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Abstract: In active sonar applications with moving targets, objects are tracked by associating
and combining single-ping measurements (clusters) over short segments of time and space.
A common track initialization algorithm (TIA) requires observing M single-ping clusters
across any N consecutive pings within a local search region. Design of this TIA is straight-
Jorward when the background consists of false alarms (clusters) occurring randomly in the
search space, but less tractable in the more realistic scenario of clutter tracks formed on
echoes of physical objects (e.g., rock outcrops, fish schools, etc.). In this paper, a process is
described for optimizing the sliding M-of-N TIA by choosing M and N to optimize target
detection performance while using the cluster decision threshold to maintain a desired false-
track rate in the presence of clutter events having a random duration. An example design is
shown for a high-duty-cycle system with different coherent processing intervals. Although
these result in different values of N, simulation testing illustrates how the design produces
the desired false-track rate.
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1. INTRODUCTION

The first step in many target tracking algorithms is to initialize tracks by associating and
combining measurements over small regions of space and time. These track initialization al-
gorithms (TIAs) typically use simple motion models and start tracks when the associated data
satisfy a detection criteria. For example, it can be required that a measurement be observed
within the tracker search gate in M of any consecutive N temporal updates [1, Sect. 3.6.2],
which is known as a sliding M-of-N detection criterion. Design of the sliding M-of-N TIA
entails choosing M, N, and the decision threshold (A) applied to form measurements at each
update. Ideally, M and N are chosen to minimize the signal-to-noise power ratio (SNR) re-
quired to achieve a desired detection performance and £ is chosen to achieve a desired false-
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track rate (FTR) given M and N. In practice, M is often the only parameter chosen to optimize
performance. When false alarms are dominated by clutter rather than diffuse background, the
decision threshold  is typically chosen through trial-and-error to manage the quantity of clus-
ters in each update without regard to M and N. If an average target track duration is known, it
can be used to obtain /N. When it is not, N is usually chosen heuristically to balance between
robustness to signal fading (large N) or target maneuvers (small N). Although it is practical,
this design process generally does not result in a constant false-track rate and is more compli-
cated for high duty cycle (HDC) systems with sub-pulse processing [2,3] where the update rate
(and therefore V) varies with the coherent processing interval (CPI).

In many scenarios, false tracks arise from physical objects within the scene (e.g., rock out-
crops or fish schools in active sonar) rather than randomly occurring false detections arising
from diffuse reverberation and noise. To handle the more realistic scenario, a design process
is presented in this paper for the sliding M-of-N TIA by representing the occurrence of clutter
events with a two-state Markov random process. The clutter-event model is presented in Sect.
2, along with the probability of the sliding M-of-/N TIA detecting a clutter event, the average
time between false tracks, and the proposed design process. A key requirement in the design
is accurate modeling of the measurement decision statistic (typically the cluster peak normal-
ized intensity). Although not presented, the generalized Pareto distribution (GPD) is used to
characterize the thresholded cluster peak normalized intensity as was done in [4,5]. In Sect. 3
optimization of the sliding M -of-N TIA is illustrated with an HDC application entailing differ-
ent values of /V and a simulation analysis used to demonstrate how the design process controls
the rate of false tracks.

2. MODELING AND OPTIMIZING TRACK INITIALIZATION

Standard active sonar signal processing includes matched filtering the time series measured
in each beam, normalization of the instantaneous intensity by the average background power,
and application of a decision threshold to identify data that differs in power level from the
background. The set of range/bearing points exceeding the decision threshold are then clus-
tered prior to track initialization. The track initialization algorithm (TIA) associates clusters
over multiple consecutive updates when they are consistent with an initial motion assumption
(e.g., nearly constant velocity). With respect to cluster detection, this is similar to dividing
the range/bearing space into a set of fixed regions and thresholding the peak normalized in-
tensity within each. This suggests modeling track initialization as occurring over a number of
independent channels,

# beams x range window

(D

Nr@ ~ )
cluster beam extent X range extent

simultaneously being tested for the beginning of a track. The cluster extents in range and
bearing may be measured from real data or derived from the clustering algorithm parameters.
Under this modeling assumption where the TIA runs separately on each individual channel
simultaneously, the FTR required of the TIA is the system-level FTR (number of false tracks
per unit time) divided by N,.

