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Abstract 

The Jindalee high frequency OTH Radar Network sensors are capable of detecting and tracking a 
very large number of targets within overlapping surveillance regions. The large number of detected 
targets can lead to ambiguities, especially near the region boundaries. One potential solution is 
to develop algorithms capable of associating and fusing tracks of the same target received from 
different sensors. This paper describes some pattern recognition .algorithms which are suitable for 
track association, and addresses the problem of generating a vast number of tracks, which are 
representative of an OTHR tracker system, for testing the algorithms. The developed algorithms 
were tested on more than 58,000 track pairs, and the overall error rate was less than 0.5 %. 
Keywords: association, fusion, OTHR, radar, pattern recognition, tracks 

1 INTRODUCTION tions of the Jindalee Network. Misclassification can be 
a potentially serious burden on the tasking agencies. 

The Jindalee Operational Radar Network (JORN) is 
a network of Over The Horizon Radars (OTHR) being 
developed by Telstra for the Commonwealth of Aus-
tralia. JORN is to comprise three OTH radars which 
overlap in coverage, and hence a target may be detected 
more than once. It is important that tracks correspond-
ing to the same target be associated and fused together 
to form a single track, before the track information is 
passed on to the tasking agencies. Targets detected by 
OTH radars are characterised by having a high degree 
of ionospheric disturbance and noise effects embedded 
within the measurement data [4) . Thus, significant con-
ditioning of data takes place prior to tracking to remove 
meteor and lightning perturbations. Tracks which have 
been formed and have achieved a high level of con-

In this paper, we describe potential methods for au-
tomating the process of track association based on pat-
tern recognition techniques. At the moment only one 
OTHR radar has been built and is operational; two 
more radars are being built. Therefore, real data from 
the three radars is not available. In the absence of real 
data, we used a realistic data set, obtained from a sim-
ulator, to train and test the algorithms developed for 
track association. A simulator has been built, based on 
data obtained from the first radar, to emulate the oper-
ation of the three radars in JORN. In the next section, 
the process of generating realistic data from the simu-
lator is described. The algorithms developed for track 
association are described Section 3 which is followed by 
the conclusion . 

. fidence are passed to local operators who classify and 
manually associate tracks belonging to the same target. 
This classification step is crucial to the effective opera-
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2 CHARACTERISATION OF 
DATA 

To maximise the usefulness of this investigation to 
track association with data provided by an operational 
JORN, it was desired to generate simulated tracks that 
conformed to a specified set of statistics based upon 
Australian experience with OTHR tracking and iono-
spheric modelling. Each of the track variables, range 
and azimuth, was modelled to satisfy statistics ob-
served with real tracks. There are three basic discrep-
ancies between the observed data and true track data: 

1. static "coordinate registration errors", RcR and 
AcR which describe the spatial errors in range and 
azimuth, respectively, 

2. slow "jitter", Rd and Ad which are associated with 
ionospheric dynamics and are responsible for the 
correlation between successive coordinate registra-
tion errors, and 

3. tracker jitter, associated with the behavior of the 
tracker in clutter and noise denoted by Rj and A; 
for range and azimuth, respectively. 

The tracker behavior is also characterised by its dy-
namics during track initiation, and by missed detec-
tions, or "dropouts". 

The overall data for range and azimuth were calcu-
lated by linearly combining the errors generated ac-
cording to the details above, with weights a and b: 

Rtotal = a(RcR + Rd) + Ri 
and Atotal = b(AcR +Ad)+ Ai 

(1) 

(2) 

The following subsections explain some of the salient 
features of these error components and their simula-
tion. 

2.1 Coordinate Registration Errors 
OTHR coordinate registration (CR) is the process of 
using information on the current state of the iono-
sphere to convert estimates of slant range and beam 
steer angle to estimates of ground range and azimuth. 
As a consequence of this process, uncertainty in the vir-
tual height of the ionosphere and multimode misidenti-
fication manifest themselves in residual errors in both 
range and azimuth. The following metrics were defined 
to characterise these errors: 

1. CR Range Errors, RcR 

The CR range error, RcR is defined by the dif-
ference of the true range r of the target and the 
estimated range after coordinate registration r'. 
We have found that the distribution of this error 
can be approximated as follows: 

3 

RcR = L kmN(J.lm, u!) (3) 
m=l 
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where 2:!,=1 km = 1, k2 = ka, k1 ~ k2 , ka, 
J.ll = 0, J.1.2 = · -j.la, u2 = ua. 
The trimodal distribution of RcR is the result of 
the incorrect identification of propagation modes 
taken by the radar signal through the ionosphere. 
The factors k;, provide a measure of the probabil-
ity of the error associated with a detection resid-
ing in a particular mode. When combined with 
the dynamic errors, discussed below, these factors 
describe the nature of C R errors. The factor k1 
is greater than both k2 and ka to reflect the fact 
that range errors seldom jump from the central 
mode, although the opposite is highly likely once 
the multimode misidentification is detected. 
The information required to define the parameters 
in (3) was obtained from the analysis of CR range 
errors. While it is generally true that the distri-
bution of RcR is dependent upon both the range 
of the target and the virtual height of the iono-
sphere, the variation with these parameters was 
sufficiently small to justify the simplification of 
employing a single distribution to characterise CR 
range errors for this investigation. 

