only with reference channel #l, etc. Tests were run with
unity noise variance and zero and unity signal levels.

Typical results for unity signal levels are shown in Figure 6-1; in all
cases, a maximum of 1000 samples were processed, The results indicate that:

¢ For correlations below 0.9, the ANC algorithm produces little or no
improvement, and form of the covariance estimator has Tittle or no
effect,

¢ At a correlation of 0.9, ANC produces some improvement but the form
of the covariance estimator makes 1ittle difference.

¢ For correlations of 0.99 to 0.999, ANC produces significant improve-
ment and B&y(z) produces a slight improvement over R&y(l).

o At a correlation of 1.0, the improvement of the ANC algorithm is (as
expected) dramatic, and E&y(2) produces significantly better results

than E&y(l). No further improvement is obtained by using R, (3).

From these results, it is concluded that H&y(Z) should be used as the covar-
iance estimator.

The full benefits of an ANC algorithm cannot be obtained without a good
estimate of the covariance matrix. Therefore, it appears likely that if more
samples were processed, the ANC algorithm would make more significant im-
provements for correlations in the range of 0.5 to 0.9.
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6.3 LMS ALGORITHM

The direct-matrix inversion ANC algorithm converges rapidly and makes
nearly optimum use of the available information. However, it requires matrix
inversion and can therefore be performed infrequently, perhaps only upon com-
pletion of the data collection. An alternative ANC technique [3,4] known as
"least mean square" or "LMS" requires only relatively simple computations and
can therefore be performed in real time as data samples are taken. This sec-
tion formulates the LMS ANC algorithm for the TTE EM application and tests it
through simulation.

Formulation

Many aspects of the formulation of the LMS estimator are similar to
those of the DMI estimator. The signal-and-noise model is identical. The
requirement for unbiased estimation of signal components prohibits the com-
bination of primary inputs with each other. Again, the estimator is most
easily formulated first in terms of separate scalar estimators and then gen-
eralized to vector form,

In constrast to the DMI estimator, the LMS estimator operates in real
time on a sample-by-sample basis., The single-sample estimate produced by the
LMS algorithm is therefore represented by

u(k) = a(k) + w0’ (k) y(k) , (44)
where w is a weighting vector similar to that used in the DMI algorithm.

The final or all-sample estimate of the signal is obtained by averaging the
single-sample estimates, thus

u(d) . (45)

The error in the single-sample estimate u(k) is
(k) = 5 - u(k) = (k) - @ (k) y(k) , (46)
hence the squared single-sample error is
22(k) = 22(k) - 2 W' (k) y(k) @(k) + w7 (k) y(k) g" (k) w(k) . (47)
The expected value of the squared error (MSE) is therefore given by
+wl(k) B w(k) . (48)

yx vy

This form is identical to that of the DMI estimator (23) except for the fac-
tor 1/K.

g(k) = E[u(k)] = R, - 2 w'(k) »
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Weighting Vector

If the statistics of the noise were known, the weighting vector would be
given by a product of the inverse covariance matrix and the cross-covariance
matrix, as in (31). The use of estimates of E%y and L as in the DMI algo-

rithm would require real-time matrix inversion. Matrix inversion can be
avoided by recursive updating of the estimated inverse matrix; however sever-
al matrix multiplications are required tc process each new sample.

The Widrow LMS algorithm [3,4] uses a simple, ad-hoc approach based upon
estimation of the gradient of the MSE with respect to the weighting vector.
Consider an all-scalar application and suppose that an estimate w(k) of the
weighting constant is available and that an improved estimate w(k+1) is de-
sired. The derivative 3&£/d%w indicates the direction in which to change w(k)
to obtain w(k+1l) with a Tower £,

The multi-dimensional analogy is
w(k + 1) = a(k) w(k) - 8(k) g(k) , (49)
where the gradient vector is given by

g(k) = Vw £ = Eby w(k) - L. (50)

when the noise characteristics are known., Time constants «{k) and B(k) are
discussed subsequently.

Since the covariance matrices are unknown a priori, the gradient vector
must be estimated. The single-sample squared error

E(k) = u?(k) (51)

provides a convenient estimate of the expected MSE. The estimated gradient
vector is therefore

gk) = Vv u?(k) = 2 u(k) v u(k) (52)

2 (k) v [2(k) - w7 (k) y(k)] = - 2 2(k) y(k) . (53)
Since & is not known, the estimate & is used in its place, thus

u(k) = 8(k - 1) - u(k) (54)
is used in {53).

The usual formulation of the LMS algarithm uses time constants of the
form

a(k) =1

B(k)

constant . (55)
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Such a set of constants corresponds to a filter with a fixed bandwidth., Con-
sequently, the effects of a particular sample decrease with time and the
variance of the gradient estimate becomes constant after a sufficient number
of samples has been processed.

The constant-bandwidth filter is well suited to time-varying signals or
nonstationary noise characteristics. However, when the signal is constant
and the noise is stationary (as in the present application), the use of a
constant-bandwidth filter (55) may 1imit the accuracy of the estimate of
the gradient vector (and therefore also Timit the accuracy of the estimate of
the signal). An alternative that may prove useful in this application is

B (k)
alk)

1/%

1-8(k) = (k-1)/k . (56)

The use of (56} provides an always decreasing bandwidth by weighting all
single-sample estimates (k=1, ..., X) equally.

Since the quality of the all-sample signal estimate 2 improves with

time, the quality of the gradient estimate § also improves with time, Con-
sequently, the equal-weight approach of (56) may not be optimum, and a step-
ped gain algorithm may be useful, In this approach, B is decreased in steps
as the number of samples increases; for example:

B = J'BO’ 1 <k <10
80/10, 10 < k < 100

8 /100, 100 < k < 1000 (57)

... .

Vector Estimator

The vector form of the LMS estimator can be derived by analogy to the
scalar form derived above. As for the DMI estimator,

v, (k)
8

L7

The single-sample estimate and error vectors are given by



76

u() = [u (k) u (K)s «oe sy (017 = a(k) - W(K) g(k) (59)
8
and . R
u(k) = s(k - 1) - u(k) . (60)
The all-sample estimate of the signal vector is given by
k

I ou(k) = sk - 1) +Xu) . (61)
g =1 k k

=

The Ls 1ength-Ly gradient vectors are assembled into the gradient matrix

‘éf(k) n

AT
. g (k) .
B(k) = | 2 = a(k) yT (k) (62)

~T
_g; (k)_]

e
and the weighting matrix is therefore given by

W(k + 1) = a(k) W(k) + (k) &(x) . (63)

Simulation Results

The three proposed versions of the LMS ANC algorithm were tested by
simulation., The noise-correlation structures were the same as those used
with the DMI algorithm. While 10,000 samples were used in two of the simula-
tions, all others used 1000 samples.

For the conventional, constant-gain LMS algorithm, 8 = 0,1 usually pro-
duces the smallest total squared error. The value of B is not critical, and
the results appear to be nearly the same for 0.0316 < g < 0,316, Values of B
> 0.5 produce instability. The instability is consistant with the require-
ment [1,3,4] that 8 be less than the largest eigenvalue of the noise covari-
ance matrix. Figure 6-2 illustrates the convergence of the LMS algorithm
with various values of B.

The stepped-gain algorithm consistantly produces larger squared errors
than the constant-gain algorithm. The estimates produced by the conventional
and average-gradient versions appear to have the same accuracy.

The advantage of ANC is apparent when noise correlation is high. For
correlations of 0.999 and 0.99, the constant-gain LMS algorithm effectively
reduces the noise level by an average of about 17 dB. The noise reduction
achieved by the LMS algorithm does not appear to be as great as that achieved
by the DMI algorithm,
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Conclusions

The conclusions drawn from the preceding analysis and simulation
results are:

© The constant-gain {conventional) LMS algorithm is preferred over the
other candidates,

© The value of B is not critical. It should be approximately 0.1 times
the largest eigenvalue of the best a priori estimate of noise covar-
jance matrix.

6.4 COMPARISON OF ALGORITHMS

The preferred forms of the DMI and LMS ANC algorithms for narrowband
Gaussian noise are compared by simulation. Comparable noise reductions are
achieved for correlaticns in the range of 0.9 to 0.99. For correlations
greater than 0.999, the DMI algorithm achieves significantly greater noise
reduction. The noise reduction achieved is close to that achievable when
the noise covariance characteristics are known, For correiations less than
0.9, neither algorithm produces significant noise reduction.

Figure 6-3 illustrates typical convergence characteristics. For small
values of k, the DMI algorithm clearly yields greater noise reduction. How-
ever, by k = 500, the LMS algorithm has achieved a good estimate of the
gradient vector (hence optimum weighting matrix).

In most cases, the DMI and LMS algorithms produce comparable noise re-
ductions, provided there are a sufficient number of samples (k » 500) to al-
low convergence of the LMS gradient estimate. The simulations show that this
is true for up to 10,000 samples.

The noise reduction achieved in the simulations is plotted as a function
of correlation in Figure 6-4. For a correlation of 0.5 or less, neither al-
gorithm is effective. However, the results would be similar even if the
noise covariance were known a priori, since there is little noise that can be
cancelled.

For correlations between about 0.9 and 0.99, the DMI and LMS algorithms
produce similar noise reductions. However, for correlations of 0,999 and
higher, the DMI algorithm is clearly superior. The noise cancellation
achieved by the DMI algorithm (and the LMS algorithm for correlations between
0.9 and 0.99) is nearly that which can be obtained when the noise covariance
matrix is known a priori. For example, if p = 0.99, the effective noise
power can be reduced to approximately 1 percent of that in the output of the
primary antenna.
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6.5 SIMULATION

The simulations discussed here test the two narrowband ANC algorithms
under conditions resembling those in the real world. The objectives of these
simulations include observation of the effects of

Electric-field vs. magnetic-field reference antennas,
Atmospheric noise vs. local (instrumentation) noise,
Various numbers of atmospheric-noise sources, and
Yarious geological (ground) conditions,

o 600

Formulation

The simulation programs discussed here use only real quantities, corre-
sponding to the in-phase components of the signals. This is an oversimplifi-
cation of the real-world, since complex variables or twice as many real
variables are required to include the phase-quadrature components of each
signal.

