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ABSTRACT 

The passive sonar equation leads in a natural manner to sensor detection 
performance contours. Useful information can be extracted from observed 
fractional holding time on non-cooperative targets by use of these contours. 
The derived information could aid in multiple sensor contact data associa-
tion and the localization and tracking of poorly held targets. Target 
source level and sensor processor recognition differential need not be input 
to the prediction model to prioritize candidate contact data associations. 
A surprising example shows that use of predictions to estimate the range to 
initially detected targets is not likely to work. An idealized but reason-
able example shows that the probability of a target remaining undetected at 
further ranges and first detected at a given range can be independent of 
the range of the target from the sensor. The theory of stochastic differ-
ential equations applied to tracking a target may alleviate the difficulty. 
The paper closes with recommendations for the development of model capabili-
ties to provide more useful outputs for information processing. 

INTRODUCTION 

Detection models for passive acoustic sensors have been used for operational 
research, sensor trade-off studies, and planning sensor deployments. Detec-
tion models have been little used for real-time information processing. The 
purpose of this paper is to describe several applications of models to real-
time information processing. The use of detection models to aid in contact 
data association and target localization and tracking will be investigated. 

To provide a context for the discussion, postulate a processing center 
designed to handle non-cooperative targets through the reduction and analy-
sis of passive acoustic sensor data. The target data consists of detections 
of signals, whose frequency, bearing relative to the sensor, and 
signal level relative to ambient noise are measured. The environmental data 
consists of directional ambient noise and clutter levels estimated within 
the processing center as well as externally provided data to the center. 

Targets held consistently by several sensors pose no intrinsic information 
handling problems while targets held infrequently pose very difficult 
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handling problems. For infrequently held targets, detection models appe r 
useful in two ways: (1) to extract meaning from detections and non-detec ti l:: 
and (2) to supplement measurement data on a target with predi cted data. 
Applications using models in each of these ways will be discussed. 

In section one an operationally observable measure, fractional holding t i me . 
is defined. Previous results obtained by the author comparing opera-
tional fractional holding time with predicted seasonal detection performancE. 
contours are briefly reviewed. These operations analysis results provide . i n 
particular, a characterization of the variability of fractional holding timr. 
The variability of the observable is especially important because it prov i d~ ~ 
the basis for an assessment of the operational usefulness of detection pe r·-
formance predictions. 

In section two, a general approach to using detection models to aid in con-
tact data association is identified. The model is used to refi ne geogr aphi c 
consistency algorithms now commonly used for data association by accounti ng 
for the probabilities of observing given fractional holding times condi -
t ioned on the association. The predictions required need no t use an input 
va lue of target source level, thus avoiding the often ve ry diffi cult pro bl em 
of estimating this parameter. 

In section three the use of detection models for single sensor locali zation 
i s first discussed. The inference of target range from fract ional holdi ng 
t ime is investigated . An example indicates that a most likel y range for an 
i nitial contact need not exist. A more general approach to target tracking 
appears to be required. The use of stochastic differential equations seems 
to offer some chance of overcoming these difficulties with the added adv an-
tage that use can be made of sensor non-holding information (so- called 
negative information) as well as better use of sensor holding informat ion 
(positive information). 

Section four contains a brief discussion of the directions that passive 
acoustic sonar modeling might take to better aid in information proces si •'> g , 
It is suggested that the predictions should more f ully ut i 1 ize rneasureme. :t 
data available in the processing center and should aim to predi ct add itinn ij l 
observable features of detected signals. 

1 SINGLE SENSOR DETECTION PREDICTIONS 

The basis for passive acoustic sensor detection perfo rmance !w edicti on. i ~ 
t he passive sonar equation (in decibels) 

SEt = SL - RD - PI + Et , t ~ 0 . .. . \ 
\ . 

Fr om the viewpoint of the user of the predictions , sour·r-:e l ev.=:) IS!) ~ ~Jm1 1 cu 
·;?-es t he relevant target characteristics, while rer.ognitir.11 di ft e re .tia l i' RD) 
Slsnmarizes the relevant signal processor character is t i c' . ff1P nPrf o rm il ,,-_, 
index (PI) is a function of range, seasonal , and di rect innJ i dr: rw· 1l!=:nt t tanr:,-
mission l oss (TL) , season and directional de pendent ambiP nt noi se (AN ) , and 
di r ectiona l dependent array gain (AG) in the fo llowing L ntme~·· 
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PI = TL + AN - AG . 

The performance index therefore summarizes all of the non-target and non-
processor relevant properties of the environment and sensor whose performance 
is being predicted. Signal excess SEt varies as a function of time t. 