2. CR Azimuth Errors, AcR 
The azimuth a observed at the radar receive site 
is perturbed from the true bearing of the target 
by ionospheric tilt and coning errors arising from 
geometric ambiguities in locating the returned sig-
nal in three dimensional space. Coordinate regis-
tration is employed to make corrections for these 
effects but uncertainty in the degree of ionospheric 
tilt leads to a residual error in the estimated tar-
get bearing. System requirements used to spec-
ify the required accuracy of the CR process pro-
vided an estimate for the distribution of the ac-
ceptable residual azimuthal error. For this simu-
lation the distribution was assumed to be normal 
with a mean of zero and a standard deviation Ua. 

Because there is a linking of uncertainty in az-
imuth with angle of elevation there is a relation-
ship between the CR azimuth error standard devi-
ation u a and the angle of elevation of the return, 
1/J. Empirical observations showed that a practical 
working value of u,. is: 

where 1/J is the angle of elevation in degrees. At 
elevation angles greater than 22 degrees, u a is as-
signed the value observed at this limit. 

2.2 Ionospheric Dynamics 
Temporary ionospheric disturbances and drift in the 
height of the ionosphere contribute dynamic compo-
nents to the CR errors that are not captured by the 
above statistics. To generate metrics corresponding to 
these dynamic components, variations in the observed 
target position (range and azimuth) due to ionospheric 
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movement were estimated for a typical interval between 
radar dwells and expressed as multiples of the standard 
deviations of the coordinate registration error distribu-
tions derived above, i.e. 

innovation sequence Wn is filtered to produce Xn, the 
model of the observations: 

Xn = (1- k)Xn-1 + kwn (7) 

E{l rn-rn-1 I}= krO'm 1 E{l O'n-O'n-1 I}= koWit;h k chosen such that the desired kt:. in (6) is 
( 4) achieved. The next paragraph explains how k was de-

where m = 1, 2 or 3 depending on the mode of CR termined. 
range errors, rn is the observed range, and O'n is the The difference between observations at successive 
observed azimuth, at radar dwell n. dwells is 

2.3 Simulation of Ionosphere Dynamic 
Effects 

In the following development, we denote by Xn the error 
in track position caused by ionospheric dynamics at the 
nth dwell; the same model is used for errors in azimuth 
and range, albeit with different parameter values. The 
general variate Xn, n = 1 ... was modelled adequately 
by a normal probability distribution. Successive values 
are related, and the simplest form of the relation is 
that each new value depends on the previous one, and 
an innovation: 

(5) 

where Wn is a white innovation sequence and A and B 
are constants. 

More through historic reasons than necessity our at-
tention was focussed on the differences between obser-
vations at successive dwells, Xn -Xn-1 , which is conse-
quently also normal. (In retrospect of course it is ap-
parent that the needed statistics were simply the vari-
ance and covariance of the Xn.) Fig. 1 illustrates ex-
amples of the innovation, simulated observations, and 
differences. In particular, the mean of the magnitude 
of this difference is related to the standard deviation of 
the actual jitter by 

(6) 

where kt:. is a number that is a characteristic of the 
process. The value of kt:. depends on the value of A in 
(5). 
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Figure 1: Illustration of the simulation variables. (a) 
the white Gaussian innovation, Wn; (b) Xn, the result 
of smoothing Wn according to (7) with k = 0.2; (c) Yn, 
the first differences of the Xn. 

To fit the model to the desired statistics, 0' x and 
kt:. we proceeded as follows . The model input is a unit-
variance white Gaussian innovation sequence, Wn. This 
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Yn = Xn- Xn-1 (8) 

and the theoretical relations between 0'~, (j2 
X and (j2 w 

and kt:. are (as shown in Appendix A): 

O'x J 2 ~ k O'w (9) 

O'y = {lg O'w (10) 

O'y ../2kO'x. (11) 

and E(lyl) = 1.128VkO'x = kt:.O'x (12) 

These relationships are plotted in Fig. 2. For a given 
kt:. we use (12): k=l.1282k~, as plotted in the dash-dot 
curve of Fig. 2 to find k. Then, for a given 0' x ,desired 
we use the full curve in Fig 2 which is a plot of (9) to 
determine the scaling constant kx by which to multiply 
Wn : 

0' x, desired = kxJ2~k; (13) 

or kx [~ -k- 0' x,desired (14) 

The generation of the observation jitter is then sim-
ply achieved as: 

(15) 

where Wn is a sequence of unit variance normal random 
numbers. 

