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Part I

FORWARD

A carefully developed body of knowledge concerning estimation in

sonar detection and classification has been developed and wmade avallable to
Naval Ships Systema Conmand in previous reports., In section I we summarize
definitions of measurement space, feature space, decision space, and the
decision rule, and we comment on the generalized k nearcst neighbor decision
rule, nonparametric feature sclection, cluster mapping, and the Bayes solution,
Then, in Chapter II, we introduce the new approach to pattern recognition
which provides for inserting problem knowledge into the decision making pro-
cess, This approach, although not so new in "idea" is very new in "action".

We discuss nonlinear mappines we have discovered which can be used to insert

a prior{ problem knowledge., We show how features can be designed first for

submarine targets and then for specific kinds of nonsubmarine targets, By

using a priori problem knowledge, pattern recognition can take place with

no training samples; the training samples then add fce crean to the pie.

Section IV provides an introduction to performance results after pro-
cessing Rogers data.

1_Theoretical Foundation

A, Introduction

Appropriate definitfons, notation, and operations have been fairly well
eastablished for computerized detection and classification, In this section we
srovide a tutorial and indicate where improveme:.ls can be mde,

Measurcment or Observation Space

Mcasurements of a sonar echo or sequence of sonar echoes provide conponents

of a vector x = E‘l’ xz.....xl;] called the observation vector, These measurements

are made on the audio waveform, video scan waveform, along with associated




measurements of target range R, true bearing 0, and targetl track aspect y.

Feature Space

The process of obtaining features from the observation vector x involves

inserting problem knowledge. Features important for deteccting a submarine are
different fpom features important for detecting a nonsubmarine. For example, a
nonsubmarine target may consist of mltiple targets in range, bearing scan, or
both; features which measure these properties are thus important for detecting
nonsubmarines. On the other hand, an estimate{target length is an important

feature for detecting submarine targets. It _is important to provide that features

useful in detecting one tvpe of tarpet are not_a nusicance in detecting another type

of target.

ecision Space

Simply, the decision space consists of M classes with corrcsponding a
priori probabilities Pi’ i=1,2,...,M. We may consider the decision space

one dimensional with M points.

The Unique Decision Rule

Loosely speaking, the unique decision rule is a Bayes, minimum conditional

risk rule where the density fg;li) and a priori class probability Pi are calculated

for all M classes. . It is necessary to learn f(gli) using both problem knowledee
and training vectors zi, z;,..., z;.

i
characterized by & set of parameters‘pi where'pi is related to the featuvis for

h

for this 1" class. The density £(x|i) is

the it class.

B. The New Pragmatic Approach to Pattern Recognition

We at Purdue University have made scveral contributions to pattern recognition
including:
The Generalized K-Nearest Neighbor Decision Rule, published in Information and

Control

Non-Parametric Feature Selection, published in IEEE Transactions on Informaticn

Theory




Cluster Mapping with Experimental Computer Graphics, published in IEER

transacticns on Computers.

Bayes Solutions to Pattern Recoenition, published in IEEE transactions

on Information Theory.

how, however, we are working ou a more advanced approach to pattern recognitiua
which provides for inserting problem knowledge along with training samples into

the automation process. Subsequent sections will describe the procecdure.

II _The New Proceedure
The approach is to use problem knowledge to transform observation vectors
ggi from class i to a lower dimensional space where the features are uncorrelated.
A nonlinear transformation must be constructed for each class; this nonlinear
transformation may be thought of as resulting ultimately in a nonlinear
matched filter which can be updated using training samples. The proceedure is
best described in terms of the following operations used to construct the nonlinear
transformations. 5
Within Subset
This operation selects measurements xsl, xs2 s st from the sth sonar ping
to which nonlinear operztions are applied. These measurements are in the s

th

vector p
Between Subset
This operation selects measurements from each of a sequence of v pings

