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Abstract 

The most simple feedforward neural network is used in order to estimate and track the Pulse Repetition 
Interval {PR!} of a periodic radar pulse train. The network consists of an input neuron connected via 
a single weight to a processing output neuron with a bias term. Such an approach was designed to 
be robust to corrupted data and adaptive to drifting and functional parameter changes. This is achieved 
through using a modified cost function that tends to minimise the weight and using an adaptive step length 
when adopting a single step of gradient descent to adjust the network for each incoming pulse gap. The 
statistical success and suitability of the method is demonstrated with relevant examples, including Monte 
Carlo simulations. Due to the simplicity of the network and minimal processing needed, the method is 
ideally suited to the radar pulse train problem which requires extremely rapid, recursive updates as each 
new time series value is encountered. Keywords: radar pulse trains, pulse repetition interval, 
time of arrival, processing neuron, adaptive step length, gradient descent, tracking. 

1. Introduction 

Many radars emit a sequence of pulses whose times 
of arrivals (TOAs) are regularly spaced. That is to 
say they have a definite, characteristic PRI. Such a 
simple pulse train is described in Figure 1. Accurate 
estimation of the radar's PRI is hence considered an 
important problem. Even so, the recorded TOA se
quence is typically noisy due to missing and spurious 
pulses, as well as any timingjitter that distort the TOA 
measurements. In addition, the pulse train's PRI could 
drift over time or have a linear or sinusoidal modulation 
associated with it. All these real world problems help to 
mask the periodicity of the radar pulse train sequence. 

Therefore, one cannot just trivially deduce that the 
PRI is just the gap between successive pulses under 
such circumstances. Apart from the estimation, there 
is then also the additional problem of being able to 
actually track the PRI of the radar pulse train, even in 
a noisy and modulated environment. Since the PRI of a 
radar can typically vary from 10-2 to 1 ms, rapid and 
recursive updates of the PRI estimates are required. 
Hence the solution needs to be not only robust and 
adaptive, but also computationally inexpensive. 

2. Pulse Train Model 

A general recursive expression which can describe a 
general periodic pulse trains is, where Yt is the TOA 
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Figure 1: A simple periodic pulse train description. In 
the ideal problem where there is complete data and no 
jitter, the Zi's refer to the Pulse Repetition Interval for 
M=l. 

of the t'th pulse of a train: 

Yt - Yt-1 = Ti mod M+ ft (1) 

where Yt- Yt-1 = Zt-1 and is the t'th-1 pulse gap, an 
M level staggered pulse train consists of M interleaved 
periodic pulse trains with the same Pulse Repetition 
Interval (PRI) offset from each other by time amounts 
of T1, .. , TM, and ft is a noise term representing any 
cumulative jitter that may distort the TOA measure
ments as well as any PRI drift or modulation. 

For the purposes of this study, and as will be ex
plained later, we need only consider the most simple 
case where M = 1. The parameter T then simply be
comes the mean (or instantaneous) PRI of the discrete 
process. For the simple pulse train as given by M = 1 
and Figure 1, the best estimate for the next incoming 
pulse gap would just be T in the absence of any PRI 
modulation. 
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3. Radar Pulse Train Problem 

It is a common Electronic Warfare problem to expe
rience multiple radar pulse trains being received at 
the one electronic site. From this interleaved mixture, 
the individual pulse trains need to be separated out 
(i.e. deinterleaved). It is usually not possible to infer 
directly from the interleaved data set the number of 
emitters present, except for the most simple of cases. 
The final stage of the problem is to then extract the 
individual pulse train signal parameters and to identify 
the signal. A simple block description of the problem 
is given in Figure 2. 