One possible representation of the stochastic behavior of SEt is the A-a 
jump model which is a simple step function of time. The fam1ly of step func-
tions are conditioned by assuming 

(1) Et is normally distributed with zero mean and variance a 2 

(2) Es and Et are different with probability 1 - exp[ \ (s-t)] and 
equal with probability exp[- A(s-t)], A> 0, s > t. 

These criteria define a commonly used stochastic process for SEt which has a 
normal distribution with variance a 2 and an exponential autocorrelation func-
tion with a relaxation time constant of 1/A. 

A natural manner to summar ize expected performance over a period of time T 
is to predict the probability p that the instantaneous signal excess SEt is 
non-negative. For example, if the expected value of signal excess were zero, 
then SEt would be expected to be non-negative half of the time and p would 
be t. Furthermore, it is assumed that the operational measure of holding per-
formance, the fraction of time that contact is held, fractional holding time 
(FHT) is an unbiased statistical estimate of p. Values of FHT will there-
fore be the observables which will be compared to predicted values of p. 

From (1) it follows that 

p = Prob{SEt ~ 0} = Prob{Et ~ PI - SL + RD } 

= l _ <P ( PI - ~L + RD) 

with 

<P (x) = 
1 1_:, /2n exp[ - ty2J dy . (2) 

Another formulation of equation (2) is 

<P -l (1 - p) = (PI - S L + RD) I a . (3) 

Equation (3) exhibits ¢- 1(1 - p) as linearly related to PI with the slope 
of the line inversely proportional to the standard deviation a of signal 
excess and with intercept (SL- RD) / a . 

The observable to be compared with the predictions is fractional holding 
time, FHT, defined as a sum of holding intervals of a particular target 
acoustic source over the sum of opportunity time in a region bounded by two 
PI contours It dB apart as illustrated in Figure 1. The FHT for such a 
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region will be compared with the probability p for the average value of the 
two PI values. The expected variability of the observable FHT is a function 
of the true probability of non-negative SEt in the PI bin and the total tar-
get opportunity time T in the bin. Let f(t) = 1 if the source is detected 
and 0 if a source is not detected by the sensor. Then, from FHT = 

1/T !~ f(t) dt and the fact that Et' t ~ 0 is a zero mean \ - 0 stationary 
process it follows 

E[FHT] = p 

VAR[FHT] = 2p(1 - p)[(e-\T_1+\T)/(\T)2] . 

(4) 

( 5) 

The term involving \T converges very rapidly to 1/\T as \ T 7 oo and there-
fore equation (5) simplifies to 

Var[FHT] ~ 2p(1 - p) 1/\T ( 6) 

The variation in SE induced by target position changes and target source 
level changes as well as sound propagation and ambient noise variation can 
be estimated b{ regression of FHT against PI. For this regression each 
observation ¢- (1-FHT) should be weighted according to its expected variance. 
The formulas used for the results presented in this paper are derived from 
equation (6) by use of the first two terms of the Taylor expression of ¢- 1 

evaluated at 1 - p and resulted in 
-2 

Var ¢- 1 (1- FHT) ~ [ ¢(x)] Var FHT = (2n)ex 2Var[FHT] (7) 

where 1 - p = ¢(x) and x = E[FHT] using known properties of ¢ . 

Data was pooled for several targets with no a priori assumptions as to source 
level or recognition differential. The standard deviation of signal excess 
was also assumed to be unknown but dependent on season but independent of 
target. Figure 2 presents an example of the regression results obtained. 
Data is presented for seven targets deployed during the winter season. The 
left scale is in terms of the transformed variable ¢- 1 (1-FHT) and the right-
hand scale is natural. The overall 0 results obtained are summarized in 
Table 1. The noteworthy implication of these results is that summer esti-
mates of 0 are from 4 to 7 db higher than winter estimates. This result 
lends credibility to the estimates because greater variability would be 
expected during the summer than the winter due to propagation effects. 
The fact that propagation paths are more sharply focused during the 
summer would lead to greater variation of recei ved signal level as a 
function of target position. 

The variability in signal excess implied by the values of a in Table 1 
exceeds that estimated due to statistical variability by equation (7). Some 
of this increased variability is induced by the use of fixed transmission 
loss estimates as a function of angle for each sensor and season and the use 
of an average direction dependent ambient noise for each sensor. 
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TABLE 1. EXAMPLE OF a ESTIMATES OBTAINED FROM A REGRESSION 
ANALYSIS OF FHT ON REAL TARGETS. 

