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The feasibility of distinguishing multiple type components of exo-atmospheric tar-
gets is demonstrated by applying the Time Delay Neural Network (TDNN) and the
Adaptive Time-Delay Neural Network (ATNN). Exo-atmospheric targets are especialy
difficult to distinguish using currently available techniques because dl target parts fol-
low the same spatia trajectory. Thus, classification must be based on light sensors that
record signal over time. Results have demonstrated that the trained neura networks are
able to successfully identify warheads from other missile parts on a variety of simulated
scenarios, including differing angles, fragmented pieces and tumbling. The network with
adaptive time delays (the ATNN) performs highly complex mapping on a limited set of
training data and achieves better generalization to overall trends of situations compared
to the TDNN. We also apply the theorem of Funahashi, Hornik et a and Stone-Weier-
strass to state the general function approximation ability of the ATNN. The network is
trained on additive noisy data and shows that it possesses robustness to environment
variations.

Keywords: automatic target recognition, target trajectories discrimination, time delay
neural network, adaptive time-delay neural network, noise resilience

1. INTRODUCTION

Automatic Target Recognition (ATR) is a highly challenging problem due to target
signature variability, environmental changes, and a limited database [22]. It involves
extraction and discrimination of critical information from complex and uncertain data.
We report here the application of the Adaptive Time-Delay Neural Network (ATNN) to
exo-atmospheric target discrimination and reject false target-like trajectories. The sce-
nario of this problem is schematically illustrated in Fig. 1. The components of a vehicle
(athreat) separate and will be and detected by a visual sensor after launch. Among these
components, we are interested in only the warhead component as the other components
are not warheads. The objective is to discriminate between these components regardless
of different aspect angles, tumbling or broken pieces and find the target component.
Exo-atmospheric targets are especialy difficult to distinguish using currently available
techniques because all target parts follow the same trgjectory during the exo-atmospheric
portion of the flight.
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Fig. 1. Scenario of the exo-atmospheric target components discrimination.

The ATR problem involves multidisciplinary issues such as target signature con-
figuration, sensor devices development, software processing technology, and hardware
implementation considerations. Generally, methodologies currently being developed in-
cludes: statistical approaches, model-based pattern recognition, knowledge-based analy-
sis, adaptive and learning models. However, no single method is likely to be applied as a
total solution to ATR field. Morphology theory and gabor wavelet transform have been
employed to forward looking infrared images (FLIR) [3]. The emphasis is given to ob-
scured target detection but system performance varies due to the trade off of false darm
setting. To recognize the shape of aircraft in FLIR images, a deformation operator for
thresholding to model the types of objects proposed [11]. The Bayesian approach has
been utilized to match the target by rigid templates under the condition of infinite poses
for FLIR and delay-Dopplor radar images [16]. However, the above methods need a pri-
ori knowledge of combining a priori knowledge. Furthermore, the success of approach
also depends on whether the a priori statements are accurate and thorough. Neural net
technology offers a number of tools such as learning and adaptation, generalization and
robustness, feature extraction, which could form the basis of a fruitful approach to the
ATR problem [1, 11, 17, 19, 25, 26]. Neura net architectures with dynamic and temporal
capabilities are more promising for signal analysis. The time-delay neura network
(TDNN) proposed by Waibel et al, employs time-delays on connections and has been
successfully applied to phoneme recognition [23, 24]. The result is a dynamic learning
technique for spatiotemporal classification. The Adaptive Time Delay Neural Network
(ATNN), which adapts time delays as well as weights during training, is a more advanced
version of the TDNN. We address this problem by using both the TDNN and ATNN, and
conclude that the ATNN can make further improvements in target components discrimi-
nation.

2. ATNN APPROACH

2.1 Architecture Overview

The Adaptive Time Delay Neural Networks adapts its time delay values as well as
its weights during training, to better accommodate to changing temporal patterns, and to
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provide more flexibility for optimizing tasks [5, 6, 12, 14]. Simulation results from the
ATNN on system modeling, trajectories production, and prediction have been shown to
be promising [6, 12, 14].