In this challenging radar deinterleaving problem, se
quence search type algorithms are traditionally used 
for separating out individual pulse trains from an ini
tial complex interleaved set. In essence, the sequence 
search algorithm works by forming trial pulse trains 
from an initial pulse pair. This initial pulse pair is 
hypothesised to be the PRI of a periodic pulse train 
within a given window of tolerance. The input buffer 
is searched for additional pulses by projecting forward 
in the file using this estimated PRI interval. Provided 
there are a sufficient number of successes, we conclude 
a periodic pulse train exists. If not, we choose another 
pulse pair and repeat the process. For more detailed 
descriptions, see for instance [3] and [4]. 
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Figure 2: Pulse train TOA deinterleaving description. 

Once the deinterleaving has been successful, impor
tant post-processing problems include the ability to es
timate T from the individual pulse train's TOA values, 
as well as to be able to predict the next pulse event 
i.e. to track the pulse train. The important outcome 
of the sequence search algorithm is that all successfully 
captured chains of pulses will appear as pulse trains 
with M = 1. Hence, the problem of estimating and 
tracking the parameters of a general staggered pulse 
train can be reduced, in these circumstances, to the 
simpler problem of deducing the various T's for a set 
of M = 1 pulse trains. 

Furthermore, the sequence search algorithm ensures 
that the first pulse gap is a reasonable estimate of the 
chain's P RI. This further simplifies the tracking al
gorithm that we need to implement. The completely 
general case where such an assumption cannot reason
ably be upheld, is also covered in this paper. This may 
be due to, for instance, the first pulse gap being effected 
by a missing or spurious TOA recording. 

However, certain complications within the radar 
deinterleaving process makes pulse train tracking and 
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parameter estimation, even for M = 1, a difficult pro
cess. First, when two or more radar pulses overlap at 
the electronic receiver, only the first pulse is recorded. 
This leads to potentially missing pulses in each of the 
individual pulse trains. Occasionally, a radar may fire 
an unintended pulse or the receiver itself may record a 
pulse when there is only noise present. This leads to 
spurious pulses being recorded which often are assigned 
to particular pulse trains. The deinterleaving algorithm 
itself may incorrectly classify pulses to certain pulse 
trains. 

In addition, the TOA values of the pulses will usually 
be subject to jitter noise, either intentionally or unin
tentionally. In general, the jitter distribution would 
not be known a priori. Finally, many modern radars 
are able to modulate their PRI values or even change 
them discontinuously. All these factors can mask the 
periodicity of the pulse train and make tracking and 
parameter estimation extremely difficult. 

A recent paper [1] described techniques involving pa
rameter estimation for periodic discrete event processes 
which can be directly applied to the above radar pulse 
train problem with M= 1. However, their method, as 
formulated in (1], cannot take into account many real
world complexities already mentioned such as missing 
and/or spurious pulses, as well as modulated and dis
continuous mode changes. 

The current authors investigated a four layered re
current neural network approach to attempt to take 
into account the above mentioned complexities [5] as 
well as for the general case of M > 1. Nevertheless, 
the approach as given in [5] could be considered some
what computationally expensive for the algorithm to 
easily proceed in real time applications. The fact that 
the problem can be reduced to estimating and track
ing T for the most simple case of M = 1, means we 
should be able to simplify the neural approach. A very 
basic neural architecture and learning algorithm with 
implicit memory capability is pursued. It should allow 
extremely simple but meaningfui recursive processing 
so that the network can be continuously updated as 
each new time series value is encountered. 

4. Neural Processing Approach 

The solution to the problem is formulated within a neu
ral processing framework. It is required that such an 
approach be statistically reliable and efficient. If this 
be the case, then it is hoped that the framework could 
be expanded to provide a solution to the more general 
Pulse Train problem of M > 1, whilst still maintaining 
the statistical reliability and efficiency. 