In both simulation programs, the primary received signal is represented
by the three-element vector

- T T
z=[4, H s 0 R (64)

The reference signal is also represented as a three-element vector. The
total noise vector is therefore a six-element vector, which is attributed to
both local- and atmospheric-noise sources by

n = BL gr * By g, (65)
The atmospheric-noise driving matrix B, is composed of geologic effects

A
(G) and atmospheric effects (H) according to

B,=GH ; (66)
the forms of the & and H matrices are different for electric and magnetic

reference antennas and are given subseguently.

The atmospheric-noise power cj is the sum of the power in up to six

allowabie atmospheric-noise sources; i.e.,

2 _ 2
C =0
A 1

The total noise power in the primary antenna is

+ 02+ ...+ 02 | (67)
2 6

c% = ci + cﬁ , (68)
where 02 is the total local-noise power entering the primary antenna. All of

the simulation results presented here use uncorrelated Tocal noise produced by
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B, =0, 1317 . (69)

For all of the tests, c% = 1, and the ratio of atmospheric-noise power to
Tocal-noise power is varied., The tests use various combinations of three at-
mospheric-noise sources corresponding to the principal thunderstorm areas of
the world,

Electric-Field Reference Antenna

For an electric-field reference antenna,
_ T
y = [E /n, E,/n, E /n1 . (70)

Normalization by the free-space impedance is used so that both electric- and
magnetic-field signals are of roughly the same magnitude.

Each atmospheric noise source produces a vertical electric-field compo-
nent and a horizontal magnetic-field component transverse to the direction
of propagation. Local geology determines how the vertical magnetic and hori-
zontal electric fields are related to the incident horizontal magnetic fields
[1]. The atmospheric-noise matrix therefore has the form

[ 1 0 0 0 0 0] [ -0 sin -g sin vee =0 Sin y 7]
U1 wl %, Ip2 % q)6
0 1 0 0 0 O o COS V¥ o COS Y ... o COS ¢
1 1 2 2 6 6
A A 0 0 0 O 0 0 ‘s 0
CH - zxr “ay
A Z 0 0 0 0 0 0 ers 0
T “xy :
Z Z 0 0 0 O 0 0 ees 0
yr  yy
0 0 0 0 01 o o AR o
- = 1 2 6 -
(71)
th

where 9. is the rms output and v is the azimuth of the <" noise source.

Magnetic-Field Reference Antenna

For a remote magnetic-field reference antenna,

_ T
y=lHs B 8,10 (72)
In this simulation, the A matrix is used to produce only the incident hori-
zontal magnetic-field components at the primary antenna. The & matrix pro-
duces the vertical magnetic field at the primary antenna and all three com-
ponents of the magnetic field at the reference antenna. The forms of the @
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and H matrices are therefore

1 0 ¢ 0 0 ¢ 1 0 0 6 0 O
0 1 0 ¢ 0 ¢ 0 1 6 0 0 0

G G 0 0 g O Z Z 0 6 0 0

CH = 31 32 2 sY . (73)

G G 0 0 0 0 Z A 0 0 0 0
4l 42 xx Ty

G G 0 0 Z
6 - ¢ 0 y Zyy 0 0 0 0

LG G 0 0 0 0 0 0 0 0 0 0

bl 62 - — -

Results

The results are summarized in Table 6-1 and Fiqure 6-5, The effects of
noise correlation (ratio of atmospheric to total noise power) are apparent.
No improvement occurs for ratios of less than 0.1 (as expected). For ratios
of 0.5, a decibel or two of noise reduction is achieved. For noise-power
ratios between 0.9 and 0.999 the improvement is clear and varies steadily
with increased correlation £decreased uncorrelated local-noise power)., For
correlations of 0.999 (dé/ot = -30 dB), the DMI algorithm achieves noise

reductions between 25 and 30 dB. 1In all cases, the noise reduction achieved
by the DMI algorithm is within 5 dB of what could be achieved with perfect
a priori knowledge of the noise covariance matrix.

The averages shown in Table 6-1 and Figure 6-5 appear to indicate that
ANC performance is degraded by perfect noise correlation. Inspection of the
results of individual tests shows that the degradation is often catastrophic.
The cause is a noninvertable noise covariance matrix, The problem can be
avoided by including in the ANC algorithm a check of the determinant of the
noise-covariance matrix. If the determinant is too low, the algorithm could
eliminate one or more reference input to obtain an invertable covariance ma-
trix. It is, of course, doubtful that perfect correlation will occur under
realistic conditions, so the determinant check may be unnecessary.

The results show that the DMI algorithm is clearly superior to the LMS
algorithm. In most cases, the noise reduction (in decibels) is twice as
great with the DMI algorithm as it is with the LMS algorithm. The LMS algo-
rithm outperforms the DMI algorithm only in rare cases or when the noise-
covariance matrix is noninvertable. It should be noted that noninvertability
of the noise covariance matrix (occuring because of perfect correlation) can
produce erratic results from either or both algorithms, hence the LMS algo-
rithm offers little under these conditions.

The results are similar for electric and magnetic reference antennas,
as well as ideal and nonideal ground, given the same ratio of atmospheric to
local noise power. The only significant difference observed between the
various noise-source conditions was a greater tendency toward poor conver-



AVERAGE EFFECTIVE NOISE REDUCTION
IN DECIBELS
ALGORITHM) REFERENCE | GROUND oi/a%,

0.0} 0.1 0.5 [0.9 0.9%1 0.999| 1.0

1 - 0.142.4 18.5 17,5 |27.7 4.2
Electric

N - - 2.8 | 8.4 17.7 {29.2 28.1

oMl [ 0.1] 0.1]2.1 | 7.4 [16.5 §25.1 24.0
Magnetic

N - - 1.7 | 5.5 [18.9 | 26.5 20.4

Average [ &N 0.1{ 0.1 ]2.25)7.45]|17.65]¢27.13 | 19.18

1 -1.0{-0.4 2.1 |5.8 j10.2 | 15.4 10.8
Electric

N - - 1.7 | 5.8 9.6 | 15.0 2.1

LMS 1 -2.2{ 0.1]1.6 | 6.1 |18.9 8.8 1.6
Magnetic

N - - (0.9 3.8 9.2 | 11.0 0.3

Average 1 &N| -1.6(-0.2|1,58]5.38| 9.48} 12.55 3.7

I: ldeal N: Nonideal
Table 5-1, Average effective noise reduction.
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gence (given perfect correlation) when there was only a single noise source.
This is to be expected, since it can reduce the rank of the noise-covariance
matrix.
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CHAPTER 7. WIDEBAND SIGNAL-PROCESSING ALGORITHM

A considerable portion of the power in ELF noise is contained in dis-
crete impulses. The effective signal-to-noise ratio is therefore increased
by initial wideband reception (to preserve impulse sharpness) followed by
nonlinear processing to excise the impulses. The ANC algorithm developed in
Chapter 6 has a narrow and ever-decreasing bandwidth. While it is capable of
cancelling correlated noise of any bandwidth, it cannot act fast enough to
reduce the noise power contributed by individual impulses. Adaptive noise
cancellation for TTE EM applications is therefore implemented by applying the
ANC algorithm to the narrowband outputs from a set of nonlinear processors/
demodulators (Chapter 5).

The ANC algorithm presented in Chapter 6 processes only real quantities.
However, the narrowband outputs from the nonlinear processor/demodulator are
most readily represented as complex quantities. The DMI ANC algorithm is
therefore modified to process complex quantities. (The LMS ANC algorithm is
shown in Chapter 6 to be markedly inferior to the DMI algorithm and is there-
fore not included here).

A complete simulation program (Appendix B) is developed to test the non-
linear processor and ANC algorithm in a real-world environment. This program
includes:

Multi-component incident ELF-noise generator (Chapter 3},
Ground filter (Chapter 3),

Choice of electric-field or magnetic-field reference antenna,
Nonlinear processor/demodulator (Chapter 5),

Direct-matrix inversion ANC algorithm (Chapter 6), and
Gaussian local noise.

9 ¢ 08 © 0

The simulation program was used extensively to evaluate the performance
of the wideband signal-processing algorithm, The principal areas of evalua-
tion included:

o Performance of the Tinear ANC subsystem,

e Performance of the nonlinear-processing (NLP) subsystem, and
@ Performance of the combined NLP/ANC system.

7.1 FORMULATION OF ALGORITHM

The basic form of the ANC algorithm for complex quantities is identical
to that for all-real quantities. The signal &, noise &, and received signal
z are represented by three-element complex vectors and are related by
a=8+zx . (1)

The estimated signal is given by

£§=3-Wy |, (2)
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where ¥ represents the average of reference (remote-antenna) input y, which
is also a complex three-element vector.