Xy XpseeesX, to which nonlinear operations are applied. One such nonlinear

operation is the "Starlight" type operation. L& |
Begion : B |

This operation selections a region of the observation space VL‘ Any points
in this region are processed with a sequence of operations specialized to samples

restricted to this region.
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Correlation Inserter
. & linea> or nonlinear function of measi=ements selected by operations
e "within subset" or "between subset" gives rise to a new feature. The following
is a list of nonlinear functions which may or may not be directly used in
sonar problens:
ratio
sum
weighted sum
blanking

quadratic

ring
product
subgroup
More spacialized nonlinear relationships have been found from sonar problem
lmowlcdg;z and are described next.
A Desieninz Nonlinear Filters for Detecting Subs
Measurement vectors 51 XpreeesX, are taken for v successive pings with

-~ - -~

5. =Cts B, NP, 4, R, 0,NJ r=12..,v )

LY

where tr is an estimate of target length, Er of target echo energy, NPr of
noise energy, "r of aspect angle, Rr of target range, Or of target bearing,
and Nr of number of target highlights. Vheu the same class of target is cctive

for all v echos, the sequence vector of measurements
.%v 50 [351’ 25,2’”")5,,] (2)
is constructed. If there are L entries in P then there are Lv entries in

}:v and they can't be uncorrelated. We know that target length ¢ is a fixed

parameter and it is reasonable to use the sum operation,
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where o o Erlm‘r is an estimate of si[;nal/noise ratio for the x'th echo.
The target reflectively is a reasonable feature characterizing submarine

targets. An estimator for target reflectivity ¢ is signal/noise ratio normalized

for range, AR
- R zwhr -3
= ( 8lgnal - .
o = ( Algal) (p)2 = = (R) (1)
ZNP
r
r-l
where .
e & lz - "
K=S)l R (5)
r1

The number of highlights is another reasonable feature characterizing
submarine targets. Since the number of highlights in a submarine echo depends

on the submarine aspect angle, an estimator for the number of highlights is

-

Nr Cos v (6)

<

23
v
1

i

-

-
th :
where Nr is a measurement of the number of peaks in the r echo and ¥ is an
th
estimate of target aspect angle on the r echo.
Because sub-targets can have certain range rates and rate of change of

aspect angle, two other reasonable features are

2 1 v-l R o R
M) v it . - -
(At (v-1) Z t gt (7)
rl
and :
& 3 v_]. - -
(&) = =2 et )
At (v-1) L tg- b,




whe?e tr+1- 'r is the time betveen pings.

"~
- -~

- n .
Features £, o, N, (ﬁ?), and (ﬁ%) are significant features for detecting
subnarine targets. To achieve a spherical density, we will need the following

e timates of variarces of thesc featurcs for sut largets:

s, = variance (2) for gub-tarpets

; = variance (o) for sub-targets
a

sy = variance (M) for sub-targets (9)
A-B- I wt oo a
At) for sub-targets

-

-~

s AR = variance (
At

8
(gg)

= variance (ﬁ%) for sub=targets

Bs_Desiening Non=linear Filters for Detectins Nonsubs

Because the nurber of highlights is not any particular fixed value for many
types of nonsubs, a reasorable additional feature for nonsubs is the average chang

in number of highlights,

v-1
(an) = Wl-_ﬁ Y (= 1) (20)
1

Some nonsubs produce multiple targets in range. Therefore a reasonable

feature is the number of detected targets in range, TR, an estimate for which is

v
"~ LLX a
(TR) = ('rn)r (11)
r=l
with (TR)r the number of targets in range on the rth echo return,
In like manncr, the number of targets in bearing T, is a reasonable

featuré for certain kinds of nonsubs where a rcasonable estimate is

v
() =LY (1), (12)

r=1

P RS
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with (T“)r the nusber of targets in bearing on the r' echo return.
For certain nonsubs, the echo length may change such that a rcasonalle
feature is

v=1

Gt 1 ey
ae v=1 2 |°,.+1 "r' (13)

where . is the estimated echo length for the rt'h echo.