In this investigation, we employ a single non-linear 
processing neuron to solve the problem of recursively 
estimating T (i.e. pulse by incoming pulse) from equa
tion (1) in a noisy environment. A non-processing input 
neuron is connected to an output neuron via a single 
weight, a, with an associated bias term, {3 . This is 
described in Figure 3, where S is just the standard 
sigmoid function, i.e. S(x) = 1/(1 + exp -x). 
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The input, Xt, is the t'th pulse gap and the output, 
Zt is the estimated next pulse gap. For each incoming 
pulse and for a given cost function C, we recursively 
and adaptively step once along the negative gradient 
of C. In this way, as increasing amounts of data are 
encountered, the network will smoothly converge to 
the value ofT. Online processing is extremely simple 
and rapid, potentially allowing recursive PRI updates 
in real time, even for very small values ofT. 

Input 

Figure 3: Single processing neuron for tracking a noisy 
jittered pulse train. 

Since the activation function we are employing is sig
moidal, we scale the problem to ensure all pulse gaps 
lie between 0 and 1, even if there exists three consec
utive missing pulses and up to 10% Gaussian jitter. 
For this simple neuron model, the squared error for 
the t'th estimate is calculated in the usual way to be 
Et= (zt- Xt+t) 2. 

The aim of this simple but novel approach to PRI 
estimation is for the network to build, pulse gap by pulse 
gap, an estimate for T by substantially, though not 
completefy, ignoring the incoming data. In other words, 
the network requires to take some notice of the input 
data in order to learn the best estimate of T, but not 
so much notice that it loses track when confronted by 
data outliers caused by missing, spurious and jittered 
pulses. This is achieved in two ways by modifying the 
standard cost function as well as the learning phase of 
the network approach. 

We define the cost function to be minimised via gra
dient descent to be 

(2) 

where 1' is some positive coefficient less than one. This 
coefficient is chosen to ensure that a relatively small, 
but non-zero, value of a results without the error term 
losing dominance in the cost function C. Most of the 
work done for estimating T is hence left to the bias 
term (3, which merely acts to offset the product formed 
between the weight and input. Hence, the estimation 
of the next pulse gap need not be overly perturbed by 
noisy incoming data. 

The modification of the learning phase of the network 
approach is performed by using an adaptive step length 
A in the gradient descent process. After each incoming 
pulse is processed, we perform one recursive step of 
gradient descent to change the values of a and (3: 

at Qt-1- ,\ (
80

) (3) 
8a t-1 
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Initially, as we start to build a value for the estimate 
ofT, we begin with a large value of,\. Then we adapt 
A according to the expression: 

A= -'o(- tanh (count/10.2)1
/

2 + 1.06) exp( -~~:E). (5) 

The term Ao denotes the very "initial" value of the 
step length, which is set to afxo2 +b, where a and bare 
chosen depending on the scaled value of the initial pulse 
gap. It is then varied according to a/ Zt 2 + b so that it 
tends to a fixed value for a stable P RI. In the second 
term of equation (5), (- tanh ( count/10.2)112 + 1.06), 
the parameter count counts the number of times the 
difference in successive z values changes sign. Each 
increment in count assumes we are getting closer to 
the actual value of T, and hence we decrease A accord
ingly. In any case, it is obvious that as more data is 
encountered, the more accurately we are able to esti
mate the PRI and hence the need to reduce ,\ over time. 
However, ,\ should tend to a small, finite value so that 
drifts in P RI can still be detected and accounted for. 

We also set ,\proportional to exp( -~~:E) so that data 
outliers, especially due to missing and spurious pulses, 
are substantially ignored. The negative gain factor 11:, 

is set at about 14 for a nominal PRI of 1 across alljitter 
values. However, it should be noted that if we know a 
priori that there will be no missing or spurious pulses, 
we can set 11: = 0 so that all pulse gaps will have equal 
weighting when contributing to the PRI estimate. 