For illustration, a three layered ATNN is shown in Fig. 2, where n; denotes the
number of time-delays employed on the connections to node j from node i, index h indi-
cates the interconnections layer. Each node j of layer h (e.g., j € M), receives n; inputs
from each i € I, where 4 is the subset of nodes on layer h — 1 (5.1 € M) that
connects to unit j on layer h. Time frame 7; is a set of time delays (%, ..., T,-mj‘) em-
ployed on the connections to node j from node i. The time frame can have an additional
index h (7j) to signify layer h. Nodei of layer h is connected to node j of the next layer,
with the connection line having an independent and modifiable time-delay % and
weight wjin. Each node sums the net inputs from the activation values of the previous
neurons, through the corresponding time-delays on each connection line. Then the output
of node | is governed by a symmetric sigmoid function f of the net input. The adaptation
of both time delays and weight parameters is derived based on the gradient descent
method to minimize the cost function E during training based on error back-propagation
[15]. The cost function is defined as the instantaneous mean sguare error measure of the

desired output d; and network output &, at time t, as E(tn):%z (d;(t,) -
a,-,L(tn))Z, where L denotes the output layer. The weight and time-delay modifications are

jeny

JE(t) Aty = _,72%,

AW, =-1
jik,h 1
aWjik,h jik,h

where 77; and 77, are the learning rates. Detailed derivations of this learning algorithm are
givenin|[5, 13].
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Fig. 2. Three layered ATNN.
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2.2 ATNN: A Univer sal Spatiotemporal Function Approximator

The capability of multi-layer feed-forward networks has been studied theoretically.
In previous work, Funahashi, Hornik, Stinchcombe and White have concluded that stan-
dard multi-layer feed-forward networks with as few as one hidden layer using arbitrary
squashing functions are universal function approximators [10]. Similar theorems can also
be seen in [4, 7, 18]. The superpositions of a sigmoidal function in achieving universal
approximation is also discussed [2]. In this section, we rephrase this mathematical state-
ment and then extend these results to networks with time-delays.

Letr e svand A" be the set of al affine functions from ® to ®, AX) =w-x+b
where w and x are vectorsin ', and b € ®isascdar. Let ¢(-) be a measurable function

from ® to ® and let X'(¢) denote the class of functions { f (x) = ziq:lciqj(A (x))} from

® to ®, wherexe ®',c e ® A e A, qe N. We adopt Funahashi’s main results as be-
low:

Theorem 1 (adopted and restated from Funahashi [7]) Let {X, ..., X,} be a set of
distinct points of compact set K in Euclidean space ®" and let f: " — ® be an arbitrary
real valued function on K. If ¢ is abounded and monotone increasing differentiable func-
tion, then for any £ > 0, there exists an integer N and real constants ¢, €, and w;; (i €

{1 Nbj e {1 o, ) such that f(x,.x) =Y qa(X" w,x —6)of ZN9)

satisfies Vxe K, |f(X)— f(x) < . That is, with N hidden units, a three layered network
of class >(¢) can approximate any function to a desired accuracy.

Proofs of Theorem 1 are given in Funahashi [7] and Hornik, Stinchcombe and
White [10].

Similar theorems can be applied to the TDNN and ATNN to approximate a spa-
tio-temporal function with the extra degrees of freedom in the time-delay domain, con-
sidering the network is unfolded. Because the Stone-Weierstrass theorem played a central
role in the proof of Theorem 1, we state it here for reference and later use. First we give a
few necessary definitions before we introduce the Stone-Wel erstrass theorem.

Definition 1 A family 2 of real functions defined on a compact set K is an algebraif 42
is closed under addition, multiplication and scalar multiplication.

Definition 2 A set 4 separates points on compact set K if for every x, y, X # y in K,
there exists afunction f in 2 such that f(x) = f(y).

Definition 3 A set _4 vanishes at no point of K if for each x in K there exists f in 2 such
that f(x) = O.

Theorem 2 (Stone-Weierstrass[10]) Let 4 be an algebra of real continuous functions
on a compact set K. If 2 separates points on K and if 2 vanishes at no point of K, then 4
consists of all real continuous functions on K.