The features specifically selected for nonsubs thus are (AY), Cat),c;e),
and (A‘;).
€. Combined Set of Features

The vector of conbined featurcs for subs and nonsubs is thus

y = [t o ( i, >,. (aN), (TR),(70), Ae) Q)

where the ones in the first segment of the partition are the sub-feature
(dcnctcd ) and those in the second segnent are the nonsub features (denoted
yrs)' This new feature vcctox'l' has features (in y - ) specially designed for
detecting non-subtmarine targets. Because there undoubtly are correlations betwce
Yo and y it is not wise to usc y as the feature vector unless a priori

s ns ~

knowledge about these correlations is introduced. Put differently, b would
contribute nuiscance features when trying to detect a submarine. In the following
section it is shown how a very elementary form of correlation can be inserted by
using conditional density functions.
Re__Second Level of Correlation

The features in y (15) may not have spherical statistics. First of all,
-~ - -~ -
£ and ¢ are correlcted for norsubs. We know thol for nonsubs, both £ and o

can be larger than values for subs or both can be smaller than values for subs.

This suggests using the new feature

‘/—— + (a)?

for nonsubs. This feature might also be satisfactory for subs. Too large or

too small values would signify a sub,




The features (TR) an? (T8) can be used to "adapt" the construction of

certain new features as follows:

If (TR) > 1

or , then cbserve the change in (o) among the severel
(T8) > 1 targets. A significant change indicates a nonsubmarine
target.
If (TR) > 1

- then observe the pair (£, ¢) pair for change. Significant
(T6) > 1
difference of this pair from sub-values indicates a non-

-

submarine target. Also, the average value of £ over

these targets can be used.

Another new feature for nonsubs is

—L
(a)

because, for nonsubs, we oxpect (All) to be increased if the target length estimator |

L increases.

E. Introducing Correlation Using Conditional Density Functions

Let s index the sub-class and ns index the nonsub class. The class i

conditional densities of y can be written,

Pxls) = piy.s ¥ 1s) = ply s, 3,) Py _|s)

(15) {

p(xlns)= p(xs,ggns‘ns) 7 pgxslzns’ns) p(ozns‘ns) ?

Let d(xs) = i mean that the decision rule using feature Vector'XS decides f
class i and similarly for d{xns). Then the Bayes framcwork for dimensionality

reduction suggmests the following approximations:

p(y|s) = p('xsls, d(r'yns) =), d(xns) =9 (16a)
ggsls’ dgghs) = ns) , dgyns) = ns
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p(x[ns 3 p(yw[n".,d(y) ns), d(/o"'ns) = ns (16b)
Ms]ns,d(rys) = s), d(,n':;, ) =8

We see from (léa) how the non-sub fcatures‘?ns contribute in a simple way to
detecting a submarine. Eq.'s (16) suggest the Block diagram shown in Figure 1
vhere all the nonlinear a priori knowledge has been used to construct the
decision rule.

Because nonlinear functions have been used to design 5k and Yne ¥ suspect
that the statistics of the class corlitional densities on the right handside (16)
are spherical and unimodal. Thus we represent these densities with Gaussian

functions. Define the mean vectors,

= E[;,;ol,, d(v % s]

~ss ns EL‘-" l"’ d(Ins) =)

Q7)
'@‘ﬂs,ns,ns 7 E[}.’pshs, d(:{s) = ng |
NS,NS,s ELXn |ns, d(xs) = ns’)
Likewise, define the corresponding diagonal covariance matrices ¥ __, T g
~8S58° ~8S5,Ns
G i T
Ihs,ns,ns’ " ~ns,ns,s’ Then, for example,
Py lss d(y) = s) = 1 exp['g(v -m )?rl (y.-m )] (18)
Wgl® ALl 5_ : b g O T Al T
(2n) 1 sss|

where 5 is the dimensionality of y and estizated mean vectors and covar’unce

matrices are indicated.

This new approach to pattern recognition is quite yiable because we are

learning more about sonar every day. We propose to continue its development with

the objective of improving performance.

-,




; 1II. DPata Base

The data "ase cucrently beiry used is from tihie Rogers Data Base obtained from
ARL, Austin, Texas, 6/21/1970. This data is rdc&rded in Figure 2. The PME Reel
inclusion corresponds to the corresponding tape at Purdue. Some of the measurements,
speed, class, aspect, and number of pings, arc included in this table.

After using this Rogers data, we expect to process Sarsfeld data where ranges
are between 2,000 yards and 10,000 yards with some as far as 40,000 yards (subs
only). For nonsubs, the maximum range is 7,000 yards. All the Sarsfcld data is
2 m.s., RDT, c.w; tracks arc mostly straight line but some are cirecling.