2.1. False tracks from clutter events

In many scenarios false tracks are produced by clutter arising from spatially isolated physi-
cal objects (e.g., rock outcrops, seaweed, or fish schools) rather than randomly occurring thresh-
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old crossings from diffuse reverberation or ambient noise. This implies that clutter event clus-
ters do not occur randomly (i.e., uniformly distributed) over time. However, it is reasonable to
assume they are uniformly distributed over the spatial scene and so are equally likely to occur
in any tracker channel. Within a given tracker channel, this clutter-event model describes a
two-state random process where the data are either from diffuse background or a clutter event.

If the random process is Markovian (i.e., the statistical characterization of a future state
can be described by the current state) and stationary, the dwell time in the diffuse-background
or clutter-event states is a geometric random variable (using the alternative definition having a
minimum of one sample [6, Ch. 23]) with success probability equal to the inverse of the average
length. The probability mass function of the length of the ith clutter event (C;) is then

R N
fole;:C ]_é 1 = forc=1,2,3,... (2)

where C' is the average length of a clutter event. Evidence supporting the geometric distri-
bution (and therefore the Markov-random-process assumption) is found using data from the
NATO Center for Maritime Research and Experimentation’s (CMRE’s) Littoral Continuous
Active Sonar 2015 Experiment (LCAS15; see Sect. 5 for full acknowledgement). The data
were processed for detection and through tracking to form a set of clutter tracks as described
in [7]. The exceedance distribution function (EDF) of clutter-track length is shown in Fig. 1
as estimated from the LCAS15 data (along with a 90% confidence interval) and using the ge-
ometric model while conditioning on the track length being at least 17 updates long (17 was
the shortest track length). Except for the shorter track lengths, the fit of the geometric model
appears quite good. Note that the distribution of the length of a track produced by a sliding M -
of-N detector is approximately geometric at large values (e.g., see the approximation in [8]).
To ensure the results shown in Fig. 1 describe the clutter events and are not affected by the
tracker, the EDF expected from the track-end logic (which required N consecutive coasts) is
also shown using the approximation in [8]. With the length-distribution EDF of the tracker
end-logic so close to one, the tracker is expected to produce much longer tracks than that seen
in the data if the clutter event were to continue. As such, the clutter tracks are believed to end
because the clutter event ends and are not affected by the tracker end logic.

The waiting time B; before the ¢th clutter event is also modeled as a random variable.
However, because false tracks are assumed to arise during clutter events and not during periods
of diffuse background, only its mean B is required and no assumptions must be made about its
distribution.

2.2. Average time between false tracks

The false-alarm performance metric of interest is the false-track rate (FTR), which is the
number of false tracks observed per unit time. The TIA is designed using the inverse of this
metric, ' = 1/FTR, which is the average time between false tracks. As previously noted,
when the TIA operates on a single tracker channel, it is expected to observe a diffuse back-
ground interrupted at times by clutter events. In most scenarios false tracks will arise from the
clutter events and not the diffuse background. However, the average extents of the background
and clutter states should be included when designing the TIA. For example, if the diffuse back-
ground is much more prevalent than the clutter (i.e., B > ('), the TIA can operate aggressively
with respect to the desired FTR because it is so often encountering diffuse background and only
rarely observes a clutter event.
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7=14.9 dB, M=3, N=5, h=13.2 dB, M=6, N=10, 7=12.8 dB, M=10, N=20,

F=50(46), #TRK=108, p=0.40 F=50(57), #TRK=87, p=0.18 F=50(53), #TRK=94, p=0.52
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Fig. 1: Estimated and modeled exceedance  Fig. 2: Simulated false clusters and tracks for

distribution function of clutter track lengths design using N = 5, 10, and 20 and an
formed from LCAS15 data with a CPI of average of F' = 50 samples between tracks.
T,=235s.