2.4 Tracking Jitter 
Tracking jitter was defined to characterise the behavior 
of the tracking algorithm amidst a typical field of clut-
ter. As detailed tracking and clutter models were avail-
able for analysis (classified), it was a relatively simple 
matter to extract statistics for the difference between 
the known position and the estimate returned by the 
tracking algorithm for both range and azimuth. The 
random variables that represent these differences for 
range and azimuth were observed to possess -the fol-
lowing distributions, respectively 
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Figure 2: Statistic conversion factors as a function of 
smoothing filter coefficient k. The model is: w is unit-
variance white input; xis first-order smoothed; y is first 
differences of x. Full line: CTx = 1/kx; dashed line: cr11 ; 
dotted line: cr11 /crx; dot-dash line: ktl. = E(lyl)fcrx. The 
crosses on or near the dashed line are plots of values 
obtained from simulation rather than evaluation of the 
expressions, as a check. 

2.5 Track Dropouts 
The reasons for dropouts are varied and include rapid 
ionospheric variations and target returns from either 
maneuvering targets or targets with low radial speed 
being lost amidst clutter. To characterise this be-
haviour we identified statistics of the mean number of 
detections between dropouts and the average duration 
of a dropout. The obtained statistics were used to de-
termine when a generated observation should be elim-
inated. 

3 MULTIRADAR TRACK 
ASSOCIATION 
ALGORITHMS 

3.1 Introduction 
To associate the tracks, we performed a spherical ge-
ometric transformation to report target locations rela-
tive to a reference point such as the Operation Center 
location. After this transformation, all the tracks were 
represented in the same coordinate system. The track 
association task may then be treated as a pattern recog-
nition problem. In this case, tracks were represented 
by features and then were classified into associated and 
non-associated pairs of tracks. 

We proposed two methods for feature extraction. 
The first uses the Hough Transform and the second 
uses track features. For every case we considered two 
systems, one using the multilayer perceptron and the 
other assuming independence of the features and sta-
tistically combining the probabilities. 

For the Hough Transform, we considered the range-
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time image of the tracks and transformed all track data 
to a unified coordinate system. In the second method, 
we considered the longitude-latitude coordinates and 
studied a set of features. Error rates of less than 7% 
were achieved with the Hough Transform method and 
less than 1% using track features . Combining the HT 
features with the features improved the performance 
slightly. Also, we considered a classifier based on a 
majority voting system that consists of three MLP net-
works. This combined classifier was tested on the first 
few initial points of tracks, to measure its performance 
on initiating tracks. 

Finally we considered the association by a hierar-
chical clustering system. This method transforms all 
tracks in a scenario to the Hough space where each 
track is represented by a point corresponding to the 
slope and intercept of that track. Hierarchical cluster-
ing methods were used to cluster nearby points that 
are at a minimum distance until a specified threshold 
has been reached. 

3.1.1 Neural Network Classifier 

Multilayer perceptrons trained by the backpropagation 
algorithm are well suited to pattern recognition tasks 
[3]. It has been shown that a two-layer MLP is capable 
of forming an arbitrarily close approximation to any 
nonlinear mapping given sufficient neurons in the hid-
den layer [13]. In a pattern classification task, a multi-
layer perceptron network is trained on a given training 
data set to build a model of the classifier. The train-
ing process can be viewed as tuning the parameters in 
the model. Input pattern vectors and the correspond-
ing target vectors are used to train the system until 
it can classify the patterns to a desired accuracy. Un-
der appropriate conditions similar performance can be 
expected on testing data due to the generalisation ca-
pability of the trained network. 

The backpropagation algorithm is a supervised iter-
ative training method that minimises the mean square 
difference between the network output and the desired 
output. The error function that the backpropagation 
algorithm minimises can be expressed as: 

E = 2~ E E(dpk- Opk)
2 

p k 

where p is the pattern index, k is the index of ele-
ments in the output vector, dpk is the kth element of 
the pth desired pattern vector, Opk is the kth element of 
the output vector when pattern p is presented as input 
to the network, and P is the total number of training 
patterns. We used the batch training mode, where we 
accumulate the weight change resulting from present-
ing all training patterns, and then update the weights. 
This method better approximates the true gradient de-
scent than the pattern training mode where the weights 
are updated on a pattern-by-pattern basis. 