Let x[t], %o[t], ..., X,[t] be ninput signal channels measured/observed in time inter-
val [to, T] in adiscrete manner. For fixed 5, >0, j, ke &andt— 7, in theinterval [to, T],
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welet {<x(t— 71), ..oy Xa(t — 700)>, ..oy <Kt = T1), ..., Xn(t — 7,9)>} be aset of distinct
points of compact set K in Euclidean space ®™. We extend Theorem 1 and obtain the
following corollary:

Corollary 1 Letf: ™ — ® be an arbitrary real valued function on K. If ¢ is abounded
and monotone increasing differentiable function, then for any £> 0, there exists integer N,
and real constantsc;, &, andwijx (i € {1, ..., N},j € {1, ..., n}), such that

f(x) = Z:ilci¢(zrj]=lzzzlwi,j,kxj (t-7;x)—6)

satisfies | f (x)— f(x)‘ < ¢,Vxe K9, In other words, with at least one hidden layer of N
hidden units and d time-delays elements in each input-hidden connections pair, a three
layered TDNN network (with delays employed on the first layer) can approximate any
spatiotemporal function to a desired accuracy.

Proof: We apply the Stone-Welerstrass Theorem and use the notations above. Given ¢(-):
®™ — ® and let 1 isthe set of all affine functions from ®™ to ® such that _4(x) =w - x + b,
xe K ie x={<x(t— 71), ooy Xalt = 70)>, oo, <Xt = Tn)y .nr Xalt — 7ng)>}. We de-
note Y"(¢) as the class of functions /(x): {>¢,¢(4(x))}. We need to show X"(¢) consists
of all real functions on K. First we show ¢() is separating on K¢ that ensures >"(¢) is
separating on K°. Let K? ¢ ®"™ be a compact set, so for ¢ from ®™ to ®, X.(¢) isan alge-
braonK®. Pick a, be R, a# b, such that ¢(a) # ¢(b). Pick () such that ;2(x) = a and (y)
=h, x, y e K% then we obtain ¢(4(x)) # #(4(y)). Therefore ¢ is separating on K°.

Secondly, we need to show ¢(4) vanishes at no point on K% Pick b € ® such that
#b) = 0and set 4(x) =0 - x + b. For all xe K%, ¢(4(X)) = ¢(b), the result follows. d

The proof is mathematically equivalent to that of Hornik, Stinchcombe and White's
theorem of universal approximation with multi-layer feed-forward networks. We extend
from n dimensional input space to nd dimensional space. In other words, each distinct
input point x; in n dimensional input space is expanded into a distinct points set <x(t —
7), ..., X(t — 75)>in nd dimensional input space.

3. AUTONOMOUS EXO-ATMOSPHERIC TARGET DISCRIMINATION

A real world application with ATNN is discussed in this section for exo-atmospheric
target discrimination. Asillustrated in Fig. 1, after the components of a launched vehicle
separate, they will be detected by a visual sensor. The sensor records intensity and size
over time for each component. Among these components, we are only interested in the
target component; the other pieces can be classified as non-target components. The ob-
jective is to discriminate between these components while disregarding different aspect
angles, tumbling or broken pieces and find the target component.

This is a very important but difficult task in target component discrimination, as
stated in APL technical report by Resch [20], “The ability of akinetic kill vehicle (KKV)
to discriminate between warhead and booster parts or decoysis critical to theater ballistic
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target defense (TBMD). Exo-atmospheric targets are especialy difficult to distinguish
using currently available techniques because all target parts follow the same trgjectory
during the exo-atmospheric portion of the flight.”

The sensors used in this analysis have dedicated specifications. The maximum radi-
ance and size versus time are obtained from these sensors for all four components (de-
noted in this context as warhead, oxidizer tank, fuel tank, and fins, in which the warhead
is the target we are interested in). Furthermore, these components may tumble with dif-
ferent aspect angles or break into several pieces. Examples are described in the Appendix
(section 6) Table 7. One of the many things that makes ATR so hard is that the same tar-
get can vary wildly in appearance depending aspect angles, atmospheric effects, and
other variables.

3.1 TDNN Technique and Simulation Setups

A three layered TDNN is used to perform the discrimination task. This network
contains an input layer with six inputs, one hidden layer with three hidden units, and two
output nodes to indicate true or false target. Three of the inputs are the ratios of a piece's
highest radiance to the highest radiance of the other pieces. The other three inputs are the
ratios of a piece’s size to that of the other pieces. Data is input to the network sequen-
tially starting at a certain number of seconds before intercept and ending very shortly
before intercept. The target value is one or zero representing either true or false targets
for each particular training set composed of the ratios described above. The number of
time-delays is selected as 4 and 6 on the first and second layer of connections, respec-
tively. Time-delays on each pair of connections between neurons are fixed and are con-
secutively and equally spaced as O, 7, 27, ..., where 7is the data sampling interval. The
layout of the TDNN network is depicted in Fig. 3.