Once the :th clutter event occurs, the data feeding the TIA during the clutter event, X, for
¢ =1,...C, are assumed to come from a distribution f.(x) so the probability of observing a
cluster is

po = /h £.(x) da, 3)

where £ is the cluster detection decision threshold. When the sliding M-of-N TIA is applied
to these data, the probability of the TIA detecting the clutter event (i.e., producing a false track)
within its C; samples after averaging over the geometrically-distributed C; can be approximated

by

A z{ié@ &) R - 1;c,po>1} H(1-2) -2

c=0
4)
where Fg;, is the cumulative distribution function (CDF) of the binomial distribution, p =
(Q4/Q5)YN, and p = [Q5)3/[Q4]? with Q' depending on M, N, and p; as described in [8] (or
see [9], [10, eqgs. 4.4 & 4.5]). The latter term in (4) exploits Naus’ approximation [8] for the
probability of a sliding M-of-/N test stopping within ¢ samples.
Assuming each clutter event is independent of the others and identically distributed in terms
of its length, the probability that the first false-track detection occurs in the :th clutter event is

Pr{stop in ith clutter event} = (1 — P;)" ' Py (5)

fori = 1,2, ..., under the assumption that no TIA detections occur during the periods of diffuse
background. This implies that /, the random stopping time of the TIA (in units of numbers of
clutter events), is a geometric random variable with success probability P and PDF as in (2)
(replacing 1/C with Py). The average number of clutter events before one produces a false
track is therefore 1/ Py. This can then be used to form the average number of samples between
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false tracks in a single tracker channel,

1 -1

2B+ G

i=1 i=1

:BE[I]JrCE[I—l]:B;C—C, ©)
ft

Fl—ch =F

where the beginning of the detected clutter event is taken as the time of the false track. Recall
that this is related to the system-level average time between false tracks through F ., = N,¢F'.

2.3. Optimizing the track initializer

The objective in optimizing the TIA is to minimize the SNR required to achieve a desired
detection performance specification while maintaining a desired false-track rate. If the false-
track rate FTRy, is in units of false tracks per hour, then the desired average number of updates
(e.g., pings or CPIs) between false tracks is

3600

_ oY 7
FTR, x T, )

where T, is the time between updates in units of seconds.

In most applications, the temporal extent over which the TIA is operated (~ NT,,) is chosen
to balance between robustness to signal fading and target maneuvers and produces a fixed value
of N. Systems that vary the update rate yield a range of N over which the optimization must
occur. For each value of NV and for M = 1,..., N, target detection performance must be
assessed for a given SNR as follows.

1. Given M and N, find p, achieving
B+C

P=—
it NoF1C

8)

as a functional inversion of (4).

2. Obtain the decision threshold A producing the desired py as a functional inversion of (3).
This requires modeling the clutter-cluster peak normalized intensity, which can be done
using the GPD model as described in [4, 5].

3. Evaluate the probability of observing a target cluster as p; = | hoo fi(x; §) dx for SNR S
where f,(z;.S) is the target-cluster peak normalized intensity, which can be approximated
through the single-resolution-cell value when SNR is high enough.

4. Assess TIA target detection performance using p;. Detection performance is quantified
by the probability of detection for finite-duration signals or latency for infinite-duration
signals.

When optimizing for a design SNR, the (M, N') combination maximizing the desired detection-
performance measure is chosen. When optimizing to minimize the SNR required to achieve a
performance specification, steps 3 and 4 are iterated for the given (M, N') combination to search
over SNR until the desired performance is obtained. The (M, N) combination minimizing the
SNR required to achieve the performance specification is then chosen.
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3. DESIGN EXAMPLES
3.1. TIA optimization

The following parameters have been used to illustrate the design process for a high-duty-
cycle active sonar system having a variable coherent processing interval (CPI):

Processing parameters:
CPI and spacing: T, = 5s or 1.25 s with 50% overlap
Track initialization window: T, = 60 s yielding N = 23 or 95
Number of tracker channels: N,y = 1000
Performance specification:
False-track rate: FTRy, = 10 per hour
Detection: static Py = 0.5 or 0.9, latency equal to T,
Signal and clutter modeling:
Signal model: deterministic or Gaussian-fluctuating point target
Clutter-event average length and spacing: C = 120s and B = 600's
Cluster intensity distribution: GPD parameters as estimated from the data with
ho = 12dB and coasting probability ¢.(h¢) = 0.6