The updating rule at any given unit j in layer m+ 1 
in the network [13] is: 

~w;;(n + 1) = 7JC;o; + a~w;;(n) (17) 
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where n is the iteration number, i is the index of units 
in layer m, 11 is the learning rate, 6; is the delta error 
term backpropagated from the jth unit in layer m+ 1, 
and o; is the output of unit i in the mth layer. The 
updating rule can be interpreted as the weight change 
to a connection between two units of adjacent layers 
f!..w;; which is proportional to TJC;o;, i.e. the product 
of the delta error term propagated back from the jth 
unit in layer m+ 1 and the output of the ith unit in 
layer m, plus a momentum term at!..w;;(n) where a is 
a constant which determines the effect of past weight 
changes on the current direction of movement in weight 
space. Detailed description of the backprogation algo-
rithm can be found in (3, 13] 

3.1.2 Statistical Decision System 

The statistical system used in this paper uses MLPs as 
a convenient means to approximate the probabilities. 
Also, it treats the features as though they are indepen-
dent; this is a questionable, but to do otherwise is not 
practical. Let f 0 ; be the relative frequency function of 
the associated pairs for the ith feature, and let fnt be 
the relative frequency function for non-associated pairs 
for the same feature. If we observe a value x;,; for the 
ith feature of the jth pair of tracks, then we have the 
relative frequencies for associated tracks 

Ya.(i,i) = fa.;(x;,;) 

and for non-associated tracks 

Yn(i,j) = fn;(x;,;). 

We take the ratio: 

Ya.(i,i) Pa(i,j) = _ ____:...:;.:...;~--

Ya(i,j) + Yn(i,j) 

as the probability that the observed pair of tracks is 
associated based on the ith feature. Let the probabil-
ity of non-association be Pn(i,j) = 1- Pa(i,j) for the ith 
feature of the jth pair of tracks. If we assume that the 
features are independent then their probabilities may 
be combined by multiplication followed by normalisa-
tion. Thus we get the probability of association based 
on all features as: 

ITPa(i,i) 

PAj = i 

ITPa(i,j) + ITPn(i,j) 

3.2 The Hough 'lransform 
The Hough Transform (HT) (17, 15, 10] is a feature 
detector, often used in image processing to combine 
collinear points in an image. Suppose we want to find 
subsets of points in an image that lie on straight lines. 
Finding all lines determined by every pair of points is 
inefficient. Hough (14] proposed viewing the problem 
in a different way. Consider a point (x;, y;) and the 
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slope-intercept form of a line passing through (x;, y;), 
defined as 

y; = mx; + b 

An infinite number of lines pass through (x;, y;) and 
satisfy this equation. However, by rewriting this equa-
tion as 

b = -x;m+ y; 

and considering the (m, b) space, we get the equation 
of a single line for the point (x;, y;). Furthermore, a 
second point (x;, Yi) also will be mapped to a line in 
the parameter space. This line intersects the line asso-
ciated with ( x;, y;) at (m', b'). m' and b' in this case de-
fine a line in the image space that contains both (x;, y;) 
and (xi , Yi) . All points contained on this line map to 
lines that intersect at (m', b') in the parameter space. 
Figure 3 illustrates this concept (12]. 

··o_Jx; Yy 
·., 

(a) 

Image plane 

·· .. 

Parameter space 

Figure 3: Illustration of the Hough Transform 

The region R = { ffimin ~ m; ~ mmax, bmin ~ b; ~ 
bmax} in the parameter space is subdivided into ac-
cumulator cells, where (mmin, mmax) and (bmin, bmax) 
are the expected ranges of slope and intercept values. 
Initially these accumulator values are set to zero. Then 
for every non-zero point in the image plane we let the 
parameter m equal each of the allowed subdivision val-
ues on the m axis and solve for the corresponding b. 
The resulting b's are then rounded off to the nearest 
allowed value in the b axis. If a choice of mp results in 
solution bq, we increment the accumulator cell A(p, q) 
by one. At the end of this procedure, a value of M in 
A( i, j) corresponds to M points in the xy plane lying 
on the line 

y = m;x + b;. 
The accuracy of the collinearity of these points is es-
tablished by the number of subdivisions in the (m, b) 
plane. 

A problem with using the slope-intercept form is that 
both the slope and intercept approach infinity as the 
line approaches a vertical position . A solution to this 
problem was introduced by Duda and Hart (10] by us-
ing the normal parameterisation: 

p = xcosO + ysinO 

However, in our case as we use an image of range-
time we will not suffer from the unboundedness of the 
parameters since vertical lines correspond to a target 
moving with infinite speed, as will be shown later. 
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The Hough transform has been used for target de-
tection and tracking with microwave radars [11, 8]. 
Here, it is used to associate tracks that are represented 
by a multi-dimensional data map that includes range, 
azimuth, doppler, and time. This data map can be 
thought of as an image which contains a target tra-
jectory. In this paper, we focus on a two dimensional 
data space since the concepts are more clearly described 
with limited dimensions. Higher dimensionality has the 
potential to provide improved performance, but it re-
quires excessive processing and data storage. By pro-
jection of the data map onto the range-time plane, a 
track appears as a curve as shown in Figure 4. 

