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Abstract. A neural network recognition and tracking system is
proposed for classification of radar pulses in autonomous Electronic
Support Measure systems. Radar type information is combined
with position-specific information from active emitters in a scene.
Such a What-and-Where fusion strategy is motivated by a similar
subdivision of labor in the brain.

OVERVIEW

A critical function of radar Electronic Support Measures (ESM) [1, 2, 3] is
the real-time identification of the radar type associated with each pulse train
that is intercepted. In this paper, a new approach to this task is examined.
Type-specific parameters of the input pulse stream are used to classify pulses
according to radar type, while environment-specific parameters are used to
separate pulses corresponding to active emitters.

An ESM system incorporating a neural network recognition system is
depicted in Figure 1. First a time of arrival (TOA) deinterleaver uncovers
periodicities in the TOA of input pulse description words (PDWs). Whenever
grouping of pulses is straightforward, it forms tracks and assigns a track
number and a pulse repetition interval (PRI) to each grouped pulse.

The neural network recognition system receives all the PDWs, some of
which have track numbers and PRI parameters. The neural network outputs
a prediction of the radar type for every PDW, and assigns a track number to
the PDWs that did not get one from the TOA deinterleaver.
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Figure 1: High level block diagram of a radar ESM system that uses a neural
network recognition system. Brackets indicate that the corresponding field may be
empty for some pulses.

The signal separator module distills the stream of PDWs and track as-
signments into periodically-updated emitter reports.

What-and-Where Architecture. The PDW stream may be partitioned
into two data streams called What and Where. This division is motivated
by a similar subdivision of parallel processing in the primate cerebral cortex
into a What stream for recognizing objects and a Where stream for localizing
their position in space. See [4] for a theoretical discussion of these processing
streams. Here the What data stream consists of parameters that characterize
the functional aspects of radar systems. Such parameters include radio fre-
quency (RF), pulse width (PW) and PRI. The Where data stream consists
of context-specific parameters. This stream is defined by parameters, such
as bearing (Brg) and pulse amplitude (PA), that indicate the status (e.g.,
position) of emitters in the environment.
The internal architecture of the neural network recognition system is shown
in Figure 2. For each pulse, the neural network classification subsystem ac-
cepts What parameters, including PRI when available, and yields a prediction
of the radar type. This prediction takes the form of a response pattern de-
noted by yab. Meanwhile, the clustering subsystem attempts to group pulses
into tracks based on Where parameters. If a track number is supplied by the
TOA deinterleaver, then the output of this subsystem is bypassed.

Fusion of responses from the classification subsystem and the clustering
subsystem is accomplished via evidence accumulation, which emulates the
brain process of working memory; see, e.g., [5, 6]. Response patterns yab

obtained from classification are hereby accumulated over time according to
tracks, that is, groupings determined from Where data. Assignment of a
track h = H to a PDW activates an evidence accumulation field F e

H that
accumulates the classification module’s response pattern yab. Such accumu-
lation produces a radar type response pattern denoted by ye.

Radar Pulse Data. The data set used for the computer simulation contains
approximately 100,000 consecutive radar pulses gathered over 16 seconds by
the Defense Research Establishment Ottawa during a field trial. After the
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Figure 2: Internal architecture of the neural network recognition system.

trial, an ESM analyst manually separated trains of pulses coming from differ-
ent emitters. Since ESM trials are complex and never totally controlled, not
all pulses could be tagged and a sizable residue was obtained. For simplicity,
residue pulses were discarded for this study. Testing of the recognition sys-
tem on other data where the residue was kept has shown that performance
degrades gracefully.
A PDW is denoted (a;b). Patterns in the What and Where data streams
are defined by a = (PRI, PW, RF) and b = (Brg, PA), respectively. Once
tagged and deinterleaved, the data used to train and test the neural network
recognition system contain 52,192 radar pulses, each one belonging to one of
15 different radar types.

FUZZY ARTMAP CLASSIFICATION

A fuzzy ARTMAP neural network [7], enhanced as described below, is em-
ployed to classify incoming radar pulses according to radar type from para-
meters in the What data stream, using the simplified architecture shown in
Figure 3.

Fuzzy ARTMAP consists of two fully connected layers of nodes: an M
node input layer, F1, and an N node competitive layer, F2. A set of real-
valued weights W = {wij ∈ [0, 1] : i = 1, 2, ..., M ; j = 1, 2, ..., N} is as-
sociated with the F1-to-F2 layer connections. Each F2 node j represents a
recognition category that learns a prototype vector wj = (w1j , w2j , ..., wMj).
The F2 layer is connected, through learned associative links, to an L node
map field F ab, where L is the number of classes in the output space. A set of
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Figure 3: Fuzzy ARTMAP neural network architecture specialized for pattern clas-
sification.

binary weights Wab = {wab
jk ∈ {0, 1} : j = 1, 2, ..., N ; k = 1, 2, ..., L} is asso-

ciated with the F2-to-F ab connections. The vector wab
j = (wab

j1 , wab
j2 , ..., wab

jL)
links F2 node j to one of the L output classes.