The SNR required to achieve each detection performance specification is shown in Fig. 3 for
T, = 5 and 1.25s as a function of M for both signal models. For T}, = 5 s (left figure) it is seen
that using M = 10 for the Gaussian signal required the least SNR to obtain each of the desired
operating points (V’s, solid black for F; & colored for latency), whereas for the deterministic
signal M = 19 was best for achieving P; = 0.5 and M = 18 for P; = 0.9 or latency equal to
T,. Also shown are the optimal values of M obtained using Shnidman’s [11] method () and
the minimax-optimal value for K -distributed clutter (4 ) from [9] using F' = (B + C)/Py. The
SNR loss in using the approximately optimal values of M appears to be small enough (generally
< 1dB, less when /N is small) to be useful in practice (e.g., as they are or to initialize a search
for the optimal, which may be preferred when N is large). In both design examples, the lower
threshold (h) caused a limitation in the design at some point as M increased (i.e., the desired
po required a threshold i < hg). In both cases, however, the optimal value of M was below the
point of limitation. Interestingly, the SNR required to achieve latency equal to 7}, (the dots in
each figure) was nearly identical to that for achieving a static P; = 0.5.

In comparing the two design cases it can be seen that a lower SNR is required when
T, = 1.25s (~ 1.1dB lower for the deterministic signal and ~ 3.2 dB lower for the Gaussian-
fluctuating signal to achieve P; = 0.5). Countering this is the increase in SNR achieved by
the longer CPI, which is only expected to be proportionate (6 dB increase in SNR when go-
ing from 7, = 1.25s to 5s) when there is no coherence loss or energy spreading loss (e.g.,
see [2]). When coupled with a spreading-loss model [12], the procedure presented here thus
allows optimization over /N while controlling false-track rate.

3.2. Controlling false-track rate

To illustrate how the tuning process controls the false-track rate, contact-level data were
simulated using the GPD with parameters hy = 12dB, v = 0.5, A\g = 5, and ¢.(hg) = 0.6
over N,y = 100 tracker channels for IV, = 5000 pings. The average clutter-event length was
set to C' = 48 samples with an average of B = 240 samples separating them. Three different
TIAs were then designed for N = 5, 10, and 20 with M chosen according to Shnidman’s rule
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Fig. 3: SNR required to achieve a desired performance specification as a function of M for
T, = 5syielding N = 23 (left) and T,, = 1.25 s yielding N = 95/ (right).

for a deterministic signal. In each case, the desired average number of updates between false
tracks was F' = 50. Ten percent of the simulated data are shown in Fig. 2 where the gray circles
represent clusters passed to the TIA and the connected red dots represent tracks that are formed.
The TIAs with larger values of M (generally corresponding to designs with a larger value of
N) have lower decision thresholds [12.8 dB for the (10, 20) TIA vice 14.9dB for (3, 5)] and so
produce longer tracks.

The false-track counts over the complete simulation (108, 87, and 94, respectively, for
N = 5, 10, and 20) yield p-values of 0.40, 0.18, and 0.52 probability of observing a count
farther from the expected number (100) based on the design FTR and assuming a Poisson-
distributed count. This suggests the design process successfully controls the false-track rate.
Although not shown, similar results (p-values of 0.20, 0.18, and 0.74) were seen when the
(6,10) TIA was designed for three different false-track rates (F' = 10, 50, and 250 pings
between false tracks).

4. CONCLUSIONS

An approach for the design of a sliding M-of-V track initialization algorithm (TIA) was
presented where M and N are chosen to minimize the SNR required to achieve a detection
performance specification and the cluster-level detection decision threshold is chosen to control
the false-track rate. A two-state Markov random process was used to represent clutter-event
occurrences, which were assumed to be the dominant source of false tracks. This model implies
the clutter events have a geometrically distributed length, support for which was obtained by
analyzing data from CMRE’s LCAS15 experiment. The peak normalized intensity of clutter
clusters was modeled using a generalized Pareto distribution (GPD), which was also supported
by the LCAS15 data although not shown here. Design examples illustrated how to optimize the
TIA and how it successfully controls false-track rate.
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