2050 .-----"T- --.----.----..---.------,----, 

2000 

1950 

1850 

1800 

~ 
17~oooL---1~500~--2000~--2~500~--30~00---3500~--4~000~-_J4500 

Tlme(sec.) 

Figure 4: A sample scenario which represents tracks in 
range-time from the three radars. 

The slope of each line is determined by the velocity of 
the target. A stationary target would appear as a hor-
izontal line in this space. All moving targets result in 
tracks with some finite slope. A vertical line would cor-
respond to a target moving with infinite speed. That is 
why we can use the slope-intercept formulation of the 
Hough transform without getting unbounded parame-
ters. 

The first step in the algorithm is to transform each 
track separately and to find the best line through the 
track points. This line corresponds to the intersection 
point in the Hough space with the highest intensity. 
Two features from every track are provided by this pro-
cess: the slope and intercept. 

3.2.1 Hierarchical Clustering 

This method handles all tracks in one scenario simul-
taneously rather than pairwise like other methods dis-
cussed later. It can also be used to fill-in the missing 
data in a track from one radar. The hierarchical clus-
tering method is applied on the Hough space, where 
each segment of the track is represented by a point. 
We will describe the concept and demonstrate its per-
formance using one scenario as an example. A detailed 
description of hierarchical clustering can be found in 
[19, 5]. 
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Hierarchical clustering analysis encompasses many 
techniques for discovering structure within complex 
bodies of data [5, 19]. The single linkage method is the 
simplest of all techniques. It requires a distance ma-
trix that contains measures of similarity between every 
pair of objects to be clustered. In our case the sim-
ilarity measure is the Euclidean distance between the 
points in the Hough space. The algorithm of the single 
linkage method can be described as follows: 

1. Begin with n clusters each consisting of exactly 
one object representing a track or a segment of 
track. Let the clusters be numbered from 1 to n. 

2. Search the similarity matrix for the closest pair of 
clusters. Let the closest clusters be labeled p and 
q and let their associated similarity be Spq. 

3. Reduce the number of clusters by 1 by merging 
clusters p and q. Label the cluster resulting from 
the merging t, and update the similarity matrix 
entries in order to reflect the revised similarities 
between cluster t and all other existing clusters. 
The similarity between the new cluster t and some 
other cluster r is determined by 

Str = min(spr, Sqr ), 

where the quantity Str is the distance between the 
two closest members of clusters t and r . 

4. Perform steps 2 and 3 a total of n - 1 times, at 
which stage all objects are in one cluster. 

Further details of the single linkage and other clustering 
techniques can be found in [5, 19]. 

As an example we present the performance of this 
method on the scenario shown in Figure 3. Using the 
single linkage method on the Hough representation of 
this scenario, we get the dendrogram shown in Figure 5. 

nr 112 uz :na irll 312 311 at4 111 111 211 ut nz na 112 us 211 us 113 11,. 1111 

Figure 5: Dendrogram using the single linkage method. 

In Figure 5 the objects are represented along the bot-
tom of the figure by one digit for radar number and two 
digits for target number. Thus object 112 represents 
a track from radar 1 that belongs to target 12. The 
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numbers beneath the horizontal lines are the distances 
between the clusters linked. If the threshold is set at 
value 15, then seven clusters are formed as shown in 
Figures 6 and 7. These Figures show that cluster 1 as-
sociates tracks from target T12 only. However cluster 2 
associates tracks that belong to target T12 and target 
Tl5. If we find the centroid of the clusters and plot 
lines that represent these centroids in the image plane 
we get the fused tracks shown in Figure 7. There are 
of course other approaches to fusion depending on the 
reliability of the cluster elements. 

2~0~,~~.~.~3~----~-----,------r-----~==~ 
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1850'-------'------'------'-- ---'-- - --'-------' 
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Figure 6: Clustering using the single linkage method 
on the Hough representation of the scenario 
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Figure 7: Tracks after fusion 

3.2.2 Neural Network Classifiers 

We considered only time overlapping pairs of tracks. 
We divided the 68,066 overlapping pairs of tracks into 
10,000 pairs for training and the remaining 58,066 pairs 
for testing. We used a network with 2 inputs, 10 hidden 
units and 1 output unit. The inputs to the networks are 
the difference of slopes and intercepts. Output value 1 
indicates an associated pair of tracks, while Output 
value 0 indicates a non-associated pair. The network 
was trained using the backpropagation algorithm. 
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Hough Transform Multilayer Perceptron 

Figure 8: An MLP system using the differences of 
slopes and intercepts as inputs to the NN. 