Finally, we check for drifts in the PRI estimates. 
Once the drift magnitude passes a threshold value, we 
automatically increase the value of ,\ so that the drift 
can be tracked and accounted for. Once the threshold 
value has been crossed, the drift magnitude is reset to 
zero again. Note that our general neural approach does 
not rely strongly on any specific distribution of jitter 
and is actually not specifically designed to tackle miss
ing and spurious pulses. We only require that any jitter 
noise has a zero mean (i.e. symmetric) distribution. 

5. Tracking Capabilities 

As it will be shown later through extensive Monte Carlo 
type simulations, the above neural processing technique 
can act very successfully as a quite general PRI tracker. 
Why is this so, especially considering the simplicity of 
the network and the processing? Since the network 
and subsequent processing is so simple and recursive, 
it should be a straightforward task to write down a final 
expression for the t'th estimate of the PRI. 

We begin by referring to Figure 3. We see that the 
t'th estimate of the PRI is: 

(6) 

where the function S is just the standard sigmoid 
S(x) = 1/(1 + exp -x). As stated previously, we wish 
to recursively step once along the negative gradient of 
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C as defined in equation (2) for each incoming pulse. 
By replacing Xt+ 1 with at (the actual next pulse gap) 
in the definition of E , we find that equation (2) can be 
rewritten as: 

Hence, partial differentiation of C with respect to a 
and /3 leads to: 

ac 
oa 
ac 
8(3 

(8) 

-2(at- Zt)Zt(1- Zt)• (9) 

Applying one recursive step of gradient descent as 
given by equations (3) and (4) , yields the updated val
ues of a and (3 after each incoming pulse gap. Hence, 
combined with equation (6), we finally have the t'th 
estimate of the PRI: 

Zt = S(atXt + f3t + 2A((at-1- Zt-dZt-1 x 
(1- Zt-d(Xt-1Xt + 1)- -yat-1Xt) • (10) 

We note that S( x) is a monotonically increasing func
tion of x with a range of (0, 1). Hence, the problem 
needs to be scaled to ensure that even if there are 
several consecutive missing pulses, the pulse gaps will 
have value less than 1. However, the scaling should 
also ensure that the PRI is not too small, otherwise 
learning will become less rapid where the sigmoidal 
slope is smaller. Hence, we found it convenient to scale 
the problem so that the initial pulse gap was around 
2 X IQ-1. 

From this it can be deduced that if (at-1- Zt-d < 0 
then f3t < f3t-1 and from equation (10), Zt < Zt-1. 

provided a and A are sufficiently small. The converse 
to this is also true. Hence, on average, and assuming a 
symmetrical jitter deviate, we move closer to the mean 
for lal << 1 and sufficiently small values of A. For a 
constant PRI value, as an increased amount of data is 
encountered, count increases and thereby A decreases 
exponentially. Therefore, our current PRI estimate be
comes increasingly unlikely to differ significantly from 
our previous estimate. The summed net effect over 
many pulse gaps is to converge smoothly and rapidly 
to the actual PRI value. 

The above inequalities do not hold strictly true for 
very small values of jitter i.e. when I at - Zt I < < 1. 
However, in these cases, such an adaptive updating 
scheme is not at all critical. We also note that from 
equation (2), provided that 'Y is of moderate value be
tween (0, 1), the processing system will always evolve 
a non-zero value of a with lal << 1. We found that 
a value of 'Y = 0.1 to work very satisfactory. That is, 
not too small to enable a to have too much influence 
and not too large to dominate the squared error term 
in equation (2) and inhibit learning. 

6. False Initial Estimates 
In the more general case, we cannot assume that the 
first pulse gap from a chain is a reasonable estimate of 
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the P RI. For instance, the first pulse gap could in fact 
be a double pulse gap. However , we can easily modify 
the algorithm above to cope with a false initial estimate 
and with only marginal degradation in the estimating 
and tracking capabilities of the algorithm. 