SENSOR 1 

Number of Targets 

Degrees of Freedom 

Point Estimate of a 

90% Fiducial Bounds of a 

SENSOR 2 

Number of Targets 

Degrees of Freedom 

Point Estimate of a 

90% Fiducial Bounds of a 

*Case presented in Figure 2. 

Summer Season 

5 

26 

17.1 

12.3 
27.9 

4 

29 

10.1 

8.1 
13.5 

Winter Season 

7 

41 

10.2 

8.2 
13.6 

7 

14 

5.9 

4.4 
8.7 

* 

Figure 3 shows an example of the variability observed for a nominal case, 
not the best case nor the worst case. The solid lines are 90% confidence 
bounds on the regression line and the dotted lines are 90% confidence bounds 
on the observations. In this example, even though the regression line is 
estimated with reasonable confidence, the variability of the observations 
is around 7 dB. Predictions which use real-time estimates of transmission 
should reduce this loss or ambient noise variability. However, at this time 
an analysis to assess the variability of observed fractional holding time 
relative to real-time predictions has not been undertaken to the author•s 
knowledge. 

The operational analysis results imply two conclusions relative to the use 
of models for real-time information processing: 

(1) predictions for real-time use should be based on real-time data; 
and 

(2) although regression analysis can estimate a and SL-RD for a 
large data base, these estimates will normally not be available 
for real-time applications. 
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2 USE OF PREDICTIONS FOR CONTACT DATA ASSOCIATION 

The fundamental problem in data association is to calculate the probability 
that a given set of observations occurs. The calculation can be factored 
into the calculation of two probabilities: 

(1) the probability that the observed line characteristics, e.g., 
frequency, bandwidth, stability, would be associated with the 
acoustic sources of a single target; and 

(2) the probability that the available operator heuristic informa-
tion would have been generated if they were on the same target. 

If detections are associated for different sensors, then an additional factor 
becomes important: 

(3) the probability of the observed detections occurring on specific 
bearings for some sensors and not occurring on specific bearings 
for other sensors for each target acoustic source. 

There appears to be a real possibility of exploiting detection models to 
improve the estimation of the third factor and little possibility of their 
use in the estimation of the other factors. Therefore, we focus our atten-
tion on the two sensor contact association problem. It is convenient to 
introduce the following notation to aid in a concise formulation of the 
problem: 

The observations consist of fractional holding times FHTi (fj) for a speci-
fied opportunity timeT, for sensors i = 1, 2, ... , M, and acoustic sources 
with nominal frequencies f1, f2, ... , fN. 

The sensor indices i = 1 and 2 are chosen so that the contact association 
cOnsists of FHT1 (fj) and FHT2 (fk). 

The FHTi (f.;) are all supposed to be appropriately calculated, i.e., the 
holding tim~ on a sensor i for target source with frequency f. has been on 
a single target. (The reader will note that it would be stra1ghtforward to 
extend the results presented to the case when these single sensor, single 
source associations had been made correctly with probability P .. over the 
opportunity timeT.) lJ 

To interpret the observed fractional holding times it is necessary to asso-
ciate PI values to them. A value ofT of 24 hours or larger appears to be 
reasonable. To associate a PI value to an observed FHT define an opportunity 
region as in Figure 4 compatible over time with the bearing information 
observed on the sources fj and fk for sensors 1 and 2, respectively, during 
the opportunity interval T. Such a region would have lengths on the 
order of 2 VT where V is the average speed-of-advance of the target. View 
the region defined in log R coordinates and take the centroid (or a point 
approximating it) as the position for which PI predictions are compared 
with the observed FHT. 

SACLANTCEN CP-32 19-6 



BOND: Detection models 

The PI predictions for the centroid should be as accurate as possible and 
therefore should be real-time predictions using sensor measured directional 
ambient noise and the best available sound velocity depth profiles for trans-
mission loss predictions. 

Equation (3) exhibits the probability of detection pas a function of PI, 
with parameters a , RD, and SL. The value of a can be empirically estimated 
by sensor based on an analysis of historical data. The value of RD can be 
updated in real time from the outputs of passive acoustic sensors through 
the use of an automati c det ect ion algorithm to ca librate operator responses. 
~priori estimates of SL are generall y no t available, so~ oosteriori esti-
mates will be used. Toward thi s end, view p as a function of SL. Suppose 
that the opportunity time T i s lon g enou gh and the target maneuvers such 
that the average value of SL observed by the sensors during the oppor-
tunity time T i s independen t of sensor. Then equation (3) implies that 
for sensors 1, 2, ... , M the probabilities p1(SL), p2(SL), ... , pM(SL) 
are derivable from the sensor PI value s PI 1, PI2, ... , PIM for the cen-
troid of the opportunity reg i on as a fun ct1on of a single unknown SL. 