The weighting matrix W can be divided into three complex three-element
vectors; ij.e.,

V=|w ; - (3)

which implies that the vector-ANC problem is equivalent to three scalar-ANC
problems. If the true noise statistics were known a priori, the weighting
vectors would be given by

w=R!p . 4
Yy yx (4)
However, since the noise statistics are not known a priori, estimated corre-
lation and cross-correlation must be used in (5). As in the all-real formu-
lation, it is convenient to use a single cross-corretation matrix rather than
three cross-correlation vectors, thus
A A_l

W =~R . 5
Ty E@y (%)

Complex Correlation Estimator

For complex variables, the correlation matrix is [1, §6.9]

_ t
R, = Elyy'l , (6)

*
where y'r = (y )T. In the absence of CW signals {(bias in the demodulator out-
put), the estimator for the correlation matrix is therefore

¥ y (%), (7)

B =
¥y

no~1 o=

k

ES

where X js the total number of samples. If CW signals may be present in the
reference signal, a slightly better estimate of Héy is given by

10 ¥ (k) - kggt] . (8)

o~

Complex Cross-Correlation Estimator

For complex random variables, the optimum cross-correlation vector is
(from [1], 8§6.9)
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e~ Ely 2l (9)

The analogous form of ﬂ%y (See Chaper 6) is therefore

- * T
and a simple cross-correlation estimator is
). 4
=2 1 2 (k) g k) -7 F . (11)
¥ rr-=1

Recursive Implementation

The accuracy of the signal and cross-correlation estimates (s and ﬁ;y)
are interrelated and interdependent. Simulations of the narrowband algorihtm
{Chapter 6) show that the errors due to interdependence can be eliminated and
the estimation accuracy therefore significantly improved by recursively esti-
mating the two unknowns,

The recursive process is started by setting

s(0) =7 . (12)

The recursive process then repeats the following three steps:

~ K * ~k —_
Ro() =2 = (k) §T(x) - 8 n - 15T (13)
Kk=1
w(n) = k() B2 (14)
s(n) =3 -Wn)y . (15)

Previous simulations have shown that maximum noise cancellation is achieved
after only two or three iterations.

7.2 EFFECT OF DEMODULATOR BANDWIDTH

The combined nonlinear-processor / ANC algorithm requires the selection
of a number of signal-processing parameters. One of these is the bandwidth
of the demodulator output.

If ANC were not used, the demodulator output bandwidth would be of 1it-
tle consequence, since the demodulator output subsequently averages over a
time interval considerably longer than the inverse of the bandwidth. How-
ever, the effect of bandwidth upon the performance of the ANC algorithm is
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not as obvious., A simple analogy is used to show that the bandwidth does not
degrade the accuracy of the covariance estimates, and therefore does not af-
fect ANC performance.

Wideband Samples

Suppose that a set of samples of a Gaussian random variable are charac-
terized by

E[z(k)] =0 , (16)
var[z(k)] = E[x%(k)] = v , (17)

and
Elz(J) =(kK)) =0, s #k . (18)

The estimator for the variance v of x is

~ 1 X
b1 o 221 . (19)
Kk=1
From Chapter 5 of [2],
E[2] = v (20)
and
var[v] = (2/K) v2. (21)

Note that (21) is the variance of the variance estimator, not the variance of
x,

Effect of Bandwidth Reduction

Now suppose that bandwidth is reduced prior to observation of the random
variable. The bandwidth reduction is roughly equivalent to averaging several
of the wideband samples. The narrowband filter output might therefore be rep-
resented by

k

[TH ns E

y(k) = z(n) . (22)

1
¥n =k

Since y is also a Gaussian random variable,
u = varly(k)] = v/¥ . (23)

If the variance of y is estimated by averaging ¥ samples of y, then by analo-
gy to (21},
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var[a] = (2/M) u? = 2 v2/(MN2) , (24)

Since each sample of the narrowband variable y comprises ¥ samples of
the wideband variable x,

K =MN . (25)
Insertion of the above into (24) yields
varfu] = 2 v2/(xn) = varfol/W . (26)

The quality factor or "signal-to-noise ratio" for the estimate v can be
defined as the ratio

Qs = v/varfv] . (27)
The quality factor for the estimate u is similarly
Qs = u/varful = (v/N)/(var[v1/N) = 2, - (28)

Equation (28) implies that the quality of the variance estimate is un-
changed by the reduction in bandwidth, A similar relationship should hold
for the covariance estimates. The demodulator bandwidth therefore should not
affect the performance of the ANC system.

7.3 LINEAR-PROCESSING SIMULATION

A variety of simulations were conducted to verify proper operation of
the wideband signal-processing system and to determine the optimum settings of
various linear-system parameters. The parameters tested include:

Convergence,
Bandwidth,
Sampling rate,
Iterations, and
Signal Tevel,

Q66 6 ¢

In all of these tests, the clipping threshold was set at 10% times the esti-
mated noise power so that only the linear processing was exercised.

Acceptance Tests

A battery of "acceptance" tests was conducted in addition to the four
groups mentioned above. The acceptance tests were shorter than the other
tests and provided a quick verification of proper system operation.

The acceptance tests showed that the previously presented ground-filter
model can cause Hz to be linearly dependent upon H, and Hy regardless of the

number of atmospheric-noise sources. The resultant noninvertable covariance
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matrix prevents the ANC algorithm from improving the signal estimate even
when the primary and reference noises are well correlated. The ground filter
was therefore modified to include E% directly; i.e.,

= + + . 29
Hy =Y, E * Y, E +Y E (29)
This modification allows a noninvertable covariance matrix when there are
three or more atmospheric-noise sources.

Convergence

A series of eight tests was conducted to verify covergence of the ANC
algorithm to proper operation. All tests ran for 300 seconds, sampled the
converter output at 100 Hz, and used a 1-Hz post-conversion bandwidth. A1l
used a magnetic reference antenna and a unit-element signal vector.

The performance-evaluation criterion is the effective reduction in noise
level. The effective noise reduction is most easily found by comparing the
mean-square estimation error with ANC to that without ANC; i.e.,

- o2 2
€ = EANC(n)/CNO ANC * (30)

where n is the number of iterations. The simulation program computes the no-
ANC estimate as well as ANC estimates forn = 0, 1, and 2.

Figure 7-1 shows the effects of local noise level upon the convergence
and effective noise reduction from © = 0 to v = 300 s, A single atmospheric
noise source {Africa) of unit power was used in all six tests, and the noise
series were identical. It is apparent that the noise reduction increases
with increasing correlation of the primary and reference signals {decreasing
local-noise level), Similar results were produced by other test series.

Bandwidth

A series of nine tests was conducted to determine the effects of post-
conversion bandwidth upon the performance of the ANC system., Three different
noise series and three different bandwidths (1, 3.16, and 10 Hz) were used.
A1l tests used a single atmospheric-noise source of unit power and PL = 0.01.

The results are shown in Table 7-1 and Figure 7-2. It is quite appar-
ent that the effects of reasonable variations in bandwidth are regligible,
as predicted in the previous section of this report.

Sampling Frequency

The effects of the choice of sampling frequency were evaluated by a
series of twelve tests, These tests used three different noise series and
four different sampling frequencies (100, 33.3, 10, and 3.3 Hz). The sam-
pling frequency in question is that of the narrowband converter output; note
that the simulation fregquency of 100 Hz remains fixed. All tests were con-
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ducted with a single atmospheric-noise source and B = 1 Hz.

The resuits are shown in Table 7-2 and Figure 7-3. Reduction of the
sampling frequency from 100 to 33 Hz has negligible effect. Some degradation
is noticable at 10 Hz, and considerable degradation can occur at 3.3 Hz.

The results suggest that oversampling is desirable. This result is not
suprising, since small errors in the estimate of the noise-covariance matrix
can produce rather large changes in the amount of noise reduction, especially
when the local-noise level is low,

DMI Iteration

The benefits of iterative signal/covariance estimation were evaluated
by a set of nine tests., To avoid noninvertible covariance matrices, three
atmospheric-noise sources and Z,-to-#, coupling were used. Three different

noise series were used with local-noise power levels of 0, 1073, and 107%.

The results are shown in Table 7-3 and Figure 7-4 to 7-6. In all cases,
the second iteration produces little or no improvement over the first itera-
tion for 1 > 1 s. In the absence of local noise, the first iteration pro-
duces considerable improvement {e.g., 40 dB} over the initial (no-iteration)

DMI estimate. For P, = 1075, the additional improvement drops to a few dec-

ibels, and for PL = 1074, there additional improvement is hardly noticable,

For large integration times and normal operating conditions, it appears
that iteration gives 1ittle improvement in the estimate. However, when the
noise is very well correlated, iteration can produce significant additional
noise reduction. One iteration should be sufficient,.

Signal Level

The effects of signal level were evaluated by a set of nine simulations
that used three different noise series and three different signal levels.
The results (Table 7-4 and Figure 7-7) show that signal level has a negli-
gible effect upon ANC system performance.

7.4 NONLINEAR-PROCESSING SIMULATION

The nonlinear-processing portion of the ANC system was evaluated by a
series of simulation tests similar to those used to evaluate the linear por-
tion of the system. The primary objectives of these tests were

e To evaluate the interaction between the nonlinear processing {NLP)
and ANC algorithms, and

¢ To determine the best adaptive-ciipper threshold settings.
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The results of these tests are presented in this section.

Impulsive Atmospheric Noise

The majority of the tests deal with impulsive atmospheric noise and
pure, Gaussian local noise.

Convergence

Figure 7-8 shows the convergence of the ANC algorithm for four different
noise types (Gaussian, low-level, moderate-level, and high-level) based upon
the same noise (random-number) series. Nonlinear processing is disabled by
setting 1 = », It is apparent in the figure and in Table 7-5 that the conver-
gence and final results are similar for all noise types.

The effects of activating the nonlinear processing by lowering the
threshold are shown in Figures 7-9 to 7-12. Convergence becomes both slower
and steadier, The effective noise reduction achieved by ANC alsc decreases
as T decreases.

Effect of Threshold

The effect of threshold setting upon performance can be seen in Table
7-5 and Figures 7-13 to 7-17. The improvements achieved by nonlinear proc-
essing alone are similar to those presented in Chapter 5. With Gaussian at-
mospheric noise, performance is degraded when T < 2, For low-level atmospher-
ic noise, a maximum improvement of 2.4 dB is achieved (at T = 1.8) and a
maximum degradation of about 3 dB occurs when the clipping level is set too
low. For moderate- and high-level noise, improvements of 11.3 and 13.6 dB,
respectively, are achieved by proper threshold settings (t = 1 and T = 0.56,
respectively}. For these noise conditions, performance is not degraded (with
respect to a linear system) if the threshold is 0.1 or more,.