The performance of this network is shown in Table 1, 
where type 1 error indicates false associations, while 
type 2 error indicates missed associations. 

3.2.3 Classification by a Statistical Method 

To compare the performance of the neural network clas-
sifier we studied a simple classical decision system that 
assumes that the two features (namely, the difference of 
slope and the difference of intercept) are independent 
as discussed in the previous Section. 

We used the same training and testing data that we 
used before. In this case the training is to find the 
threshold value that minimises the rate of misclassifi-
cation on the training data. The results of this method 
on each of the features individually and on the com-
bination of both of them are shown in Table 2. This 
table shows that the second feature (the difference of 
intercept) is better in separating the two classes. How-
ever, combining both features achieved better results 
than when only one feature was considered at a time. 
The threshold used in the classification was chosen so 
as to minimise the total (type 1 and type 2) errors. 

In Table 2 type 1 error indicates false associations, 
while type 2 error indicates missed associations. 

3.2.4 Discussion 

In this Section we have mapped the range-time im-
ages of tracks from the three radars to unified coor-
dinates. Then, we transformed these tracks onto the 
Hough space, where each track is represented by a 
point. Each point determines two features for each 
track: the slope and the intercept. It was shown that 
the difference of the slope and the difference of the in-
tercept effectively separate the two classes as associated 
and non-associated pairs. For the classification we used 
two systems, one uses a multilayer perceptron and the 
backpropagation algorithm, and the other is a statisti-
cal decision system that assumes the independence of 
the two features. The first system achieved an error 
rate of around 6.3% and the second system achieved 
an error rate of around 7.1%. 

We should note that not every target will appear as a 
straight line. If a radially-moving target is changing its 
speed by a constant radial acceleration, it will appear as 
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Table 1· Performance of Neural network classifier on the Hough Transform features. 
error rate on training data error rate on testing data 

10,000 samples 58,066 samples 
type 1 type 2 total type 1 type 2 total 

2-10-1 network 2.68% 3.64% 6.32% 2.38% 3.97% 6.36% 
No. of errors 268 364 632 1383 2308 3691 

Table 2· Performance of the Hough Transform features on the Statistical decision system. 
error rate on training data error rate on testing data 

10,000 samples 58, 066 samples 
feature type·1 type 2 
cliff. of slope 0.00% 11.59% 
No. of errors 0 1,159 
cliff. of intercept 3.58% 4.76% 
No. of errors 358 476 
both combined 2.81% 4.17% 
No. of errors 281 417 

a quadratic curve. Another departure from a straight 
line in the data space occurs if a constant velocity is 
not radial. It takes three parameters to represent a 
quadratic curve in the image space. 

3.3 Track Affinity Measures 
3.3.1 Feature Extraction 

In this section we study a set of features extracted from 
track data. These features are used in the track asso-
ciation system. The relationship between any pair of 
tracks is described as being one of the following cases: 

• The tracks belong to the same target, or 

• The tracks are from different targets. 
We restrict our study to tracks that overlap at least by 
5 points. Some of the features require the consideration 
of the tracks at the same time steps. However, the 
dwell times of the three radars are different. Thus we 
had to resample the track points to match in time for 
the three tracks. To have the tracks represented on a 
unified coordinate system, we map the tracks onto the 
latitude (lat) and longitude (lng) grid. Among a set 
of twenty features we found a set of six that proved 
to be most valuable for separating the track pairs as 
associated and non-associated. More details on these 
features can be found in [18]; we simply list them here: 

1. Correlation coefficient of demeaned track position: 
With the means removed from the latitude and 
longitude of a pair of tracks, this feature measures 
the similarity in shape of the track pair. 

2. Centroid distance of track position vectors: Based 
on the centroid of longitude and latitude of the 
detected track points, this feature measures how 
far apart a pair of tracks are. 

3. Distortion measure of track position: This feature 
measures the similarity of the tracks based on the 
sum of the distances between their points. 
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total type 1 type 2 total 
11.59% 0.00% 12.17% 12.17% 
1,159 0 7065 7065 
8.34% 3.57% 5.22% 8.79% 

834 2071 3032 5103 
6.98% 2.59% 4.51% 7.10% 

698 1505 2620 4125 

4. Velocity centroid distance: The velocities in the 
latitude and longitude directions are obtained by 
differencing the position vectors and dividing by 
the time interval. Then using the same method as 
for the centroid distance of track position vectors, 
we obtain this feature. 

5. Distortion measure of track velocity: This feature 
measures the similarity of velocity vectors in the 
same way as the previous feature. 