Another source of data is Witek data involving ranges out of 20,000 yards.
This data involves very large sequencies for the same target (200-300 pings), for
both submarines and nonsubmarines. The Witck data consists of close to 45 reels

of good data - more than for Sarsfeld,.

IV. Performance Using Rogers Data

We have been working with the Regers data base extracting features from subs
and features for nonsubs. Much of the work involves finding peaks and flat places
in the sonar return. Also, the target's travel is fitted with a polynomial to get
an estimate of track aspect. Features extracted for subs are NP = number of peaks

3/2

NF = number of flat places, P echo cffective length, ER = (ccho enexrgy) (Range)
3/2, and minimum distance between the largest pcak and its ncarest peak. A com-
puter print out of these fecatures for sub echocs+hnd nonsub echoes+arn shown in
Figures 3a and 3b. 1In Figure 3c, track aspeet angles for the sub targets are shown,
In figure 4a and Figure 4b is shown the actual computer output display of the first
two sub echoes with peaks on the echo marked and with the above mentioned features
displayed. 1In Figures 4c and 4d we scc computer output displays for the first two

nonsub echoes. Figure 4e shows the tracking ships track and the target track, while

Figure 4f is a blow-up of the target track.

s Sub echoes are denoted IOF and nonsub echoes ION in these figures.




V. Reverberation Correlation Calculations

A, _Introduciion

. 4 N u T
Given N scquentiel waveforms [vi j(t’)}i=l 571 0 from M corresponding band-
_ pass stochastic processes [Vj}ng obtained from M respective channels, it is

+ :
desired to compute the 1-12 possible sample-enseumble~cross~cevariance functions

M M 2
§ [Sm(tl,tz)]nzl q defined as follovs:

N
z"mn(t'l’tz) =% 2 [vsm(t’l) = ;m(tl)][vsn(t2) B ;n(t2)] @)
s=1

where ;m(tk) denotes the sample mean for n*D channel:

N

= 1l

vm(tk) =% Z\rsm(tk) 3 m=1,2,.0.,M (2)
=1

In a digital approach a discretized representation oi‘ the waveform
vij(tk), k =1,2,...,L will be available. If the stochastic sampling theorem
is utilized, then t‘he function Kmn(tl,tz) is obtainable from signals vij(t)

' sampled at a frequence N less than the Nyquest frequency, i‘s = 2(f o + w/ 2y £ &
is the sampling frequency, fo is the bandpass center frequency, and W is the

(1),

low-pass bandwidth of the stochastic processes y X(Z) (containing waveforms

x,]j'_j(t) and X?j(t’) respectively) in the Rice representation of '\'J, f.e.,

vsj(t) = xg)(t) cos wt - xg?(t) sin w t

. (3)
(i o xg)e xgl), xgg) € x§2)

a3
If f s> W, it may be practically impossible to sample at the resulting
frequency fs. Moreover, one is often interested in computing only the envelope
of Em('t], t?) in which case sampling at f_ may be inefficient. An alternale
method for computing this envelope dencted 6():1nn(t1’t’2)) or more briefly

Cun(tysty).

+
There are M(mﬂ)/? distinct cross-correlation functions.




is to quadrature sample the low pass funciious xij(t)’ yij(t) at their

Nyqﬁist frequency of W/2 hz, OUne may then compute the AMZ low=-pass covariance
mn .
functions okt(ti’ td)'

‘ N
‘ : mn + STk = L S
k | Oaltss v5) =N /2 [2m(ts) *ﬁ(ti)J LXrn(ty) = 25(t4) ]
r<=1
k=] 2t =], 23nm]), 2, coey My mm], 2, .05, M )

It is well-known that for jointly stationary stochastic processes

n’

Ym’ that ehn(tl’ t2) may be determined from the 4 low-pass functions

Op(tys to)s k=1, 2,5 t =1, 2, Specifically:

mn = nm - = . ==
akt(tl, t2) okz(t2 ty, 0) &=}, 2 Kel, 2

mn PO .« I TR Leamn IR
on(t2 tl, 0) 022(t2 ty 0); 012(t2 tl, 0) 021(t2 tl, 0)

Can(tys to) = 4[°T§(t2' 10 P [0, b, 00 ()

Unfortunately, joint stationarity is a condition seldom met in many problems,

e.g. Sonar,

B.___Procedure

It is desired to sample a bandpass stochastic process at the lowest possible
frequency which allows reconstruction, one such technique is Quadrature sampling.