The effects of combined NLP and ANC can be seen in the upper set of
curves in Figure 7-13, When the atmospheric noise is Gaussian, performance
is 1ittle affected unless T < 0,56, For low-level noise, a maximum improve-
ment of 43.2 dB occurs at 1 = 1. For moderate-level noise, a maximum im-
provement of 45.2 dB occurs at t = 0.56, and for high-level noise, a maximum
improvement of 48,1 dB occurs at 17 = 0.32, 1In all cases, setting T too low re-
sults in a significant decrease in the total noise reduction achieved by the
system.

It is apparent that the use of both NLP and ANC is beneficial. However,
it is also apparent that the benefits are not additive and performance can be
degraded significantly if the ¢lipping threshald is set at too low a value.
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THRESHOLD ¢
PARAMETER NTOY‘PSEE
0.1 0.1778 | 0.3162 { 0.5623 | 1.0 1.778 3.162 -
(ejo103 | € | 1029 | 10.57 9.898 9,548 7.686 4.958 4.378 4.416
€ L | .56 | 10.20 9,638 8.312 6.902 5.938 6.145 7.702
HO ANC M 3.214 | 3.308 3.172 2.821 2.169 2.181 3.023 7.991
H 2.068 | 2.267 2,094 1.617 1.668 1.655 2,390 7.711
ejo102 | 6 1.587 | o.s66e | o0.1272 | 0.00723| o0.06479| o0.05597 | o0.07335 | 0,08133
G L 1.462 | 0.3073 | o.08914| o0.07408| o0.053a9| o0.06065 | 0.07189 | 0.07959
i M g.eaia| 0.08676 | 0.06807 | 0.0a379| o-osi0a| o.0e613 | ©0.06238 | 0.07470
H 0.1920] o0.06014 | 0.03047| o0.05762| o.05838| 0.06375 | 0.06353 | 0.07033
6 |-7.5 |- 7.6 - 7.0 6.7 4.8 1.0 0.1 0.0
EnLp Lo |-z |l2a T ls 0.7 1.0 2.41 2.0 0.0
6 M 7.9 7.7 8.0 5.0 11.3 11.3 9.4 0.0
Ho| 113 10.6 1.3 1376 13.3 13.3 10.2 0.0
6 | 16. 25.4 17.8 39.8 41,5 38.9 5.5 34.7
EANC L] o172 30.4 40.7 a1.0 42.2 39.7 8.7 39.7
a8 Wo| 211 31.6 33,4 36.2 32.6 30.4 13.7 40.6
W | 2006 315 3.7 29.0 2901 28.3 31.5 40.7
G 5.2 17.8 30.8 33.1 36.7 37,9 35.6 4.7
ETOTAL L | 1478 28,0 3807 20,3 3.2 2.1 0.6 39.7
@ | m | 20 39.3 4a1.4 45.2 43.9 41.4 42.2 40.6
Ho| 3201 12.2 48.1 32.5 42.4 17 41.7 40.8
6: 720 Lt y=1.2,0=0.63 M =26 =028 H y=26.8,=0728
o - [1.414, 1.414, 1.414)7, p = 1.0, p =p =p = 0.0, p = 0.0001, Seeds: 19.25
1 2

Table 7-5. Conbired ANC and nonlinear processor with impulsive atmospheric noise.
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Effect of NLP upon ANC

In addition to the total noise reduction achieved, Figures 7-14 to 7-17
plot the noise reductions achieved by NLP and ANC alone. It js apparent that
the primary effect of setting the ¢lipping level too low is a marked decrease
in the performance of the ANC algorithm.

Additional insight into the interaction of the NLP and ANC algorithms
can be obtained by comparing a system with nonlinear processing to a system
with purely linear processing and an appropriately reduced atmospheric-noise
level. Similar errors for the no-ANC estimates are obtained in both cases
{Table 7-6). However, the ANC improvement decreases by 3 to 4 dB when non-
linear processing is used. It is clear from the convergence patterns (Fig-
ures 7-18 and 7-19) that nonlinear processing effectively reduces noise cor-
relation as well as noise level.

Impulsive Local Noise

The effects of combined NLP and ANC upon impulsive local noise were

evaluated by simulation. In this series of tests, the atmospheric noise was
Gaussian,

The results are summarized in Table 7-7 and Figures 7-20 and 7-21. For
moderate- and high-Tevel local noise, inclusion of nonlinear processing al-
lows significantly better ANC performance. The increased noise reduction
(10 to 15 dB) due to ANC overcomes the small degradation {1 dB) due to clip-
ping of the atmospheric noise, The inclusion of nonlinear processing has
1ittle effect upon low-level local noise, and can cause a significant degra-
dation of performance (10 dB) when the local noise is Gaussian.

The significant improvement obtained by including nonlinear processing
is not suprising, since it effectively reduces the local-noise power, thereby
increasing the correlation of the primary and reference signals. In addi-
tion, omission of nonlinear processing allows the noise spikes to have an
excessive influence upon the averages from which correlations are estimated,

Conclusions

The inclusion of both nonlinear processing and adaptive noise cancella-
tion is desirable. However, the benefits of the two systems are not addi-
tive.

For impulsive atmospheric noise, NLP effectively decreases the atmos-
pheric-noise level, allowing the local ncise to be more significant. It also
reduces the correlation between the primary and reference signals.

For impulsive local noise, NLP effectively decreases the local-noise
level, thereby increasing the correlation between primary and reference sig-
nals. ANC performance is therefore increased.

The optimum value of the clipping threshold depends upon the type of
noise, If the noise conditions are known a priori, T should be selected from



NTOYIPSEE ' 5 le}-1073| [e] 1073 f ey o, dB | &pycs OB | B&qpra; > dB
NO ANC | ANC, ==2 R
1.0 {1.0 2.169 0.05104 11.3 32.6 0
M
= 10.07751 2.227 0.08250 0 28.6 -4,0
1.0 ]1.0 1.668 0.05838 13.3 29.1 1}
H
= [0.04679 1.669 0.08211 Q 26.2 -2.9
Table 7-6. Comparison of nonlinear processingrand noise-power reduction,
LOCAL NOISE
T E dB Eanes dB 3 , 4B
POWER TYPE NLP* ANC TOTAL
I Q 27.1 27.1
1 -1.1 18.2 17.1
L 0 22.2 22.2
1 -1.1 22.1 21.0
0.01
M = 0 16.9 16.
1 -1.1 30.0 28.9
H 0 16.8 16.6
1 -1.1 29.1 27.9
G = 0 38.5 38.5
1 -1.1 27.8 26.7
L = 0 3z.0 32.0
1 -1.1 33.5 32.4
0.00%
M - 0 26.6 26.6
1 -1.1 43,6 42.5
H - 0 26.3 26.3
1 -1.1 40.0 38.9
Seeds: 9,19 P =1,P =P_=P =90

fable 7-7. 1Inpulsive local roise.
Naise Type T
Gaussian =
Low level 1.0
Moderate level 0,56
High level 0.32

Table 7-8. Optimum threshold values.
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Table 7-7,

If the noise conditions are not known a priori, caution must be used in
selecting 1, since performance degrades rapidly when 1 is set below the value
shown in Table 7-8. In general, atmospheric noise is somewhat impulsive
(1ow-level, moderate-level, or high-level), rather than Gaussian. It is
therefore desirable to set t between 0.56 and 1. A suitable value is 1T =
0.707, which means that the threshold is set at -3 dB below the estimated rms
noise level,

7.5 ATMOSPHERIC-NOISE SIMULATION

Operation of the combined nonlinear processing and adaptive-noise-can-
cellation algorithm is tested by simulation., The twelve noise conditions
specified in Table 7-9 include various combinations of impulsivity, power,
and direction. The ELF spikiness parameter a corresponds to a 100-Hz band-
width (Table 4-1).

Each test run includes 30,000 samples, which corresponds to 300 seconds
of real-world signal processing. All test runs use a magnetic reference an-
tenna. Signals are sampled at a rate of 100 Hz and the clipping threshold is
set at 0.707 of the estimated rms noise level. The input noise power is set
at unity. For all tests, the signal is

¢ = [0.1414, 0.1414, 0.141477 (31)

which is 20 dB below the input noise level and 25 dB above the output noise
level in a system with neither nonlinear processing nor ANC, All tests use
a 100-element ground filter with sz = 0.6 and Yzy = 0.4 to simulate nonhomo-

geneous ground.

The simulation program (Appendix B) provides for comparison of the out-
puts from three different processors:

® Linear ANC processing,
® Nonlinear processing, and
e Combined nonlinear processing and ANC,

Results

Test results are summarized in Table 7-9. The noise reduction achieved
by nonlinear processing is consistant with that of earlier tests. For high-
level noise, the improvement ranges from 8 to 12 dB (average 9.9 dB), For
moderate-level, Tow-level, and Gaussian noise, the improvements are approxi-
mately 5, 0, and -4 dB, respectively. The only case in which nonlinear proc-
essing effectively raises the noise level involves purely Gaussian atmos-
pheric noise, which is not a 1ikely real-world ELF noise condition.

The overall average noise reductions achieved by the linear ANC algo-
rithm are 19.8 dB for PL = 0,001, 11,1 dB for P; = 0.01, and 4.9 for PL =
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0.1. The last three conditions (various impulsivities or power levels) are
probably the most typical. The average noise reductions for these three con-
ditions are 20.8, 12.0, and 5.6 dB, for PL = 0,001, 0.01, and 0.1, respec-

tively. When the 4.4-dB average improvement from nonlinear processing is
added to the average improvement from ANC, the total improvements are 25.2,
16.5, and 10.1 dB for these "typical" conditions (Figure 7-22).