The only change in the algorithm is how we recur
sively update A. The main differences is that over the 
first fifteen pulse gaps, we reduce A by smaller propor
tional amounts for each increment of count, as well as 
paying more attention to the absolute changes in error, 
rather than just the error itself. After the first fifteen 
pulse gaps, the algorithm then proceeds as above. For 
the first fifteen pulse gaps, we have the evolution of A 
as: 

A= Ao(-tanh(count/100)1
/

2 + 1.06) x 

exp( -~~:/(15- i)IE;- E;-1!, i = 1, 2 .. 15. (11) 

7. Numerical Simulations 

It is important to test and compare the performances 
of the PRI pulse train estimator by performing Monte 
Carlo type simulations. However, we first give specific 
examples (although chosen at random) to demonstrate 
how the estimator can converge quickly to the appro
priate PRI, even for a noisy pulse train. Figure 4 shows 
the example for a pulse train with PRI=1 and 5% Gaus
sian jitter (i .e. u = 0.05) and no missing or spurious 
pulses. The neuron estimator shows remarkably similar 
convergence after the first 10 pulse gaps to the optimal 
least squares solution as given in [1]. This is a general 
trend for any given example chosen randomly. 
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Figure 4: An example of our method converging for 
a pulse train with PRI=1 , u = 0.05 and no missing or 
spurious pulses. Here, (-) is the PRI neuron estimate 
and ( -·) is the optimal least squares estimate as given 
in [1] . The +'s are the actual pulse gaps. 

One can ask, given that there already exists a known 
optimal solution to the PRI estimation problem, what 
is the need to pursue a neural approach? First, there is 
an academic interest in realising that a single processing 
neuron can approach optimal performance for such a 
problem. More importantly, for the practical case of 
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radar PRI estimation, we must devise a method that 
is robust to missing and spurious data as well as vari
ations in PRI. What we aim to demonstrate, through 
example, is that a single processing neuron can still give 
accurate and meaningful estimates of radar PRI, even 
with significant amounts of timing jitter, missing and 
spurious pulses and modulations in the PRI itself. 

22r---~---r--~r---~---.--~----r---~ 

2 .. 
+ ··+···········)···7. ...... ; .... + .... ; ···········:····· ''''''i''' 

+ : . . . . . . . . 
1.8 ··········<···········'············'···········'·· . . . 

Figure 5: An example of our method converging for 
a pulse train with PRI=1, u = 0.05 with 10% missing 
pulses and 2% spurious pulses. Here, (--) is the PRI 
neuron estimate and (- ·) is the estimate from the filter 
as given in [1]. The +'s are the actual pulse gaps. 

··it ·MSE Of Ne~roii·PRI· ealimate· · :· · · · · · 

~RB 

.. ···=··· ...... ; ... . 

40 

3 4 5 6 7 8 9 10 
Percentage Gausslan jitter 

Figure 6: The MSE performance over 2 000 simula
tions as a function of jitter variance for the neuron PRI 
estimator with no missing or spurious pulses. The solid 
line indicates the CRB. 

We start with a specific example (chosen at random) 
of a pulse train again with PRI=l and 5% Gaussian 
jitter, but now with 10% missing pulses randomly re
moved and 2% spurious pulses. Figure 5 shows the neu
ron giving good, rapid convergence to the actual PRI 
value and is far superior to the estimate as given in [1] 
which clearly cannot cope with missing and spurious 
data. It needs to be again emphasised that the only 
assumption required by the neural approach is that the 
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Figure 7: The MSE performance over 2 000 simula
tions as a function of jitter variance for the neuron PRI 
estimator with 10% missing pulses and 2% spurious 
pulses. The solid line indicates the CRB and th1;1 x's 
the MSE for the neuron estimates. 

jitter noise be symmetrical. Hence, it can have a very 
general application and still give rapid and accurate 
results under a variety of circumstances. 