During training, fuzzy ARTMAP performs supervised learning of the
mapping between normalized training set vectors a = (a1, a2, ..., am), 0 ≤
ai ≤ 1, and output labels t = (t1, t2, ..., tL), where tK = 1 if K is the target
class label for a, and zero elsewhere. The M = 2m-component “complement-
coded”[7] vector A in Figure 3 is related to a by A = (a,1 − a), where 1 is
the m-component vector with all components equal to 1.

A convergence problem occurs with fuzzy ARTMAP whenever the train-
ing subset contains radar pulses in the same resolution cell that belong to
different radar types. To avoid this problem, we incorporate a feature of the
ARTMAP-IC extension [8] of fuzzy ARTMAP, denoted MT-.

Incomplete Data. A neural network classifier applied to radar ESM may
be subjected to data, either during training or testing, that is incomplete in
one or more of the following ways [9]:
Limited number of training cases. Collecting and analyzing ESM data from
the field of operation to train a neural network can be a costly undertaking.
Overall, fuzzy ARTMAP achieves a high level of accuracy when training with
very few pulses from each radar type [9].
Missing components of the input patterns. Absence of components in radar
ESM processing arises due to sensor limitations and/or delay in deriving
parameters (e.g., PRI).
Missing class labels during training. The difficulty of analyzing radar ESM
data collected in the field raises the question of whether the classifier may
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benefit from training on data with missing class labels. Training on such
data is referred to as “semi-supervised learning” [10] or “partially supervised
clustering” [11, 12]. In all simulations with the radar data, the classification
rates observed were never greater than those achieved by simply discarding
all unlabeled data [9].
Missing classes during training. When, during operations, the classifier re-
ceives a pattern transmitted by a new radar type, not encountered during
training, it would be desirable to “flag” the pattern as unfamiliar, rather than
make a meaningless guess as to its class label.

Classification with Incomplete Data.
Indicator Vector Strategy for Missing Components. A strategy to address
missing components in the input patterns consists in using indicator vec-
tors [13, 9, 14]. An indicator vector δ = (δ1, δ2, ..., δM ) informs the fuzzy
ARTMAP network about the presence or absence of each component in an
input pattern: δi = 1 if component i is present, and δi = 0 if component i
is missing, with δi+m ≡ δi for i = 1, . . . , m. To verify the effectiveness of
this strategy, fuzzy ARTMAP with MT- and indicator vector strategy (IVS)
was trained using a randomly-selected 0.5% of the available training set from
each radar type class. For each class in the training set, a variable percent-
age, between 0% and 70%, of the components were randomly removed from
the patterns and declared to be “missing.” The classification rate and com-
pression are shown in Figure 4 for IVS, as well as for the replacement by
“1” and the replacement by “0” strategies [9]. The results obtained when
components are removed from the test set are also shown.

Also noteworthy are the results obtained when there are no missing com-
ponents. With a randomly-selected 0.5% of the available training data from
each class (about 130 pulses total), the classification rate on the test set is
91.4%, compared to 99.6% when all the training data (about 26000 pulses
total) are used. The slow decline in accuracy is in part due to the uneven
distribution of pulses among radar type classes in the data set.
Familiarity Discrimination. An extension to fuzzy ARTMAP that allows for
detection of patterns from unfamiliar classes is called ARTMAP-FD. The
ARTMAP-FD algorithm has been shown to effectively perform familiarity
discrimination on simulated radar range profiles [15], and radar pulse data
[16]. In addition to the classification rate on patterns from familiar classes,
the performance of the classifier can be measured in terms of a hit rate (H)
— fraction of familiar-class test patterns correctly predicted to belong to one
of the familiar classes — and a false alarm rate (F ) — fraction of unfamiliar-
class test patterns incorrectly predicted as familiar by the classifier.
Learning of Unfamiliar Classes. With Learning of Unfamiliar Classes (LUC),
a classifier continues during the testing phase to adjust its weights via semi-
supervised learning. When a test pattern is flagged as unfamiliar, the clas-
sifier defines a new class. Subsequent test patterns may be declared by the
classifier to be “familiar” and classified as belonging either to classes encoun-
tered during training (i.e., training-set classes) or to the “newly-minted”
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Figure 4: Average performance of fuzzy ARTMAP with MT-, over 20 simulation
trials, using strategies to manage input patterns with missing input components.
(Error bars are standard error of the sample mean.)

classes; or they may be declared to be “unfamiliar,” in which case another
new class is defined. The hit rate for an LUC classifier (H∗) can be defined
as the fraction of test patterns from training-set classes that are correctly
declared to belong to one of the training-set classes. The false alarm rate for
an LUC classifier (F ∗) is the fraction of unfamiliar-class (i.e., not encoun-
tered during the training phase) test patterns not either flagged as unfamiliar
nor assigned to a “new” class defined during testing. An additional figure of
merit for an LUC classifier is a “purity measure,” such as the Rand cluster-
ing score [17], which rewards the classifier for learning the right number of
unfamiliar classes, and correctly assigning them to unfamiliar patterns.
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Table 1: Average results, over the same 20 simulation trials, using ARTMAP-FD
with and without LUC. (Numbers in parentheses are the standard error of the
sample mean.)