It is apparent that ANC achieves greater noise reduction when processing
Gaussian noise than when processing impulsive noise. For example (Figure
7-23), the average improvement due to ANC in conditions #6 - #9 with PL =

0.001 varies from 24.4 dB (Gaussian noise) to 18.7 dB (high-level noise}.

The decrease in ANC effectiveness is, however, more than offset by the reduc-
tion in the effective noise level; in the same set of tests, average total
improvement varies from 20.7 dB (Gaussian) to 28.8 dB (high-level). The com-
plementary relationship between the improvements from nonlinear processing
and ANC can also be seen in the convergence plot of Figure 7-24.

The results of the simulations are consistant with theoretical predic-
tions and design goals. They demonstrate proper operation of the wideband
ANC/nonlinear-processing algorithm as well as its usefulness in ELF recep-
tion.

7.6 REFERENCES

1. R. A. Monzingo and T. W. Miller, Introduction to Adaptive Arrays, New
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2. F. H. Raab, "Adaptive-noise-cancellation techniques for through-the-
earth electromagnetics, Volume I," Final Report GMRR TR82-1, Green
Mountain Radio Reserach Company, Burlington, VT, January 1982.
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CHAPTER 8, CONCLUSIONS AND RECOMMENDATIGNS

The extension of through-the-earth electromagnetic location techniques
to deep-mine depths (1-km) requires more noise reduction than can be achieved
(in an acceptable amount of time) by simple signal integration. Intrinsic-
safety requirements preclude significant increases in the power of the under-
ground transmitter. The development of a signal-processing technique such as
adaptive noise cancellation is therefore clearly necessary.

Phase I of this program included an investigation of ELF-noise charac-
teristics and ANC techniques. The nature of the multicomponent ELF-noise
model was defined. The available noise-correlation data suggested that 10 to
40 dB of noise reduction could be achieved through ANC techniques. DMI and
LMS techniques were identified as candidate ANC algorithms,

Phase II of this program was a detailed simulation and comparison of
techniques. Its major accomplishments inciude:

o Implementation of a multicomponent ELF-noise model that incorporates
FLM impulsive noise, direction of arrival, and geology effects;

¢ Development of a method for conversion of the FLM ELF-noise parame-
ters to allow for the effects of a bandwidth reduction;

© Implementation and comparison of nonlinear processors for ELF noise;

© Implementation, optimization, and comparison of DMI and LMS ANC
algorithms; and

¢ Implementation and testing of a signal processor that combines both
nonlinear processing and adaptive noise cancellation.

The major findings of the Phase~II research are:
o The adaptive clipper is the preferred nonlinear processing technique.

@ The clipping threshold should be set between 0.5 and 1.0 times the
estimated rms noise Tevel.

© Recursive estimation of correlation and application of noise cancel-
lation increases the noise reduction achieved by the DMI algorithm,
especially for high correlations,

@ The DMI ANC algorithm is far superior to the LMS ANC algorithm.

o The benefits of nonlinear processing and ANC are not additive.

‘@ The greatest noise reduction is achieved by employing both nontinear
processing and ANC.

& Under typical conditions, the total noise reduction varies fram 5 to
25 dB as the local noise level varies from -10 to -30 dB with respect
to the atmospheric-noise level.
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Adaptive noise cancellation for through-the-earth EM location systems
appears to be both feasible and desirable. The simulated tests show that it
can provide the additional 20 dB or so needed for operation at deep-mine
(1-km) depths.

Evaluation of the ANC algorithms with real ELF-noise data is therefore
recommended, The major components of the Phase-III investigation are:

e Digitization of analog ELF-noise data,
® Processing the data with the combined NLP/ANC system, and
® Evaluation of the multicomponent noise model.

(The analog ELF-noise data has already been recorded as part of another pro-
gram). The results of the Phase-III effort will both validate the ANC con-
cept for TTE EM systems and optimize its parameters.
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APPENDIX A. ANALOGIES FOR COMPLEX MATRIX COMPUTATIONS

Computations for complex vectors and matrices can be implemented with
real-number arithmetic by the use of appropriate analogies. Let

R=4+ 78 , (A.1)

S=¢+ 4D , (A.2)
and -

Rl =E+ jFr , (A.3)

where R and S represent complex matrices or vectors, and 4, B, €, D, E, and
F represent real matrices or vectors of the same dimensions.

Multiplication of complex matrices is directly analogous to multiplica-
tion of complex scalars, thus

RS={Ac-BD) +jBC+AD . (A.4)

Inversion of complex matrices is most readily accomplished (in this
application) by using the isomorphism given by Monzingo and Miller [1, Pro-
blem 9, p. 318]. To invert R, form the all-real double-size matrix

A B
[3 J . (h.5)
E F
¢l = [F E} . (A.5)

This analogy is applicable to all invertable complex matrices, is readily
implemented, and requires no “IF" statements in the subroutine. In some
special cases, the use of a double-size matrix can be avoided. While

speed may be increased, restrictions are imposed and the subroutine is con-
siderably more complicated.

oY
"

Inversion of G produces

A.1 REFERENCE

1. R. A. Monzingo and T. W. Miller, Introduction to Adaptive Arrays, New
York: John Wiley and Sons, 1980.
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APPENDIX B. PROGRAM LISTINGS

B.1 RANDOM-VARIABLE GENERATORS

C Program ¥ FHR-3@@-, @#3/87/83
C Uniform, Gaussian, and Power-Rayleigh random-number generators

SUBROUTINE GAUSS(IRZ,IR1,MU,SIGMA,G)
Medified version of program #FHR-249-
Gausslan random variable by nonllnear transformation of
unlform random varlable

INTEGER X{28)

REAL Mu, Y(28)

C Principa! polnts In nonlinear functlon
DATA X{1), Y(1) /3, g.98/
DATA X(2), Y{(2) /2688, 8.1/
DATA X{3), Y(3) /5197, @.2/
DATA X{(4), Y(4) /7726, @£.3/
DATA X{5), Y(5) /13184, .4/
DATA X(6), Y(6) /12558, .5/
DATA X(7), Y(7) /14978, 8.8/
DATA X(8), Y(8) /169¢8, 2.7/
DATA X{9}, Y(9) /18881, @#.8/
DATA X(18), Y(18) /208783, 8.9/
DATA X(11), Y(11) /22367, 1.8/
DATA X(12), Y(12) /23875, 1.1/
DATA X{13), Y(13) /25225, 1.2/
DATA X{14), Y(14) /26424, 1.3/
DATA X{13), Y(15) /27473, 1.4/
DATA X{16}, Y(16) /2839@, 1.5/
DATA X{17), Y(17) /29177, 1,6/
DATA X{18), Y(18) /29845, 1.7/
DATA X(19), Y(19) /3@415, 1.8/
DATA X{2@2), Y(28) /3@887, 1.9/
DATA X{21), Y(21) /31288, 2.8/
DATA X{22), Y(22) /31857, 2.2/
DATA X{(23), Y(23) /32231, 2.4/
DATA X{24), Y(24) /32468, 2.6/
DATA X{25), Y(25) /32598, 2.8/
DATA X(26), Y(26) /32683, 3.8/
DATA X(27), Y(27) /32755, 3.5/
DATA X(28B), Y(2B) /32767, 4.9/
C GET UNIFORM RANDOM NUMBER @ <= [R@<= +32,767
CALL RANDU(IRZ,IR1)
IRB=]ABS(IR1)
N=1
SEARCH FOR ADJACENT POINTS ON CURVE
19 IF{IRF.EQ.X{(N)) GO TO 298
NP=N+1
IF{IRZ.LT.X{NP)) GO TO 148
1FINP.EQ.28) GO TO 188
N=NP
GO TO 19
INTERPOLATE
188 CONTINUE
G=Y(N) + (YINP) = YIN)) * (IRE - X(N)) / (X(NP) - X(N))
GO TO 25¢
IRZ EQUALS X(N}
288 G=Y(N)
GET SIGN
258 IF(IR1,LT.8) G=-G
NOW EIG] =4 , VARIG] = 1.8
308 G=G*SIGMA+MU
NOW EIG] = MU , VARIG] = SIGMAX*2
RETURN
END

OO0

(@]

L]

o o O O
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SUBROUTINE PWRRAY(IR2,IRT,R,A,Y)
ModIfied version of Program # FHR-258-
Power-Rayleigh random variable
See GMRR TR82-1 and GMRR RNB2-37

[sXeXeNeoXe!