Time Delay Time Delay

0
T
2r
3

radiance ralio ( j

rize  raltio » [ ] »

Input Layer Hidden Layer Output Layer
Fig. 3. TDNN used in the target components discrimination simulation.
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A symmetric sigmoid function is employed on all processing units. This appears to
be advantageous for convergence and recognition performance. The data is scaled and
offset so asto be symmetric about 0 with range [- 0.5 : 0.5]. Thirty-six sets of object data
are employed in the simulation and constitute one training set and five test sets with
various conditions of trgjectories, including different aspect angles for different compo-
nents, broken pieces and different time sampling. The data characteristics are described
in detailed in Table 7 in Appendix (section 6). As we can seein Table 7, the training set
contains 9 sets of time series trajectories, seven (objects #1 to #7) with the same aspect
angles, the rest (#8 and #9) with different rumbling aspect angles, and one object (#7)
with broken components. Test set #1, #2 and #4 include trajectories of components with
various aspect angles intercepted at high or low altitudes, in which set #2 has smaller
warhead aspect angles. Test set #3 contains possible conditions of broken pieces. Nine
sets of trajectories are included in test set #5, al with the same aspect angles, but new
angles are tested (45° and 75°) which are not shown in the training set.

3.2 Simulation Scheduling and Analysis

For every vehicle object, four series of n time-step data (wh, ot, ft, fins) are received
simultaneously and fed into the network. The Neural network is trained to discriminate a
warhead as a true target from the other pieces of components. For example, the training
set includes 36 time-series data for 9 objects. The numbers of time-series data of test sets
#1 to #5 are 20, 20, 16, 16, and 36, respectively. Each time-series data contains n
time-step signals in terms of radiance ratio and size ratio asillustrated in section 3.1. The
overall system performance of one data set is calculated as the correct identification of
four time-series corresponding to whether a component is a true target or non-target for
each object:

total # of correct identificationsfor all components
Anx # of objectsinatest (training) set

overd identification rate=

Two training schedules are used and tested on five different test sets. These sched-
ules are described as below:

Schedule 1: This training schedule begins adapting weights after the first segment of
data enters the network [20]. However, we do not allow data from a previous run to re-
main in the network at the same time that data from a new run enters the network.

Schedule 2: A new training schedule is used in which data fills the network before
weight adaptation begins. Performance improved with this training schedule as shown in
Table 1. Fewer iterations of training were required (only 5500 as compared with 14,300
shown in Table 2).

The learning rate parameters 7, and 77, of weight and time-delay adaptation for the
above two schedules are arranged according to simulated annealing strategy [8] to en-
force convergence as following:
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Table 1. Successful identification rate of different test sets by using TDNN trained on 0.5
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second increment data.

Table 2. Over all performance of TDNN trained on 0.5 second increment data.

data set Schedule2 | Schedule 1
training set 100% 89.61%
test set#l 100% 89.14%
test set#2 59.4% 53.18%
test set#3 59.4% 50.00%
test set#4 93.4% 81.82%
test set#5 97.9% 96.59%

Overall Schedule2 | Schedule 1
iterations 5565 14323
RMSE 0.044 0.105
n7,=09 7n,=1 if training iteration < 40000
n, =07 n,=01 if 40000 < trainingiteration < 80000

n7,=05 7,=001 otherwise

We also used various numbers of hidden units to seeif performance would improve.
The TDNN was trained to perform target discrimination with the new scaling procedure
(Schedule 2). Table 3 summarizes its performance for three hidden units (3h") and five
hidden units (5h"), as compared to our previous results labeled 3h (with three hidden
units). Performance was better for the third, fourth, and fifth data sets.