6. Correlation coefficient of the rate of change of 
heading: This feature measures the correlation co-
efficient of the estimated rate of change of heading 
of a pair of tracks. 

These features have shown a high degree of ability 
to discriminate between associated and non-associated 
tracks based on the relative and cumulative frequen-
cies of these features on associated and non-associated 
pairs of tracks from the training data. 

3.3.2 Track Association 

After obtaining the features, again, we treat the track 
association as a pattern recognition problem. We in-
vestigated two types of classifiers, statistical and neural 
network systems. The first system is a statistical deci-
sion system and the second is a multilayer perceptron. 
The statistical decision system was also used to com-
pare the features .. 

3.3.3 Statistical Decision System 

We used a statistical system similar to the one de-
scribed in the previous section. We used the same 
training and testing data that we used before. In this 
case the training is to find the threshold value that 
minimises the rate of misclassification. Table 3 shows 
the performance of this system on each feature individ-
ually and the performance of the system based on all 
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Table 3· Performance of the features on the Statistical decision system 
error rate on training data error rate on testing data 

10, 000 samples 58, 066 samples 
feature type 1 type 2 
feature 1 .87% 10.6% 
No. of errors 87 1060 
feature 2 .53% .24% 
No. of errors 53 24 
feature 3 6.07% 4.32% 
No. of errors 609 432 
feature 4 4.68% 4.39% 
No. of errors 468 439 
feature 5 4.73% 4.31% 
No. of errors 473 431 
feature 6 3.91% 4.54% 
No. of errors 391 454 
all 6 features 0.24% .17% 
No. of errors 24 17 

features combined. In this table type 1 error indicates 
false associations while type 2 error indicates missed 
associations. 

This table indicates the superiority of feature 2 ( cen-
troid distance of track position vectors) as it achieved 
an error rate of. 71% on testing data. However, combin-
ing all features improved the performance to an error 
rate of .45%. In the present mode of analysis, each 
time an update to a scenario is made the computation 
must be repeated . There may be scope for refining the 
data handling to effect incremental updates faster, but 
we have not explored that. 

3.3.4 MLP Classifier 

We used the back propagation algorithm, Eqn. ( 17), to 
train several MLPs with 6 inputs, 1 output, and 6, 
8, 10, .or 12 hidden units. Output value 1 indicates 
that the pair of tracks represented by the 6 features 
at the input are to be associated, and output value 0 
indicates that the tracks belong to different targets. We 
allowed a maximum number of 350 epochs in training 
and for each case we trained 100 networks with different 
random initial weights. We concluded that network 6-
10-1 is more consistent and performed better than the 
others. The performance of network 6-10-1 is shown in 
Table 4. 

This table shows the effectiveness of the neural net-
work classifier where it misclassified only 155 pairs out 
of 58,066 pairs on the testing data that have never been 
used in training. It also shows that the neural network 
classifier outperforms the statistical decision system. 

3.3.5 Discussion 

In this Section we studied some track features . Only 
pairs of tracks that overlap by at least 5 points were 
considered. The second feature ( centroid distance of 
track position vectors) outperformed other features 
where it achieved in a statistical decision system an 
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total type 1 type 2 total 
11.47% .83% 10.89% 11.72% 

1147 483 6323 6805 
.77% .42% .29% .71% 
77 244 170 414 

10.41% 6.46% 4.11% 10.57% 
1041 3749 2389 6138 

9.07% 4.52% 4.31% 8.82% 
907 2627 2494 5121 

9.04% 4.59% 4.21% 8.80% 
904 2667 2444 5111 

8.45% 3.79% 4.55% 8.34% 
845 2199 2643 4842 
.41% .26% .19% .45% 

41 153 108 326 

error rate of 0.71% on testing data. However combin-
ing all features improved performance slightly. 

For classification, we compared a neural network 
classifier with a statistical decision system where the 
first achieved an error rate around 0.26% on testing 
data while the latter achieved an error rate of around 
0.45%. This may be due to the assumption that the 
six features are independent. 

3.4 Combining the HT Features with 
the Affinity Measures 

We combined the features from the Hough Transform 
with the successful features and performed the classifi-
cation based on all the 8 features . This system is shown 
in Figure 9 

Tnw:kl did• 

Deci!l.ion 

Hough Tltill:form 

Figure 9: Combined features decision system. 

The performance of this system is shown in Table 5, 
which indicates that the performance of the system 
with 8 features is better than either the one with the 
six features or the one with the two Hough Transform 
features. 