Get uniform random number, 1 <= |R@ <= 32767
18 CALL RANDU(IRZ,IR1)
IRZ=1ABS(IR1)
IF{IRZ.EQ.32767) GO TO 1@
Y =R ¥ ( - ALOG(1.8 - IRE/32767.8) ) ** (1.8/A)

C Restore sign
IF(IR1.LT.8) Y==Y
RETURN
END

SUBRQUTINE RANDU(IRZ,IRY)
Uniform random-variable generator (16-bit Integer)
=32767 <= IR1 <= +32767
Use IR} as output; call RANDU twice after seeding IR1 and IR2
IMPLICIT INTEGER (A-I)
LOGICAL L
DATA M1, M2, LB, Z /-38751,-15384, 32767, X'8ga@t/
C Z =-32768 = 8@@PH, M1 = B7EIH, M2 = C3ESH
18 CONTINUE
DO 1g@g L=1, 16

QOO0

C Compute feedback bit
J1=IR1,AND M1
J2=IR2 ,AND M2
C=1
P=g
DO 5@ N=1,16
1F{(J1,AND,C),.NE.B) P=P+1
1F((J2,AND.C),NE.#) P=P+}

C=C¥*2
5@ CONTINUE
c
C sShift IR1
IR1=IR1.AND.(=2)
IR1=1R1/2
c
C Load high blt of {R1
IR1=(IR1.AND.LB) .0R. {( IR2.AND.11%*2Z)
c
C Shift IR2
IR2={R2 ,AND, {-2)
IR2=1R2/2
c
C Load high blt of [R2
HB=(P,AND, 1}
[R2=(|R2.AND.LB} .OR. ((P.AND,.1)*2)
188 CONTINUE
c

C Eliminate output of -32768
IF(IR1.EQ.Z) GO TO 14
RETURN
END

B.2 WIDEBAND SIMULATION PROGRAM

C Program # FHR-311-, @5/87/83
C DMl ANC algorithm with ELF nolse input
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C
IMPLICIT LOGICAL (L)
DIMENSION P(4),GAMMAL(4),A(4),CHX(4),CHY(4),PSI(4),R(4),
> SIGX{4), HXOLB(12@), HYOLD(18@), FW(188),
> SR(3), SI1(3), ZW(3), YW(3), ZR(3), ZI{3), YR(3), YI(3),
> PHATZ(3), PHATY(3), NNLZ{3), NNLY(3),
> ZBARR(3), ZBARI(3), YBARR(3), YBARI(3),
> SIGZR(3), SIGZI1(3), SIGYR(3), SIGYI(3),
> SIGYYR(3,3), SIGYYI(3,3), SIGZYR(3,3), SIGZYI(3,3),
> RYYR{3,3), RYYI(3,3), RZYR(3,3), RZYI(3,3),
> CONJ{3), DUM1(3,3), DUM2(3,3), DUM3(3,3),
> SHATR{3), SHATI(3), RXYR(3,3), RXYI(3,3),
> DUM4{6,6), DUM5(6,6), DUMB(6,6), RINVR(3,3), RINVI(3,3),
> WR{3,3), WI{(3,3),ZRL(3),YRL{3),ZIL{3),YIL(3},
> SIGZRL(3), SIGYRL(3), SIGZIL(3), SIGYIL(3),
> ZBARRL{3), ZBARIL(3), YBARRL(3), YBARIL(3)
COMMON /BLOCK1/ IR2,IR1,P,A,CHX,CHY,PS1,R,SIGX,PSIMIN,PSID
COMMON /BLOCK2/ NFILT, FW
COMMON /FLTR/ FGAIN, FTHR, TOTSMP, COSWAV, SINWAY
DATA PSI(1),PS1{2),PS1(3),PS51(4) /45.0,135.8,-72.0,8.8/
1@ FORMAT(® DMI ANC algorithm with ELF nolse, ',
> 'Program # FHR-311-1,/)
c
C Flixed parameters and constants
C 1f total number of wideband samples will exceced 32,767, FSAMP must be
C Integer multiple of FSIG and KMOD=FSAMP.
C
DR=@.017453293
TWOP| =6,2B31852
SIGMAG=1.¢
KMOD=148
FSAMP=138.8
CFILT=1.8
FSIG=18.0
ILS=3
ILY=3
ILY2=1LY*2
C
C Announce name and get other parameters
Cc
WRITE(3, 18)
9¢ WRITE(3,198)
129 FORMAT(!' INPUT: Noise-source parameters'!,/,
> ' #,2%,'P, Gamma, A, Psimin, Psimax (degrees)!')
DO 128 1=1, 4
WRITE(3,118) |
118 FORMAT(Y ',12,2X)
CALL ATR(P{I),IERR}
IF(1ERR.EQ.27) GO TO 9@
CALL ATR{GAMMAL(1),1ERR)
1F{1ERR.EQ.27) GO TO 94
CALL ATR(A(!),lERR)
IF(IERR.EQ.27) GC TC 94
12¢ CONTINUE
CALL ATR(PSIMIN, IERR)
IF(1ERR,.EQ.27) GO TO 9@
CALL ATR(PSIMAX,|ERR)
IF(1ERR4EQ.27) GO TO 9¢
PSID=PSIMAX-PSIMIN
c

C Type of reference
WRITE(3, 138)
138 FORMAT(/,' Reference {(E or M) ? 1)
READ(3,135) LREF
135 FORMAT (A1)
o LREF=LUPPER(LREF)
C Local nolse level
WRITE(3,148)
14@ FORMAT(' Plocal = 1)
CALL ATR(PLOCAL, |ERR)



113

SIGLCL=SQRT (PLOCAL}
c
C Slgnal parameters
WRITE(3, 168)
168 FORMAT(/,' In-phase signal components x,y,z =
CALL ATR(SR{1),I1ERR)
CALL ATR{SR(2),|ERR)
CALL ATR(SR{(3),IERR)
WRITE(3,17@)
178 FORMAT(' Quadrature slgnal components x,y,z = 1)
CALL ATR{S!{1),|ERR)
CALL ATR(SI(2),IERR)
CALL ATR(SI1(3),1ERR)

"
-
~—

C Other parameters

WRITE(3,208)

209 FORMAT(/,' Nsamp, Nw, Kout = '}
CALL ATI{NSAMP,ERR)
CALL ATI1(NW, |ERR)
CALL AT1{(XKOUT,IERR)
WRITE(3,218)

218 FORMAT(' Nset, F3dB, Thresh = ')
CALL ATI{NSET,IERR)
CALL ATR{F3DB,|ERR)
CALL ATR{FTHR,|ERR)
KMAX=NSAMP+NSET
WRITE(3,22¢)

22@ FORMAT(' Nfllter, Yzx, Yzy, Yzz = 1)
CALL ATI(NFILT,IERR)
CALL ATR(YZX,1ERR)
CALL ATR{YZY,1ERR)
CALL ATR(YZZ,1ERR)
WRITE(3,230)

238 FORMAT(' Number of runs = ')
CALL AT!I{NRUN,1ERR}
WRITE(3,248)

247 FORMAT('! Seeds =1}
CALL ATI{ISEEDt,IERR)
CALL AT|{(ISEED2Z,1ERR}
|F{(1SEED1 ,NE.@).AND.{ I SEEDZ.NE.B)) GO TO 250
CALL SEED(ISEED?)
CALL SEED(1SEED2)

25% (R1=ISEED1
IR2=1SEED2

Wrlte parameters and headings to output files

o0

CALL FOPENO(7,|ERR)
WRITE(3,385)
3g@ FORMAT(23X,!Noise-Source Data',/,! 1',5X,'P",9X," Gamma' ,9X,
> TA',6X,'Psl/Psimin!,2X,'Psimax',/)
WRITE(7,18)
WRITE(7,38D)
DO 344 1=1,4
IF(1.£Q.4) GO TO 328
WRITE(3,314) 1, P(1), GAMMAL(1), A(1), PSI{I)
318 FORMAT(' #1,12,3612,4,F8.1,2X,F8.1)
WRITE(7,31¢) 1, P(1), GAMMAL(I), AC1), PSIC(I}
GO TO 33¢
32¢ WRITE(3,314) 1, P{1}, GAMMAL{1), A(l1), PSIMIN, PSIMAX
WRITE(7,31#) |, P(1), GAMMAL(1}, A(1), PSIMIN, PSIMAX
338 CONTINUE
PSIC1Y=PSI{1)}*DR
CHX{1)=-SIN(PSI(I))}
CHY (1) =COS{PSI{1))
343 CONTINUE
PSIMIN=PSIMIN*DR
PSIMAX=PS|MAX*DR
PSID=PSID*DR
PT=3,P
DO 345 1=1,4
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PT=PT+P(1)

345 CONTINUE
PT4=PT*4 .8
PT9=PT*9 .8
WRITE(3,346) PT
WRITE(7,346) PT

346 FORMAT(' T ',G12.4)
IF(LREF.EQ.69) GO TO 351
WRITE(7,358), PLOCAL

35@ FORMAT(/,'! Magnetlic reference antenna, Plocal = ',G12.4)
GO TO 355

351 WRITE(7,352), PLOCAL

352 FORMAT(/,' Elactrlc refarence antenna, Plocal = ',G12.4)

355 CONTINUE
WRITE(7,378@) (SR(I), 1=1,3), (Si(1), 1=1,3) -

37@ FORMAT(/,' Re(S) = ',3G12.4,/,' Im(5) = !,3612,4)
WRITE(7,399) NSAMP, NW, KOUT

399 FORMAT(/,' Nsamp = ',16,' Nw = !, 16,! Kout = ',16)
WRITE(7,391) NSET, F3DB, FTHR

391 FORMAT(' Nset = ',16,' F3dB = ',F5.2, ' Thresh = ',G12.4)
WRITE(7,395) NFILT, YZX, YZY, YZZ
395 FORMAT(' Nfilter =1,13,' Yzx =1',612,4,' Yzy =1',G12.4,

> v Yzz =1,G12.4)
c .
C Start run
C
DO 9828 NR=1, HRUN
WRITE(3,4008) NR
WRITE(7,408) NR
489 FORMAT(/,' ',B@('="),/," Run # 1,13)
Cc
C Output headlngs
C

WRITE(3,465)
WRITE(7,465)
485 FORMAT(/,5X,'T',6X,'MSEL' ,8X,"MSEN' ,8X, ! MSEA! ,
> 9X,'Gn',6X,'Ga',6X,'Gt",/)

c
C Inltialize parameters
c

ISEED1=IR1

I SEED2=IR2

CALL RANDU(IRZ,IR1)
CALL RANDU(IRZ,IR1)
DO 419 1=1,4
IF(P(1).GT.@,8) CALL ELFPRM(P{1),GAMMAL(I1),A(1},SIGX(1),R(I))
417 CONTINUE
DO 43¢ J=1,3
ZRL{JYB.8
ZIL()) 2.0
YRL(J) =P8
YIL{J))=g.0
ZR())=0.0
ZIt) =A.0
YR(J)=f.0
Y1())=0.0
SIGZR(J)=B.P
SIGZI())Y=A.¢0
SIGYR(J)Y=A.0
SIGYI(J)=P.P
SIGZRL(J) B8
SIGZIL(J)Y=2.0
SIGYRL(J)=p.0@
SIGYIL(J)=B.8
DO 420 1=1,3
SIGYYR(1,J)Y=A.8
SIGYYI(1,1)=0.8
S1GZYR(1,J)=P.6
SIGZY1(I1,))=¢.0
429 CONTINUE
PHATZ(J))=R.8
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NNLZ(J) =8
PHATY(J)=B.0
NNLY(J) =g
43@ CONTINUE
DO 449 J=1,NFILT
HXOLD(J) 0.8
HYOLD(J)=p.8
FW{J}=PR(CFILT,J)
449 CONTINUE
FGAIN=2.8 ®* TWOP| * F3DB / FSAMP
OD=TWOP 1 %FS [ G/FSAMP
KS=@
K=p
GEAVG=0 .8
G1AVG=Q.@
G2AVG=p.¢
NG=§