A natural measure of consistency between Pi(SL) and FHT for a given acoustic 
source and theM sensor's is the weighted mean-square error E(SL) defined 
by 

M 
E(SL) = 'L: (FHT.-p.(SL)) 2 /(Var[FHT . ] + Var[p.(SL)]). 

i =1 1 1 1 1 
(8) 

The smaller E(SL) can be made the more consistent are the observations. 
Furthermore, the value of SL which minimizes E(SL) provides the a posteriori 
estimate of SL as previously mentioned. 

The value of Var[FHT] used in equation (8) can be determined using equation 
(5) with the value of A. estimated empirically from an analysis of historical 
operational data. (Such an analysis is now in progress at NOSC by the 
author.) 

The value of Var[p] can be estimated by differential approximation (refer to 
Figure 5). It follows that 

llp :e ~ (~E) 6~1 , ( 9) 

where SE = -PI + SL - RD and a is the standard deviation of signal excess 
-x2 /2 

with ¢(x) = e/:ZTI by the fundamental theorem of calculus. Assume the value 

of llp to match the observed holding time as a function of time is uniformly 
distributed. It then follows that 

Var[p] = i 6p 2 • (10) 

The desired approximation for Var[p] is obtained by substitution of (9) into 
(10). 
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The inclusion of the variances in equation (8) appears to be important. It 
helps ensure correct behavior of (8) for small p when FHT = 0. This is 
because it can be shown that 

pi(Var[FHT] + Var[p]) 7 constant as p 7 0. 

The expression in (8) could clearly be used to rank different associations 
for the same M sensors. It is not so clear how to compare E(SL) values 
when the sensors used for the calculations differ. An alternative approach 
to the calculation of consistency, albeit more complicated, would be to cal-
culate the probability of the observations for an optimum choice of SL. For 
this approach the random variable 

(FHT - p(SL)) I /Var[FHT] + Var[p] 

is assumed to be normally distributed with unit variance. Then the probabil-
ity of observing Y satisfying /Y-p(SL)/ ~ /FHT-p(SL)/ is given by 

1-2¢(-[FHT-p(SL) [ I A/ar[FHT] + Var[p]) (11) 

and the probability of the observations FHT1 , ... , FHTM is given by 

M 
P(SL) L: (1-2 <P (- jFHT1-p.(SL) j I ~'Var[FHT.] + Var[p

1
. (SL)])) 

0 1 1 1 1 = 
(12) 

for a choice of SL leading to the normal distributions of the random vari-
ables. This choice of SL is assumed to be given by the value which maxi-
mizes P(SL). 

For eithe r approach, it is suggested that SL be estimated iteratively. A 
good first choice would be a sensor for which the data association was most 
straightforward, as long as it was not held all the time. The initi al choice 
for SL can then be obtained by solving equation (3) for SL when the observed 
fractio nal holding time is substituted for p. 

The value of E(SL) or P(SL) thus obtained would be used in the ranking of 
contact data associations. The estimates of SL would of themselves be of 
great value since target source level of a non-cooperative target is not 
observable using the usual non-calibrated sensors in an incompletely charac-
terized environment. The method provides a recursive procedure for estimat-
ing SL for all acoustic sources of all targets being tracked. 

At the present time this methodology is being investigated by studying the 
SL estimates obtained from processing of historical data associated to oper-
ational targets with known source level. 
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3 USE OF PREDICTIONS FOR TARGET LOCALIZATION AND TRACKING 

Another important potential use of models is to provide range estimates 
when cross-fixes are not available as illustrated in Figure 6. Due to uncer-
tainties in the predictions and the expected variability in fractional hold-
ing time it appears unlikely that range estimates obtained from comparing 
predicted probabilities as a function of range with observed holding time 
would provide useful information when cross-fixes are available during the 
time frame T associated with the fractional holding time observation. It 
is natural then to consider the case when an isolated detection has occurred 
by a single sensor. 

Suppose that a sensor first detects a target. Figure 7 summarizes the per-
formance of the sensor. Suppose further that the target is moving toward 
the sensor so that it moves through regions of poorer coverage toward 
regions of better coverage. Then the probability of being first detected p 
in region K is the product of the probability of detection for region K and 
the probability of non-detection for the regions 1, 2, ... , k-1, i.e., 

(13) 

Several examples indicated that Pk tended to vary slowly with K. A fellow 
worker at NOSC, Stefen Hui, found the following important example: 

Let 

with p1 ~ 1/N to assure that the pk as defined satisfy 0 ~ pk 5 1. Then 
P1 = pl = p2 = ... = PN. 