3.5 Majority Voting System 
The 68066 pairs used in this study consists of 8,224 as-
sociated pairs and 59,842 non-associated pairs. Chaos-
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Table 4· Performance of the 6 10-1 neural network -
error rate on training data error rate on test ing data 

10, 000 samples 58, 066 samples 
type 1 type 2 total type 1 type 2 total 

error rate .0% .02% .02% .2% .06% .26% 
No. of errors 0 2 2 116 35 155 

Table 5· Performance of the combined features decision system. 
error rate on training data error rate on test ing data 

10,000 samples 58,066 samples 
type 1 type 2 

error rate .08% .09% 
No. of errors 8 9 

ing 10,000 pairs randomly for training resulted in 1,159 
associated pairs and 8,841 non-associated pairs. There 
is the possibility that differences in the makeups of 
training sets could bias the performance. To study this 
effect i.e. "biased priors" , we divided the data into 4 
sets. The first three, each consisting of 2056 associ-
ated pairs and 2056 non-associated pairs. We trained 
10 NNs on each set and tested them on the training 
data of the other two networks. The best of these 
networks were tested on the fourth data set that con-
sists of 2056 associated pairs and the remaining 53,674 
non-associated pairs. The performance of these net-
works did not differ substantially from the one that 
used 10,000 pairs for training. Combining all these 
three networks on a majority voting system did not 
improve performance significantly on the testing data 
as shown in Table 6. 

However, when tested on the first few initial points of 
the tracks, the voting system outperformed all individ-
ual networks. The performance of the voting system on 
the initial segments of the tracks is shown in Figure 10 
for type 1 error (false associations) and in Figure 11 for 
type 2 error (missed associations). We believe that fur-
ther investigation of the combined classifier is needed 
when a real data set becomes available. 
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Figure 10: Error type 1 (false associations) 
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Figure 11: Error type 2 (missed association) 

4 CONCLUSIONS 
The novel perturbation approach adopted to gener-

ate the simulated data provided excellent agreement 
with the known statistics of OTHR tracks. Although 
certain simplifications were made when defining these 
metrics, the design decisions were based upon the level 
of uncertainty that was deemed acceptable to the task 
and were not restrictions imposed by the simulation 
technique. 

The technique of simulating random perturbations to 
known parameters through the use of generic random 
number generators and a simple filter with coefficients 
tailored to meet target metrics has potential for use 
outside the particular simulation discussed in this pa-
per. Of particular merit is this technique's ability to 
simulate complex systems with minimal computational 
expense or modelling complexity. 

· The results of association indicate that neural 
nets perform well on separating associated and non-
associated tracks based on track features. The voting 
system has improved the performance of error type 2 
but net 1 outperformed the voting system in type 1 
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Table fl: Performance of the combined classifier. 
error rate on training data error rate on test ing data 

4,112 samples 55, 730 samples 
type 1 type 2 

net of set 1 .002% 0% 
No. of errors 1 0 
net of set 2 0% 0% 
No. of errors 0 0 
net of set 3d .007% .007% 
No. of errors 3 3 
voting system .005% .002% 
No. of errors 2 3 

error. There is scope for further improvement by com-
bining outputs of several neural networks, which have 
been shown to represent a posteriori probabilities [2]. 

We have shown that hierarchical clustering of Hough 
transform parameters is a convenient way for effecting 
the decision on association of tracks from OTH radars. 
Initial investigations using the single linkages method 
have shown that it is possible to associate and fuse 
OTHR tracks. So far we have used a global thresh-
old to discriminate between clusters. The tracks are 
then fused using the Hough parameters computed at 
the centroid of the clusters. This has resulted in clus-
tering together tracks from different targets. We plan 
to use local thresholds, based on homogeneity of clus-
ters, to separate tracks from different targets. 
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5 Appendix A: Va:t;iance Ratios 
The excitation of each of the filters discussed below 
is a white (i .e. independent-sample) sequence Wn of 
unit variance 17~. Thus the variance of the output is 
obtained in each case by the sums of the squares of the 
impulse response values. 

The impulse response of the smoothing filter , Eq. (7) 
in text, is: 

hn = k(l- ktu(n) 
where u( n) is the unit step function. Therefore, the 
variance of output Xn is 

172 - k2 172 - k 172 (18) 
x- 1 - (1- k) 2 w- 2- k w· 

The impulse response of the combination of the 
smoothing filter, Eq. (7), followed by the differencer, 
Eq. (8) in text, is: 

Yn = k(l- ktu(n)- k(l - kt- 1u(n- 1) 

It can be shown that 

Since the input to the filter Yn is the white innovation 
sequence Wn , it follows that 

and the relationship between 17 y and 17 x is then 

Now, since the ratio 

average absolute .de;iation = O. 7979 standard dev1at10n 

for a normal density, we find that 

(19) 

(20) 

E(y) = 0.7979v'2kl7x (21) 
l.l28Vkl7x = ke.l7z (22) 

or ke. 1.128Vk (23) 
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