Begln narrowband-sample loop
DO 7888 KN=1, KMAX
Begln wldeband-sample loop

DO 1808 KW=1, NW

KS=K5+1

I F{KS.EQ.KMOD} KS=g

CALL INTRPT{LINT)
IF(LINT.EQ.27) GO TO 9999
OMEGAT=0D*KS

COSWAV=COS (OMEGAT)
SINWAV=5|N{OMEGAT)

Begin noise generation ,
- TOTSMP=TOTSMP + 1.8

Generate incident noise fields
CALL ELFINC(ZW(1),ZW(2),EZ)

Horizontal elactrlc fields
YW(1)=FILTER(ZW(2),HYOLD)
YW(2)=FILTER{ZW( 1} ,HXOLD)

Vertlcal magnetic fleld
ZW(3) =YZXFZW(1) + YIY®ZW(2) + YZZ*EZ

Vertlcal electric field
YW(3)=EZ

Magnetic reference antenna?
IF(LREF.EQ.69) GO TO 518
DO 588 1=1,3
YW()=ZW(I)

588 CONTINUE

519 CONTINUE

Genarate and add local noise

0O 52¢ 1=1, 3
CALL GAUSS(IR2,IR1,5.8,5IGLCL,GN}
YWCI)=YW(T) + GN

528 CONTINUE

Add signal

DO 554 [=1, 3

ZWCLY=ZW(I) + SR{1I*COSWAV + ST C(1)*SINWAV
558 CONTINUE

Detect wlthout nonlinear processing
DO 688 [=1,3

115
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CALL LP(ZW(1),ZRL(1),Z1L¢
CALL LPCYW(1),YRLCI),YILS
680 CONTINUE

1))
(D))

Apply nonlinear processing and obtaln narrowband waveforms

Do 618 1=1,3

CALL NLP(ZW(1),PHATZ{1),NNLZ(1),ZR(1),Z1C1))
CALL NLPCYW(E) ,PHATY (1) ,NNLY(1),YR(E),YI(1))
616 CONTINUE

End wideband sample
1¢88 CONTINUE
Settled?

1 F(KN,LENSET) GO TO 6978
K=K+1

Begin narrowband sample
Accumulate measurement statistics

Blas Zbarl
CALL MADD(3,1,SIGZRL,ZRL,SIGZRL)
CALL MADD(3,1,StGZIL,ZIL,SIGZIL)
Bias Ybart
CALL MADD(3,1,SIGYRL,YRL,SIGYRL)
CALL MADD{3,1,SIGYIL,YIL,S1GYIL)
Bias Zbar
CALL MADD(3,1,SIGZR,ZR,SIGZR)
CALL MADD(3,1,51GZ1,Z1,SIGZI)
Bias Ybar
CALL MADD{3,1,SIGYR,YR,SIGYR)
CALL MADD(3,1,SIGYI,YI1,SIGYI)

Covariance {z*) * (yT)
CALL SMULT{ILS,1,Z1,-1.8,CONJ)
CALL CMVMLT(ILS,1,ILY,ZR,CONJ,YR,Y],DUMT,DUMZ,DUM3)
CALL MADD{ILS,ILY,SIGZYR,DUM1,S1GZYR)
CALL MADD{ILS,ILY,SIGZYL ,DUM2,SI1GZYI)

Covarlance (y*) * (yT)
CALL SMULTCILY,1,YI,=1.8,CONJ)
CALL CMVMLT{ILY,1,ILY,YR,CONJ,YR,Y1,DUM1,DUM2,DUM3)
CALL MADD{ILY,ILY,SIGYYR,DUM1,S1GYYR)
CALL MADD(ILY,ILY,S1GYYI,DUMZ,S1GYYI)

Time to make estimate?
I F(K/KOUT*KOUT.NE.K) GO TO 699¢
Estimate blas and covarlances
CK=1.8/K

Blas vectors
CALL SMULT(3,1,S1GZRL,CK,ZBARRL)
CALL SMULT(3,1,SI1GZIL,CK,ZBARIL}
CALL SMULT(3,1,SIGYRL,CK,YBARRL)
CALL SMULT(3,1,SIGYIL,CK,YBARIL)

Blas vectors
CALL SMULT(3,1,SIGZR,CK,ZBARR)
CALL SMULT(3,1,SIGZI,CK,ZBAR!)
CALL SMULT(3,1,SIGYR,CK,YBARR)
CALL SMULT{(3,1,SIGY!,CK,YBARI)

Covariance Ryy
CALL SMULT(3,3,S1GYYR,CK,RYYR)
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CALL SMULT(3,3,516YY! ,CK,RYY!)

c
C Covarlance Rzy
CALL SMULT(3,3,SIGZYR,CK,RZYR)
CALL SMULT(3,3,51GZYI ,CK,RZY()
c
C Linear estimate
c
CALL MSE(ILS,SR,51,ZBARRL,ZBARI L ,RMSEL)
C
C No—=ANC estimate
c
CALL SMULT(ILS,1,ZBARR,1.8,SHATR)
CALL SMULT(ILS,1,ZBAR!,1.8,SHATI1)
CALL MSE(!LS,SR,SI1,SHATR,SHATI ,RMSEN)
c
€ Invert estimated covariance Ryy of reference
c

CALL CM1{ILY,I1LY2,RYYR,RYY| ,RINVR,RINVI ,DUM4,DUMS,0UME,DET)
IF(DET4NE.8.8) GO TO 56¢¢
CALL MZERO(3,3,RINVR)
CALL MZERO(3,3,RINVI)
568@ CONTINUE
¢

C DMI estimate #¢
C
CALL DMICILS,ILY,ILY2,RZYR,RZY| ,ZBARR,ZBARI ,
> YBARR,YBAR!,RXYR,RXY|,SHATR,SHAT| ¥R, W[ ,DUM3,
>  DUM4 ,DUM5S,DUMG ,RINVR,RINVI)
CALL MSE{ILS,SR,St,SHATR,SHATI ,RMSER)

DMl estimate #1

OO0

CALL DMI(ILS,ILY,ILYZ,RZYR,RZY|,ZBARR,ZBARI ,
> YBARR,YBARI ,RXYR,RXY],SHATR,SHAT,WR,Wi ,DUM3,
>  DUM4,DUMS,DUM6, RINVR,RINVI)

CALL MSE(ILS,SR,SI,SHATR,SHATI ,RMSET)

DMI estimate #2

OO0

CALL DMI(ILS,ILY,LYZ,RZYR,RZY| ,ZBARR,ZBARI ,
> YBARR,YBARI ,RXYR,RXY1,SHATR,SHATI ,WR, Wi ,DUM3,
> DUM4,DUMS,DUM6,RINVR,RINV1)

CALL MSE{ILS,SR,SI,SHATR,SHATI ,RMSE2)

a0

Compute Iimprovement and output results
T={(1,8 ¥ K) * NW)/FSAMP
Go=0.¢
Gl1=g.¢
G2=0.8
I F(RMSEL.EQ.@.@) GO TO 6768
IF{RMSEN.EQ.@.8) GO TO 6748
C Improvement due to clipping
G@=2¢.8 * ALOGI@(RMSEL/RMSEN)
674@ |F(RMSE2,EQ.Z.8) GO TO 6768
C Improvement added by ANC
G1=2¢.0 * ALOGIZ(RMSEN/RMSEZ}
C Total Improvement
G2=Gf + 61
6768 IF(K.LT.(KMAX/2)) GO TO 6778
c
C Average Improvements over last half of test
c
NG=NG+1
GPAVG=GPAVG + GP
GIAVG=G1AVG + GI
GZAVG=GZAVG + G2
6772 WRITE(3,6888) T, RMSEL, RMSEN, RMSE2, G@, G1, G2
WRITE(7,6888) T, RMSEL, RMSEN, RMSEZ2, G&, G1, G2
Cﬁaﬂﬂ FORMAT(' ' ,F7,2,3G12.4,3FB.1)
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GO TO 6998
c
C Reset NLP counters at end of settling period
c