To see that this is the case, proceed by mathematical induction. 
Suppose Pk = p1. Then, 

and it suffices to verify that pk+l (1-pk)/pk = 1. 

Using (14) it follows that 

1-(k-l)pl 
(l-pk) = 1-kp 

1 

pl = p 1. 

(15) 

by cancellation after placing the second factor under a common denominator. 
Furthermore, whenever (15) holds, i.e., whenever pk+l = pk/(1-pk), it follows 
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that Pk+1 = Pk. For example, if pk = 1/n, then pk+1 = * n~ 1 - n: 1. 
The example is not farfetched and suggests that in practice it will be 
difficult to estimate range from predicted probabilities of detection for 
a sensor. Indeed, the example shows that for a target of known track (radial 
toward sensor) and known probabilities of detection for the sensor as a func-
tion of range, but unknown time of opportunity for the sensor, there need be 
no range information associated with an initial detection event. To try to 
overcome this difficulty, the past history of the target needs to be con-
sidered, i.e., the use of the model for tracking rather than localization 
should be considered. 

The contact data association calculation suggests that SL estimates may not 
be necessary for the tracking application. The ocean could be partitioned 
into regions with some boundaries associated for the sensors holding and 
others defined from environmental considerations. For each region a calcu-
lation of the probability of observing the given FHTi for sensors i = 1, 2, 
... , M could be made and the calculation of P(SL) defined by equation (12) 
made as described in Section 2. The target track could be assumed to have 
random course/speed changes. The suggested technical approach would then 
attempt to apply the theory of stochastic differential equations to the 
problem. 

Stochastic differential equations have been successfully used for modeling 
target motion and to represent a more general approach than Kalman filtering 
(reference 1). The interesting observation, I believe, is that a model using 
stochastic differential equations might provide a vehicle for using negative 
information as well as positive information. Here, using negative informa-
tion simply means using the information that a sensor did not gain contact 
on a target. 

Consider a charged particle moving through a field of charge particles of the 
same and of opposite charge. The particle is attracted by charges of oppo-
site polarity and repelled by charges of like polarity. Furthermore, while 
moving through the field the particle experiences random external forces 
which tend to perturb its track. 

Suppose the charged particle is the target. The like charged particles are 
non-detecting sensors whose repulsion forces are described by the predicted 
probability of non-detection as a function of the range and bearing of the 
target from the sensor. The oppositely charged particles are detecting 
sensors whose attraction force is also described by predicted probabilities 
of detection. The random forces are other factors leading to course and 
speed changes of the target. The analogy breaks down because of bearing 
information which requires that the target be along given bearings at given 
times. The problem is worth pursuing and it is our intent to study the 
problem in the future. 

The goal of using stochastic differential equations with model inputs to 
allow use of negative information as well as better use of holding informa-
tion is not to obtain extremely accurate localization information but to pro-
vide information useful for planning the allocation of mobile sensors or 
re-processing of data recorded in real time. 
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4 THE NATURE OF PREDICTIONS DESIRED FOR INFORMATION PROCESSING 

Performance predictions to be used in information processing can always be 
based on measured or recently measured ambient noise and clutter. 

When a detection has occurred, signal-to-noise estimates are available as a 
function of time during detection periods. Autocorrelation could be per-
formed on the received signal during these periods. It might be possible 
to glean multi-path data from the resulting ambiguity surfaces. 

It is rare that predictions for a sensor not holding contact will be 
required unless some other sensor is holding contact. For the case when 
the sensors and targets are all in a homogeneous environment, it seems rea-
sonable to try to use what was observed by the detecting sensor to generate 
better predictions for the non-detecting sensor. To my knowledge, such 
conditional predictions have not been investigated. 

It is my feeling that high operational payoff might result if modeling empha-
sis shifted from predictions based on historical or synopic data to predic-
tions based on information derivable from directional noise measurements for 
the sensor and related available measurements for sensors whose outputs can 
be spectrum analyzed or coherently processed. 

The durations of holding and non-holding intervals, signal-to-noise ratios 
during holding, bearing behavior, all may contain useful clues concerning 
propagation and hence target range or the probability that detections occur 
or do not occur on several sensors simultaneously or near simultaneously. 
The prediction of observables more general than probabilities of detection 
should be the direction that future acoustic modeling takes if it is to be 
a major tool in information processing of passive acoustic sensor data. 
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