Table 3. Comparison of discrimination performance with different data sets, various
training methods and different network topologies.

data set 3w 5h’ 3h 3h”
trainingset | 89.61% 89.61% 89.61% 85.61%
#1 89.14% 88.89% 89.14% 88.13%
#2 66.36% 65.00% 53.18% 64.09%
#3 72.72% 70.45% 50.00% 72.73%
#4 82.72% 79.55% 81.82% 83.64%
#5 96.59% 94.89% 96.59% 89.77%

Another experiment was performed to include additional data in the training set,
with different aspect angles for different components. Previous training experiments
were limited to data with the same aspect angle for different components. Performance
improved on the third, fourth, and fifth data sets compared to the benchmark 3h run, but
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only the fifth data set showed an improvement over other runs with the revised scaling
procedure. Performance for this experiment is labeled 3h” in Table 3. As a whole, the
network figured out the target in all cases. When we observe time-step by time-step for
each set of trgjectories (e.g. Figs. 4 and 5) and the overall performance (test set #2
66.36% compared to that of sets#1 and #4), the results show that the smaller the aspect
angle of the warhead, the more difficulty the network had in distinguishing the warhead
asthetarget.

Now, we consider different time-sampling data: every half second and every tenth
second. When using tenth second data, the time delays in first layer were (0.0, 0.1, 0.2,
0.3) seconds, and with half second data they were (0.0, 0.5, 1.0, 1.5). We obtained 100 %
performance on the faster sampling data. Identification occurred much faster than on the
previous data set with half second timing. In all cases, with the new tenth second sample
data, the activation rapidly becomes high for the target and rapidly low for the non-target
runs.

For comparison, Figs. 4 to 11 show some of the simulation results on the same sce-
narios, but with two different sampling intervals. On the left side are the results from the
0.1 second sampling interval (Figs. 4, 6, 8, 10). On the right side are the results of the 0.5
second interval data (Figs. 5, 7, 9, 11).

In these figures, red lines represent the network output for war head components;
green, blue and brown lines denotes the output of networks for oxidizer tank, fuel tank
and fins, respectively. The Y axis indicates the network output values where 1 denotes a
true target and O denotes a negative target. As we can observe from Figs. 4, 6, 8 and 10,
the simulation results show quick and correct identification of the war head, (plotted in
red line) which maintains a high output and while the outputs for the remaining compo-
nents quickly go to zero. Severa of the scenarios with half second interval data have
some confusion in the identity of the target part (red line) and oxidizer tank (green line);
examples can be seen in Figs. 5, 7 and 9. One result (Fig. 11) even shows a wrong re-
sponse war head component where the red line is always at the bottom. But, with the 0.1
second data, this confusion does not occur. These cases are shown by comparing Figs. 6
to 7, Figs. 8t0 9, and Figs. 10 to 11. We conclude that in the application of the time-delay
neural network, time sampling of every tenth second significantly improves performance
in terms of speed of identification and percentage of correct recognition. In the above
simulations, time sampling rates are restricted to 0.1 and 0.5 second due to specia pur-
pose and limitation of sensor devices. We have analyzed the effects of sampling rates on
the training speed and signal generation and identification during production of trajecto-
ries of a chaotic series on the proposed network architecture [6]. Generally speaking,
higher sampling rate and higher resolution will have potential advantages and should
result in better preference. However, the selection of an optimal sampling time interval
depends on various circumstances, such as cost consideration, device precision constraint,
etc.. In this research, one of the objectives is to evaluate whether the proposed system
can achieve better identification performance at a tenth second sampling intervals. An-
other goal isto evaluate the time complexity of the algorithm to meet the requirements of
real-time recognition and early identification. The simulation results of the proposed
system are very promising. It is also interesting to evaluate whether the performance is
further improved when higher sampling rate data are available in the future.
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Fig. 4. Recognizing target with aspect angle 30°, sampling time interval 0.1 sec.
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Fig. 5. Recognizing target with aspect angle 30°, sampling time interval 0.5 sec.
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Fig. 6. Recognizing target with aspect angle 60°, sampling time interval 0.1 sec.
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Fig. 7. Recognizing target with aspect angle 60°, sampling time interval 0.5 sec.
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Fig. 8. Recognizing performance: tumbling aspect angles wh 90°, ot 60°, ft 60°, and fins 30°, sam-
pling timeinterval 0.1 sec.
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Fig. 9. Recognizing performance: tumbling aspect angles wh 90°, ot 60°, ft 60°, and fins 30°,
sampling time interval 0.5 sec.
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Fig. 10. Recognizing performance: tumbling aspect angles wh 30°, ot 60°, ft 90°, and fins 30°,
sampling time interval 0.1 sec.
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Fig. 11. Recognizing performance: tumbling aspect angles wh 30°, ot 60°, ft 90°, and fins 30°,
sampling time interval 0.5 sec.