We may represent the sample bandpass function x(t), bandwith W as:

g x(t) = xi(t) cos w bt - xo(t) sin w_t

T ' -~ o - o~ g



where xi(t) and xo(t) are lowpass stochaslic processes of which the higl.est

frequency is W/2, Thus we may apply the stochastic sampling theorem to the
lowpass processes and need sample xi(t) and xo(t) at. W hz, each, The envelopn

of x(t) is given bLy:

ex(t) = A3(e) 4 2)

i (8]
The phase is given by g#(x(t)) = Tan ][;ery.] By choosing the sampling froquency
4 (b

fg to be a submultiple of w 3 f_ 2 W, we may obtain the samples of xi(t) by

sinmply sampling x(t) at frequency fﬂ. By taking another sample, exactly 900

after woe take each sample of xj(t), we obtain the samples for xo(t). Thus we

see that it is necessary to know w, and Lo generate one set of samples at fa
a ()

= =2 by and another sot delayed by Tg‘radius. Given a synchonization signal
+

cos "bt’ it is desired to generate a set of sampling pulses at a frequency

w (1)
f =2 Nisan integer and another set delaycd by td : “79 radius. In the
+

s 2\’
case of interest W, = 18 KHz, N = 18, Then fs = 1 Hz and we may adequately

sample a signal with a 1 KHz bandwidth, The delay between signals will be

t, = t x - L

d 18 nsec, * 72 nsec,

In the origin~l process, Lhese samples were generated erroncously by

sampling at 4 KHz and discarding the 3rd and hth samples of every four thus

obtained,
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C. Descrintion of Reverb Correlation Process

Four staves L, 44, 47, 48 were quadrature sampled at 1 KHz, starling at
2 sec. after the zero time pulse to obtain 6/ in phase and 64 quadrature
samples for each stave. A total of 180 such sets of samples (4 x 180 = 720
in phase vectors and 720 quadrature vectors) we'ébtain and sLored an 1B4
1130 Magnetic Disk.

The correlation coefficient functions we computed for four different
subsets of the 180 vectors (# 1-60, # €0-121, #121-180, and # 1~1€0) in onler
to examine the nonstationarity of the process. For each such ensecuble, the
66 possible distinct corrclation coefficients were computed as follows. For
each pair of the four staves, therc are two in phase and two quadrature veclors.
For each of these four vectors, the means were computed and then subbracted out.
The four 64 x 64 covariance mabrices were then computed. These were then cone=
bined using the relation derived carlier to obtein the sampled envelope of
the cross covariance function for that pair of staves ;fnﬂ(n). The correla=
tion coefficient matrix pmn was then computed using the relation:

nn
O
i n R 13 S

Pia™
ij ’ mn
a

139

D, Experimental Stave Correlations

We were asked by Naval Ships System Command to investigate correlations
among multistave data. The procedure for numbering staves is shown in rigure 5.
Echos or pings were from 3 different modes. The ping numbers and correspond-

ing modes are shown below:

Ping # Pulse Width (at 7% 1ips)

1 - 48 60 m. sec, c.w.

49-100 Chatterbox (~ pulses, each~10 m., sec.)
101-180 Mixed c.w. (4 short followed by two 60 m,sec.)

e ———————————




Signals for the various staves were recoried on 14 channel tape as illustrated
16 Figure 5. A general block diagram of the procedure is shown in Figure 7.

A sequence of pictures shown in Figure 8 show the reverberation correlations a-
cross staves for several configuration. A sequence of such pictures are in the

procession of Navel Ships System Command,




Part 1I

FORWARD (Next 90 Days)

We are processing more of the Rogers data so as to report more per-

formance results. We will derive features for the nonsubmarine target

such as sea weed wvhere there are multiple echoes in either range, bearing,
or both range and bearing. We are inserting a priori knowledge concerning
existence of two major peaks for subs and peak signal power/average noisec.
Sometime soon we must begin to give attention to "false targets" and video
scan data to achieve a more accurate estimate of target bearing. This
estimate of target bearing is important when estimating target spaced

and target length.