More important than the one specific example is how 
the neural technique performs over many examples. W~ 
use the same base pulse train (with and without the 
missing and spurious pulses) as given in the example 
above but with all timing jitter removed. We then add 
timing jitter with values ranging incrementally from 
u = 0.005 to u = 0.1 in steps of 0.005. For each 
value of u, we perform two thousand simulations for 
each technique and calculate the mean error and mean 
squared error (MSE) based on PRI estimates after the 
one hundredth pulse gap. Also, for each jitter value, 
we calculate the Cramer-Rao bound (CRB) for unbi
ased estimators of the PRI assuming we explicitly know 
which pulses are missing or spurious. The CRB for a 
given u 2 is simply (see [2] for more details) 

(12) 

Here, the xi's are simply the pulse gaps of the base train 
with no jitter (i.e. all ones for no missing or spurious 
pulses). 

The results given in Figure 6 are for the case of no 
missing or spurious pulses, where the MSE is actu
ally plotted as -10log10( M SE) against the percentage 
Gaussian jitter. Indeed, we find that our results ap
proach the CRB for all jitter values considered. This 
may seem surprising considering the simplicity and 
economy of our approach. Even when we add 10% 
randomly missing pulses and 2% spurious pulses, the 
results as given in Figure 7 are still very good for jitter 
values of 5% or less. For such values greater than 5%, 
the performance is still very satisfactory for jitter values 
of up to 10%. 

For the Monte Carlo simulations involving missing 
and spurious pulses, we need to determine the amount 
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Figure 8: The Mean Error/CRB1
/

2 over 2 000 simula
tions as a function of jitter variance for neuron ( o) PRI 
estimator with 10% missing pulses and 2% spurious 
pulses. 

of bias, if any, effecting the performance of our tech
nique. To this end, we have plotted the mean error (in 
terms of the actual PRI of 1) divided by (CRB) 112 as a 
function ofjitter variance. As Figure 8 shows, the mean 
error is always much less than ( C RB)112 • Except for 
jitter values of 1% or less, the single processing neuron 
shows a bias less than 10% of ( C RB)ll2 • The fluctua
tions close to 10% are explained by the neuron acting 
primarily as a tracker and hence occasionally drifting 
from the mean value by a significant amount. 

One outcome we did notice was the effect of the nega
tive gain parameter, ,..., on the mean estimate and bias. 
For a nominal PRI of 1, we used a value of K R:: 14 
across all values of jitter variance. For moderate values 
of jitter up to 5%, the value of "' was not considered 
critical in so far as the mean of the estimates were 
concerned. However, the bias was significantly reduced 
(increased) for increasing (decreasing) values of"'· This 
pat tern for bias was, in fact, consistent across all values 
of jitter. This is so because the predominant mode of 
extreme outliers were the missing pulses. For increasing 
values of ,..., they were increasingly ignored, regardless 
of the jitter magnitude. Hence the tendency to give an 
overestimate of the PRI due to the effect of the missing 
pulses is reduced with increasing values of tl.. 

However, for increasing jitter values above 5%, the 
most appropriate scheme in order to minimise the MSE 
was to reduce "' proportionately. This is obvious con
sidering that for increasingly large values ofjitter, there 
exists increasingly greater proportions of data distant 
from the mean. Such data is increasingly ignored for 
increasing values of "'• even though they are not strictly 
outliers and in fact, should contribute significantly to 
the estimated mean. If we could adjust "' depending on 
an assumed known value of jitter, our estimated means 
would be even more accurate, especially for increasingly 
large values ofjitter. In practice, we could estimate the 
sample variance of the data and use this as a guide for 
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Figure 9: The MSE performance over 2 000 simula
tions as a function of uniform jitter for the neuron PRI 
estimator with no missing or spurious pulses. The MSE 
of the sample means and neural estimates are given 
respectively by the solid lines and the x's. 

a better value of"' to minimise the MSE. 
We also tested the same network for pulse trains with 