4. ATNN: A SUPERIOR APPROACH

4.1 Earlier Discrimination on More Realistic Sensor Data

In section 3.2, we have shown that data sasmpled at tenth second intervals gave su-
perior performance compared to data sampled at half second intervals with the TDNN.
We applied the ATNN to similar data, sampled at tenth second intervals. Furthermore, we
needed a longer data scenario to allow more possibilities for time-delays within the net-
work. We applied both the ATNN and TDNN to this long data. The performance of the
ATNN was superior to that of the TDNN. The reason for this was that the ATNN has the
ability to adapt time-delays in addition to weights, whereas the TDNN adapts only
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weights (and leaves time-delays fixed). Fig. 12 shows the topology of the ATNN we em-
ployed in the simulation. Compared to the schematic diagram of TDNN in Fig. 3, the
time-delays have been replaced by adaptable variables 71, , ..., 7. As a result, per-
formance overall was very promising.

Time Delay Time Delay
0!
Gl
T
2 o
5
3 o
Ty
radiance ratio s
—> > = T
O .\ L
C = i =
Gl
O ) :
size  ratio
T3
0!
T
T, e
us
5
3 i =
Ty
Input Layer Hidden Layer Chutput Layer

Fig. 12. ATNN used in the target components discrimination simulation.

The data consisted of three target break-up scenarios, taken from 30°, 60°, and 90°
aspect angles. The new data was for the case where the piece can move around on the
sensor, so the resulting measurements are noisy. The piece can either be located on one
pixel or located over two pixels (half of the piece lies in one pixel and half liesin an ad-
jacent pixel). Thisis more redlistic than assuming that the sensor can lock the piece onto
one pixel at all times [21]. Thus, the data the neural network is trained and tested on
jumps up and down randomly from one time step to the next. This is more realistic than
the smooth data we worked with previously. The noise made the recognition problem
more challenging for the network.

The TDNN was initially used on this bumpy data and the result was not as good as
before (with the smooth data). The TDNN results for the new data are shown in Figs. 14,
16, and 18. TDNN is not capable of resolving two pixel data with slopes changes. As we
can seein Figs. 14 and 16, the output of the war head component plotted in red lines are
very unstable.

The ATNN was then trained on the new data and tested. The network provides more
flexibility as time-delay elements are adapted according to the characteristics of the data.
The ATNN achieved 100% correct recognition for all three aspect angles. When the net-
works were given the entire time to recognize the parts, and the recognition was per-
formed at the end of the data stream, then the ATNN performed with 100% correct recog-
nition, whereas the TDNN had only 33% recognition at end of the data stream.
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It is important to consider a situation where the network is required to identify the
parts before the end of the data stream. Thus we computed a stepwise performance per-
centage, which consists of the percent correct recognition averaged over all possible time
steps in the data. On this basis, the ATNN achieved a 99.46% correct recognition rate.
This means that if the ATNN were requested to make a decision at any time during the
incoming data stream, it would have been correct 99% of the time. Early identification is
made possible with ATNN. The ATNN performance was far superior to that of the TDNN,
and was far more robust to noise in the data. For comparison, the ATNN results (Figs. 13,
15, and 17) are shown to the left of TDNN's results (Figs. 14, 16, and 18) on the same
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observation aspect angles. A summary is shown in Table 4.
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Fig. 13. ATNN performance on bumpy data with aspect angle 90°, sampling time interval 0.1 sec.
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Fig. 14. TDNN performance on bumpy data with aspect angle 90°, sampling timeinterval 0.1 sec.
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Fig. 15. ATNN performance on bumpy data with aspect angle 60°, sampling time interval 0.1 sec.
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Fig. 16. TDNN performance on bumpy data with aspect angle 60°, sampling time interval 0.1 sec.
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Fig. 17. ATNN performance on bumpy data with aspect angle 30°, sampling time interval 0.1 sec.
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Fig. 18. TDNN performance on bumpy data with aspect angle 30°, sampling timeinterval 0.1 sec.