T

i M

B it o i i s 0




UOT39999(0 OTIBWOMY JOF SIS T[TJ JBOUTTUON :T omSTd

Su = AmGva JT ‘(su = Aﬂﬂvv.m_mu@aﬁm

S = Amcmvv 33 *(a2w Amcﬂvv.mc._ﬁdndm

|
B
;

(s = Amﬂvv.mc_mcmvamm @ = 299714 =
(su = Amwvv.mc__mc‘nvamm B mmw. JBIUT TUON -
m 2
0
&
M LIOTFBAIBSQO
R & i - N2 gl
Jd0 qng w.w A Vﬁ\f A Vnv/\
0
2
A mak\‘. 3 ol cH \/
(su = (" A)p‘s| A)dd > 299714 p:
S —— SUnt, (. T p = <
(s = (" A)p‘s| A)d*q Sy | <eIUTTUON
su = ABanv J¥ ‘(su = Amﬁvu.u_m‘.daam J9NAWO

S = Amcuvv 3t ‘(s = Amcﬂvu.ioﬂ&ad&




R e

N/S Poon o€ i NS E€T| 260 8T0 Z=D0¥ | 899T | 8LST
aTTQns Lxsp o€ & N Lo€T| €TVO ov€0 Z-00¥ | WsoZ G961
ayTIans Axop o€ é N |4 9€€0 9920 =008 | 4L99T | 9LST

" o€ 3 N {9 |20 6770 =00 | 90LT | 9%ST
" 19 A N ST SH10 LL00 (430} 9'r're 9¢€e
N/S Poop (07 & N | T | 2loo 0T00 Z=-D0Y 02LT Y9t
*Sux Xew 9® qUOYITWISUL on Mog °pag-mog S | 8T | ez LEST T-004 | %06T | 28LI
oy 0€ ¢ | LT | 0€se TTES T-00u | 6Te0 | OTLO
seem Lxop of | weog pqag-uxeas | S 16°ST| €9¢¢ 3% (4 T-DO¥ | 2TSC | 82
19 oTR=-0"2 S | ST | L2 6561 =008 | 97T GeeT
% Mog uxe1g | S | OT | LS6T LT9T T-D0¥ | LSTT | 8980
19 Lrvm *JTQ -Mog g, { S | ST | 2T9T LT T-D0¥ | 880T | 8960
0L Mog-ureag S | €T | oLYT AN T-D0Y 08TC 9L02
R4 °q Lew oMm], 3se7 LE weag-Mog * I S 18T |erT 9€TT T-D0¥ | OLYT | SLET
9T mog 9093Tq | S | 9T | CEIT 9¢0T T-008 | 2921 | OLTT
MO
0€ | Pass » Mog ﬁmm 8 | 91 | 180T €060 T-008 | $99T | LSST
ayeydy 62 J99I8NY) UId3§ S | 9T | 6680 gTLOo T-D0¥ 99¢T 454
pood oN G Joqxend) uIeds | S | 9T | 60L0 T€90 T=-008 | 99T | 2SI
9By 0€ | weog R J9jIEM) S | €T | e290 88%0 T-D0u 0052 (0454
pooD oN 0f | weeg B qoqxend) | S | €T | $8%0 8s%0 T=-D0¥ | 00SC | O2€2
{e39y 82 Mmog *PMauwesg | S | ST | %S%0 0£€0 =008 | S97 0
poon oy Mog °*pMg weog S | 6T | *eto 020 T-004 $9T 0
o weog | § {§°€T| TOZO 62T0 | T-oou | ¢8% | oLE
o5ps +3eT 09 3ug » 3wy 0S omm.mao s | ST | TITO OO T=00¥ | T69T | 0LST
——sTUTg = a7 WIS | #f 1994 | G035 | He3s
squaumo) jo # qoodsy |sTo| pdS| @20| woTyeoy | onpary |ofejocd | Wid
OL/TC/9 uTIsny  YIVQ SUTOOY :Z eandtd