Uniform deviates. We considered levels of uniform jit
ter up to and including 30% of the PRI. For the same 
base train as used above but with no missing or spurious 
pulses, we again performed 2000 simulations and calcu
lated the average MSE using the neural processing tech
nique. We compared this with an optimal estimate of 
the PRI, namely just the sample mean. The results are 
given in Figure 9. We find that with the same network 
but different jitter distributions, we again come close to 
optimal performance. This shows the versatility of our 
approach. This becomes particularly important when 
the distribution of the jitter is not known a priori. 
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Figure 10: The neuron (-) tracking a linear modu
lation in PRI with u = 0.05 and 10% missing pulses. 
Across the x-axis, the instantaneous PRI varies from 
1.00 to 1.25 and the ·'s are the actual pulse gaps 

Finally, we examine the tracking qualities of our 
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Figure 11: The neuron (-) tracking a sinusoidal mod
ulation in PRI with u = 0.05, 10% missing pulses and 
1% spurious pulses. The amplitude of the modulation 
was 10% of the PRI with a period of 500 times the PRI. 
The ·'s are the actual pulse gaps 

method in the presence of significant, intentional mod
ulations in the radar's PRI value. Two of the more 
common PRI modulations encountered are linear and 
sinusoidal ones. However, as usual, the practical prob
lem of tracking such a function is complicated by timing 
jitter and missing and spurious pulses. Hence, it is 
insufficient in such circumstances to simply predict the 
next pulse gap based only on the previous one. That is, 
we need to learn the modulation, even when presented 
with noisy data. 

We give a specific example of a pulse train with a 
linear modulation in PRI varying from 1 to 1.25 over 
four hundred and fifty pulse gaps with u = 0.05 and 
10% missing pulses. The neural method is well suited 
to tracking in general and needs no modifications to the 
method as described above. Figure 10 shows the results 
of the method over the 450 pulse gaps where the final 
instantaneous PRI is 1.25. The pulse gaps consisting 
of two or more missing pulses were not included in the 
plot to help with the scaling of the graph. Note again 
that our approach does not assume specifically whether 
or not a modulation is in progress. Hence our PRI 
estimate initially lags the true value and takes a 100 
or so pulse gaps in order to "catch up". If we knew, 
a priori, that there was a PRI modulation, we could, 
of course, substantially reduce this catch up time. This 
would simply be done by immediately and appropriately 
adjusting the value of the steplength >.. 

Figure 11 shows our results in tracking a specific 
sinusoidal modulation in PRI with u = 0.025, 10% 
missing pulses and 1% spurious pulses. The amplitude 
of the modulation was 10% of the PRI (i.e. 0.1) and 
its period was 500. Once again our tracker performed 
quite accurately and smoothly. It is apparently learning 
quickly the variation in the PRI and is clearly vastly 
superior to just using the current pulse gap in order to 
predict the next. In any case, the single processing neu
ron does surprisingly well in tracking a noisy sinusoidal 
pulse train. This is especially so considering that such 
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a modulation was not specifically taken into account 
when designing the system. 

8. Conclusion 

We have used a single processing neuron, combined 
with a single, adaptive step length in gradient descent, 
to act as a robust, rapid and accurate PRI estimator 
for pulse trains corrupted by cumulative timingjitter as 
well as missing and spurious pulses. We have also ap
plied the technique successfully to tracking a linear and 
sinusoidal modulation in the PRI of similarly corrupted 
pulse trains. 

An advantage of this approach, apart from its ability 
to deal with missing and spurious pulses, is the lack 
of assumptions required. Hence, it has quite a gen
eral tracking application and would be especially nseful 
when all the pulse train parameter types (such as jitter 
distribution and PRI modulation types) are not known 
a priori. 

This technique, considering its simplicity of design 
and economy in processing, gives surprisingly accu
rate results over a large variety of applications. More 
research is being conducted to apply the neural and 
statistical lessons of this investigation to the more gen
eral problem of multi-level staggered pulse trains where 
M> 1. 
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