Table 4. Comparison of end-point recognition and each time-step performance of ATNN
vs. TDNN with morerealistic and bumpy data.

ATNN TDNN
End Point Performance 100% 33.33%
Time Stepwise Performance 99.46% 80%

4.2 Environment Variations and Robustness

One of the events which degrades the performance of automatic target recognition is
environmental change. Sources of changes and noise include blurred images, camera
vibration, heat, atmospheric effects, etc. The effects of noise and how to perform recog-
nition in spite of noise will be very important for eventual deployment of this technol ogy.
Current target recognition systems are unable to modify their behavior based on the dy-
namic environmental changes occurring around them. In order to achieve robustness, the
system must be able to adapt its representation of this dynamic environment while main-
taining acceptable performance [22]. We evaluated our neural network’s performance in
the presence of noise, and improved the neural network robustness by training on noisy
data.

To study the effects of noise on performance, we used different scenarios in which
noise was added during training or recall or both. Simulation results show that the ATNN
is robust to moderate amounts of noise, and that its robustness improves when training is
done with noisy data. This approach is important for eventual implementation in a real
world environment where substantial noise is expected. The data set is based on a simu-
lation of a more realistic scenario than previous data sets, in which the scenario includes
tenth second samples with some noise added during simulation by the target simulator.
These initial results showed that the ATNN recognized the target parts in spite of noise
during the simulation. We are concerned, however, that the real-world environment will
have additional noise; the initial runs did not consider the effects of such additional noise.
We address these effects here.
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Our evaluation of noisy scenarios first required simulated data consisting of a simu-
lated target scenario. We chose to start with noisy simulated data and to add varying
amounts of additional noise. Sources of noise include (1) the smulator or (2) addition of
extra noise to simulated data.

Two different types of training scenario were tested:

1. the ATNN was trained with data directly from the target simulator, and
2. the ATNN was trained with noisy data consisting of simulation data with extra noise
added.

The amount of additive noise was varied in each scenario. The simulated noisy data
istransformed as. s,: sizeratio + k x 0.01 x n,, r,: radiance ratio + k x 0.001 x n,, where
k varies from 1 to 10, and n, denotes a normal distribution random number with zero
mean (u = 0), and variance (o) is equal to 1, s, is an instance of size data with additional
noise added, and r,, is an instance of radiance data with extra noise added.

First, the network was trained on simulated data and tested on data with additional
noise added. Table 5 shows the results. For each value of k (e.g., each level of additive
noise), ten runs were performed. For each value of k, the ten runs are shown in a column
in Table 5. In general, the performance degraded as the amount (k) of noise increased.
The datais plotted in Fig. 19 with the solid line trace.

Fig. 19 shows graceful degradation, as performance is quite high (98-100%) until k
>2.

Next the network was trained with data that included additional noise. This data set
contained the original simulated data in addition to the data with additive noise. The
variance values of the additive noise were 0.02 and 0.002 for size and radiance, respec-
tively.

Table 5. Performance of ATNN trained on pure data and tested with varying amounts of
noise added.

runs

#1 99.77 | 100.00 | 98.64 87.16 75.00 25.00 31.30 25.00 75.00 25.00 2522
#2 99.77 | 99.09 95.27 25.00 25.00 75.00 75.00 25.22 75.00 75.22 74.77
99.77 | 99.77 99.09 91.21 75.00 25.00 75.00 25.00 74.77 25.00 74.32
99.77 | 99.32 97.52 96.39 76.12 75.00 75.00 25.00 7477 75.00 36.93
99.77 | 100.00 | 99.54 89.86 75.00 75.00 75.00 25.45 80.63 75.00 25.00
99.77 | 99.32 96.62 85.36 25.00 75.00 84.00 75.00 25.22 75.00 25.00
99.77 | 99.54 96.62 80.85 83.78 75.00 75.00 75.00 25.22 25.00 75.00
99.77 | 99.77 98.42 97.74 75.00 68.69 25.00 25.00 75.00 25.00 25.00
99.77 | 100.00 | 98.87 92.34 25.00 75.00 25.00 75.00 75.00 26.57 75.00

#10 99.77 | 99.54 | 100.00 | 75.22 75.00 25.00 75.00 25.00 75.00 75.00 76.57
average | 99.77 | 99.63 98.06 82.11 60.99 59.36 61.53 40.06 65.56 50.18 51.28

& 15|85 XS
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Fig. 19. Performance of the ATNN as a function of the amount of noise in the data. For noisy envi-
ronments, performance is superior when training is done on noisy data.