6978 1F(K,NE.NSET) GO TO 6998
DO 6987 1=1,3
NNLZ{ 1) =8
NNLY (1) =f
69848 CONTINUE
639% CONTINUE
C7ﬁﬂﬂ CONTINUE

C Output final averages and covarlances
c
GPAVG=GBAVG/NG
G1AVG=G1AVG/NG
GZAVG=G2AVG/NG
WRITE(3,79@@} GPAVG, GIAVG, G2AVG
WRITE(7,7908) GOAVG, GIAVG, GZAVG
7908 FORMAT(! AVG!,37X,3F8.1)
WRITE(7,8080)
B@@@ FORMAT(/,' Zbar = 1)
WRITE(7,8418) (ZBARR(I), 1=1,3), {(ZBARI(1}, |=1,3)
8618 FCRMAT(' [',3G12.4,'] +] [',3G12.4,'1")
WRITE(7,8828)
B@#2¢ FORMAT(/,' Ybar = 1)
WRITE(7,8818}) (YBARR(1), 1=1,3), {YBARI({I), 1=1,3)
WRITE(7,8108)
8188 FORMAT(/,! Ryy = '}
DO 813@ 1=1,ILY
WRITE(7,8218) (RYYR(!,J), J=1,3), (RYYI{i,J), J=1,ILY)
813g CONTINUE
WRITE(7,814@) DET
8149 FORMAT(/,' Det(Ryy} = ',G12.4)
WRITE(7,8200)
8208 FORMAT(/,' Rxy = ')
DO 823¢ 1=1,ILS
WRITE(7,8@1@} (RXYR{1,J}, J=1,1LY), (RXYI(I,J), J=1,ILY}
8237 CONTINUE
WRITE(7,8388)
B3@@ FORMAT(/,' W =1)
DC 8318 1=1,1LS
WRITE(7,8818) (WR(1,J), J=1,ILY), (WI(I,J), J=1,ILY)
831@ CONTINUE
WRITE(7,8338) 1SEED1, I1SEED2
833¢ FORMAT(/,' Seeds = ',218)

c
9¢@@23 CONTINUE

oo

9999 ENDFILE 7
STOP
END

SUBROUTINE DMI(ILS,ILY,ILY2,RZYR,RZY),ZBARR,ZBARI ,YBARR,YBARI ,
> RXYR,RXY!,SHATR,SHAT! ,WR,W!,DUM3,DUM4 ,DUMS,DUME ,RINVR,RINV!)
C Estimate of signal using DMl ANC algorithm
DIMENSEON RZYR{ILS,ILY), RZYI(ILS,ILY),
ZBARR(1LS), ZBARI(ILS), YBARR(ILY),
YBARI{1LY), SHATR(ILS), SHATI(ILS), WRCILS,ILY),
WICILS,ILY), DUMACILY2,ILY2), DUMS(ILY2,ILY2),
DUMBCILYZ,ILY2), RINVRCILY,ILY), RINVICILY,ILY)

VvV vy

InTtlal estimate of covariance Rxy (WR and Wl are dummlies)

o0O0

CALL SMULT(1LS,1,SHATI,=1.8,SHATI)

CALL CMVMLT(ILS,1,ILY,SHATR,SHAT,YBARR ,YBARI ,WR,W1 ,DUM3)
CALL SMULTCILS,ILY,WR,-1.8,%R)

CALL SMULTCILS,ILY,WI,~1.8,41)

CALL MADD(ILS, ILY,RZYR,WR,RXYR)
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CALL MADD(ILS,ILY,RZY),WI,RXYI)
Compute welghting matrix W

CALL CMYMLT{ILS,ILY,ILY,RXYR,RXY! ,RINVR,RINVI ,WR,WI,DUM3}
Calculate Improvement vector

CALL CMVMLT(ILS,ILY,1,WR,W!,YBARR,YBARI ,SHATR,SHAT],DUM3)
Estimate

OO0 OO0 000

CALL SMULT(ILS,1,SHATR,-1.8,SHATR)
CALL SMULTCILS,1,SHATI,=1.@,SHATI)
CALL MADD(ILS,1,SHATR,ZBARR, SHATR)
CALL MADD(ILS,t,SHAT) ,ZBARI ,SHATI)
RETURN

END

SUBROUTINE MSE(!,SR,S1,ER,EI ,RMSE}
C Mean-square error In estimate of complex vector

DIMENSION SR(1), Si{l), ER(1), EI(])
RMSE=(, 0@
0O 18 J=1,I
RMSE=RMSE + (SR(J) - ER(J))¥¥2
RMSE=RMSE + (S[(J) = E1{J))*¥2

1@ CONTINUE
RMSE=SQRT(RMSE/ 1)
RETURN
END

SUBROUTINE ELFINC(HX,HY,EZ)
INCIDENT ELF FIELDS
DIMENSION P{4),A(4),CHX(4),CHY(4),PS1(4),R(4),
> S1GX(4)
COMMON /BLOCK1/ IRZ,IRI,P,A,CHX,CHY,PSI,R,51GX,PSIMIN,PSID
188 HX=0.8
HY=(,.2
EZ=0.0
DO 312 1=1,4
IF(P(1).LE.2.8) GO TO 3¢p
IFC1.LT.4) GO TO 208
GET RANDOM AZIMUTH ANGLE FCR SOURCE #4
CALL RANDU(IRZ,1R1)
1@=1ABS(IR1)
PS1(4)=(18/32767.8)*PSID + PSIMIN
CHX ({4} ==SIN(PS1(4))
CHY{4) =COS(PS1(4))

L]

O

COMPUTE, DECOMPOSE, AND SUM QUTPUTS FROM NOISE SOURCES
ELF noise via FLM model
288 CALL GAUSS(IRZ,IR1,0.8,S16X(1),2)
CALL PWRRAY(IRZ,IR1,R(1),A(1),Y)
H=Z+Y
C Incldent flelds
HX=HX+H*CHX (1)
HY=HY+H*CHY (1)
EZ=EZ+H
3@0 CONTINUE
318 CONTINUE
RETURN
END

OO0

SUBROUTINE ELFPRM(PZ,GAMMAL,A, S1GMAX,R)
C CALCULATION OF PARAMETERS FOR SUBROUTINE ELFNSE
C FOR GAUSSIAN COMPONENT
C GAMMAL=IMPUSLIVITY; GAMMA=GAMMA FUNCTION
PX=PZ/{ 1.8 + GAMMAL*¥2)
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S1GMAX=SQRT{PX)

FOR POWER-RAYLEIGH COMPONENT
R=SQRT{(PZ=PX)/GAMMA( 1.8 + 2.8/A))
RETURN
END

FUNCTION FILTER{H,HOLD}
DIMENSICN HOLD(1g8), FW{1@%)
COMMON /BLOCK2/ NFILT, FW
SAVE H
DO 19 J=2,NFILT
IM=J-1
HOLD( J) =HOLD(JM)
18 CONTINUE
HOLD(1)=H
COMPUTE RESPONSE
FILTER=g .8
DO 28 J=1,NFILT
FILTER=FILTER + HOLD(J)*FW(J)
2 CONTINUE
RETURN
END

FUNCTION PR(C,K)

PULSE RESPONSE OF FLAT, HOMOGENEOUS CONDUCTING GROUND
IF(K.GE.2) GO TO 209
IF(K.EQ.1) GO TO 148

K <=@

PR=4.90

RETURN

K =1

198 PR=C
RETURN

K>=2

288 PR=C*(1,8/(1.8%K)%%0,5 = 1.8/{1.,0%K=-1.0)%*3,5)
RETURN
END

SUBROUTINE NLP{VI],PHAT,NNL,SIHAT,SQHAT)
COMMON /FLTR/ GAIN, T, TOTSMP, COSWAV, SINWAY
Signal=nulling loop wilth cilpper

Null slignal using previous sstimates
VIN=V| ~ SIHAT*COSWAV = SQHAT*SINWAV

Average power, find rms, set threshold
PHAT=PHAT + VIN**2
RMS=SQRT(PHAT/TOTSMP)

TAUP= RMS*T
TAUN=-RMS*T

Clip Imput and Increment nonlinear event counter
IF(VIN.LT.TAUP}Y GO TO 1#
VIN=TAUP
NNL =NNL+1
G0 TO 188
18 IF(VIN,GT,.TAUN) GO TO 128
VIN=TAUN
NNL=NNL+1
GO TC 1¢8

Estimate | and @ components of signal
188 SIHAT=SIHAT + VIN¥COSWAV®GAIN
SQHAT=SQHAT + VIN¥SINWAV¥*GAIN
RETURN
END
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SUBROUTINE LP(VI,SIHAT,SQHAT)
COMMON /FLTR/ GAIN, T, TOTSMP, COSWAV, SINWAY
Signal-nulling loop without c¢lipper

Null signal using previous estimates
VIN=V] - SIHAT®COSWAV - SQHAT®*SINWAY

Estimate 1 and @ components of signal
188 SIHAT=SIHAT + VIN*COSWAV*GAIN
SQHAT=SQHAT + VIN¥S|NWAV*GAIN
RETURN
END

SUBROUTINE CMVYMLT(I,J,K,A,B,C,0,E,F,DUM)

Multiplication of complex matrices

E+ jF=(A+ jB) * (C+ jD)

DIMENSION A(1,J), B(1,J), C{J,K), D{J,K), E(1,K), F(I,K),
> DUM(!,K}

Real part
CALL MVMLT(1,J,K,A,C,E)

CALL MVMLT{I,J,K,B,D,DUM)
CALL SMULT(I,K,DUM,=1.8,DUM)
CALL MADD(1!,K,E,DUM,E}

Imaginary part
CALL MVMLT{I,J,K,A,D,F)
CALL MVYMLT(I,J,K,B,C,DUM)
CALL MADD(I,K,F,DUM,F)

RETURN

END

D

SUBROUTINE CM|(N,N2,A,B,E,F,G,DUM1,DUM2,DET)
Inversion of complex matrix
R=A+ jB; Inverse(R) =E + |JF
Scratch arrays: G, DUM1, DUM2; dlmensions N2¥N2, N2=N¥*2
DIMENSION A(N,N), B(N,N), E(N,N), F(N,N),
> GINZ,N2}, DUMI(NZ,N2), DUM2(N2,N2)

Load G

DO 28 1=

DO 187 J=

11=N + |
Ji=N + J
G{1,J)=A(1,4}
G(It,J1=A01,0)
G(1,J1)=B{Il,))
G{I1,4)=B{l,N

18 CONTINUE

2@ CONTINUE

1, N
1, N

Invert G
CALL INVERT(G,N2,DET,DUM1,DUM2)

Recover E and F

DO 120 1=1,N
DO 118 J=1,N
J1=J+N

E(1,0)=G(1,
F{1,3)=G(1,41)
118 CONTINUE
128 CONTINUE
RETURN
END