HesMm
£I0A 0% oM oC A N {G°€T | €0T 88L0 =004 STE0 8220 /4
qua1STSUOIUT
yeoM~pou oS é N{G°€T | 68L0 %90 =004 8€50 T€€0 9T
" (14 & N GET ! 90 L850 Z=004 ne wee L9
N/S Poo) (014 & NG €T | 6550 L6%0 Z=00¥ OT6T 2281 L9
} qo15 | MeI5 (o9 | odo3s | Xe3s | 1°od | .
squoumod Jo # qoadsy | TO( bdg| 920 [UoTATI0N | onpung | ©3ej004 e | T uny

ponuTquod g dandty

PR R R &




P 3/2
€l .s Ping Ke NP NF A ER
" for 1 222 B Lk 13 0.43953418E 10 :
10F 2 183 3 16 0.17846935E 10 |
W x O Ms w2 w Aasgvemiz 40 |
10F 4 189 12 o 1A 0.23733EVE 10 I
10F 5 177 8 2 13 0.37908367E 10 §
for 6 161 2 15 0.16971312E 10 |
10F 7 163 PR 17 0.21764265E 10 ;
| YIOF 8 224 10 6 17 0.33720611E 10 14
| 10F 9 209 13 2 13 0.24744596E 10
[t 10 1% 5 8 16 0.16144578F 10
{ 1I0F 11 176 ? 5 18 0.15854041E 10
[ 1o 12 189 8 1 1 0.39064043E 10
| 10F 13 221 14 5 15 0.36873088E 10
) 10F 14 164 4 7 16 0.15878937E 10
Figure 3a << 10F 15 144 7 5 12 0.21061847E 10
Subs N 10F 16 166 9 ' S 0.20330437E 10
ToF 17 103 5 1 21 0.20492848 10
10F 18 156 7 1 16 0.28137395E 10 |
10F 19 142 5 2 14 0.19227906E 10 |
10F 20 213 10 4 12 0.64481341E 10
10F 21 203 11 6 13 0.51928535C 10
10F 22 169 8 & 16 0.30139898E 10
, |10 23 268 13 1 14 0.653719%5E 10
» ’ 10F 26 217 12 0 14  0.50553641E 10
| 1F 25 218 10 2 10 0.43095306E 10
| 1ce 26 152 3 10 0.23599979E 10
I tor 27 143 7 2 13 0,20427865E 10
I 1I0or 28 189 7 5 15  0.25379491E 10
| yor 20 208 11 2 15  0.29854699E 10
b tor 20 am 6 22 0.26129¢17E 10
f f0F 31 199 S 14  0.23576181E 10
| 10F 32 00 12 0 13 0.43703255E 10
‘ 10F 33 17 3 15  0.26018805E 10
S TN . R R 14 0.46613770E 10
| 10F 35 199 2 18 0.16345891E 10
\ 10F 36 192 7 S 16  0.263282688 10 ¥
\ 1o 37 193 10 S 12 0.34851179E 10 ?‘f
B
L




Figure 3b
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Figure 3c: Track Aspect for Subs
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Figure 4a: Sub Echo, Features, and Marked Peaks

183 § I 16 nN.1mF -

Figure 4b: Sub Echo
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Figure 4c: Nonsub Echo

Figure 4d: Nonsub Echo
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Figure 4e: Top shows Tracking Ship Track While Bottom Shows
Target Track
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Figure 4f: Enlarged View of Target Track Shown in Figure &e. !




RELATIVE STAVE LOCATIONS
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STAVE NUMBERS
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Figure 5: STAVE IAYOUT FOR TAPE # RVB-1
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fo = 17.95 KHZ

Channel

Set footage counter to zero @ first trace of audio on stave channels;

then

Figure 6:
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Recorded ¢ 73 ips.
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MULTI-STAVE

Pings
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Bandwidth = 500 HZ
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Stave #45
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" OREr™)
Stave nﬂh

12,95 KHZ reference

Stave #43

1l sec pulse; starts
when beam is dead ahead

1-48 Single ping CV, Long pulse (60 m.sec)

49-100 Chatterbox ( 10 closely spaced pings)
101-178 13 burst of 4 long, two short CW
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