Evaluation criteria w/o LUC w/ LUC
Hit rate 99.60% (0.07%) 99.63% (0.05%)
False alarm rate 14.33% (8.89%) 7.46% (4.25%)
Classification rate 99.51% (0.05%) 99.49% (0.05%)
Memory 806.2 (40.1) 931.1 (41.4)
Rand clustering score N/A 0.7640 (0.0597)

Simulations with Unfamiliar Classes. In computer simulations, 13 out
of the 15 radar types were declared to be familiar (thus training classes).
Familiar class selection was performed at random, with the restriction that
an insufficient number of unfamiliar-class data patterns (less than a thousand)
was not allowed. A randomly-selected 50% of the data from each of the 13
training classes were presented to the network during the training phase.
Patterns remaining from the 13 training classes, plus all the patterns from
the 2 unfamiliar radar type classes formed the test set.
Average results obtained for fuzzy ARTMAP with FD (pure ARTMAP-FD)

and for fuzzy ARTMAP with FD and LUC are shown in Table 1. Overall re-
sults indicate that fuzzy ARTMAP with FD has a high hit rate (99.60%), but
only marginal performance with regards to avoiding false alarms (14.33%).
LUC reduces this false alarm rate by about half, to 7.46%, without loss of
accuracy. On average, fuzzy ARTMAP with FD and LUC requires an ad-
ditional 124.9 registers to store the prototype vectors, and thus about 21
new F2 (plus F ab) nodes to represent the different emitter modes from the
2 unfamiliar classes. Despite the creation of these additional nodes, the net-
work’s predictive accuracy on data from familiar classes is not significantly
degraded. The moderate Rand score, 0.7640, indicates the ability of LUC
to recover some of the true cluster structure in data from the 2 unfamiliar
classes.

PATTERN CLUSTERING

An incoming pattern b from the Where data stream (see Figure 2) is ini-
tially considered for association with existing tracks. This association in-
volves computing a match sh(b) between input b and the next predicted
position of every track (h = 1, 2, ..., R) in the Where environment. Assume
that track positions are drawn independently and identically from a mix-
ture of Gaussian distributions, in which one distribution is associated with
each track. Then, the match can be taken to be a probability, and writ-
ten sh(b) =

[
1/(2π)

M
2 |Λh| 12

]
exp

[−(1/2)(b− x̂h)TΛ−1
h (b− x̂h)

]
, where M

is the number of dimensions in the Where space, and x̂h and Λh are, respec-
tively, the predicted position and covariance matrix for track h. Assuming
that all tracks have equal prior probabilities, the track h = H that maximizes
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sh(b) is associated with b: H = argmaxh{sh(b) : h = 1, 2, ..., R}.
Kalman filtering [18, 19] is employed to predict the next position x̂h, and

covariance matrix Λh of each track h. The usual clustering is bypassed when
b corresponds to a PDW that has been assigned a previously-established
track through TOA deinterleaving. In this case, b retains its track, and
does not perform data association, nor track maintenance. Kalman filtering
and prediction are however still performed in order to sustain a consistent
description of all active emitters in the environment.

After assignment of H to either an existing or newly-initiated track, any
track h that has not been assigned to an input pattern for a time greater
than an ageout parameter τ > 0 is deleted. That is, a track is deleted if
TOA(b) − TOAh > τ , where TOAh is the time at which track h was last
assigned to an input.

SIMULATION OF THE WHAT-AND-WHERE SYSTEM

The performance of the What-and-Where system as a function of the amount
of data used for training is summarized in Figure 6. The amount of data
is a randomly-selected percentage of patterns from each emitter mode in
the training subset. This percentage was varied between 10% and 100% of
the training data (between 0.05% and 0.5% of the entire data set). During
testing, a randomly-selected 10% of the What components from each emitter
mode were declared missing. Results obtained with the fuzzy ARTMAP with
MT- and IVS, and with kNN classifiers, are included for comparison. When
components are missing, test-set patterns are classified with kNN on the basis
of parameters that are present.

Figure 6(a) indicates that the What-and-Where system, and thus the fu-
sion of What and Where information, significantly improves the classification
rate of fuzzy ARTMAP with MT-/IVS on familiar-class patterns by about
2%. The system achieves a classification rate of about 98% with a training
set consisting of as little as 0.15% of the whole data set, or about 80 pulses.
This level of performance is attained along with a capability for detecting
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Figure 6: (a) Average performance, over 20 simulation trials, of the What-and-
Where system. (Error bars are standard error of the sample mean.) (b) Memory
requirements during training.

and learning patterns from unfamiliar classes. When trained on just 0.5% of
the data per familiar class, the recognition system yields an average hit rate
of H∗ = 96.9% and a false alarm rate of F ∗ = 12.9% on the test subset, and
creates on average 5 new nodes on F2, F ab, and all F e

h layers. The Rand clus-
tering quality score of the unfamiliar-class patterns assigned to these nodes
is on average 0.73, a slight improvement to the score of 0.70 obtained with
fuzzy ARTMAP with MT-/FD/LUC.

A detailed description of the What-and-Where system and the radar data
set may be found in [20].
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