Table 6. Performance of ATNN trained on pure and noisy data and tested on varying
amounts of noise added.

runs

#1 9494 | 9318 | 96.71 | 96.21 | 87.62 | 7247 | 77.02 | 73.48 | 30.30 | 69.44 | 66.66
#2 94.94 | 94.69 | 9217 | 79.79 | 7222 | 54.79 | 30.51 | 31.31 | 50.25 | 70.95 | 26.76
#3 94.94 | 9595 | 95.95 | 96.21 | 64.39 | 72.72 | 29.79 | 73.48 | 72.22 | 77.02 | 59.34
#4 94,94 | 9545 | 9545 | 94.19 | 87.12 | 66.66 | 78.28 | 28.28 | 71.46 | 30.80 | 66.16
#5 94.94 | 96.96 | 96.96 | 91.41 | 80.30 | 83.83 | 77.77 | 75.25 | 73.48 | 39.14 | 61.61
#6 94.94 | 94.19 | 94.69 | 90.65 | 86.86 | 32.82 | 80.80 | 71.46 | 65.90 | 31.56 | 68.93
#7 9494 | 9444 | 9318 | 92.17 | 90.40 | 41.91 | 57.82 | 76.01 | 72.72 | 69.19 | 28.53
#8 9494 | 9444 | 9545 | 9520 | 2853 | 84.09 | 73.98 | 71.21 | 27.27 | 67.42 | 70.20
#9 94.94 | 9545 | 95.20 | 94.69 | 8358 | 63.38 | 71.21 | 26.26 | 30.30 | 65.65 | 35.85
#10 94.94 | 94.44 | 96.46 | 8560 | 83.33 | 71.96 | 30.30 | 66.41 | 31.56 | 53.78 | 76.01
average | 94.94 | 94.92 | 95.22 | 91.61 | 76.43 | 64.46 | 60.70 | 59.31 | 52.55 | 57.50 | 56.01

The trained ATNN was again tested on varying amounts of noisy data as described
above. The results of ten runs are shown in Table 6. The average performance is provided
in the last row. Compared with the average performance in Table 5 (the last row), net-
work trained with additive noise improved the identification capability. The comparison
isshown in Fig. 19.

For low noise (k < 2), there was dlightly lower performance when the network was
trained on noisy data. For higher noise (2 < k < 8), better performance was attained when
the network was trained with additive noise. For even larger amounts of noise (k > 8),
there was less jitter in performance when the network was trained with additive noise —
more stable performance. We can conclude that the ATNN is more robust in noise situa-
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tions when it is trained with additive noise. Similar studies and conclusions can be found
in [9]. Generalization is one of the characteristics of neural networks. Noise removal ca-
pability of ATNN has been reported in our previous paper [12]. An important property of
neural netsis noise tolerance. In ATNN, features can be captured in multiple time delays
to resolve the embedding dynamics. The proposed network is not affected too seriously
by additional noise.

5. CONCLUSIONS

In this paper, we have applied the Adaptive Time-Delay Neural Network to dis-
criminate between similar time varying signals on the same exo-atmospheric tragjectory
and recognize the target. One of the many things that makes ATR so difficult is that the
same target can vary wildly in appearance depending on aspect angles, atmospheric ef-
fects, and other variables. Promising results have been demonstrated and show the ATNN
can detect the target object among broken pieces observed at various aspect angles, in
spite of noise, tumbling, or fragmented pieces. The ATNN provides better dynamics and
flexibility for the network itself to approach an efficient performance level and to opti-
mize its configuration. Thus, ATNN can identify relationships in multi-channel data. Ex-
tended corollary is proposed such that the ATNN inherits the properties and capabilities
of feed-forward network as a universal function approximator. The ATNN guides us to
choose the appropriate interconnections in general multidimensional analysis.

6. APPENDIX: DATA CHARACTERISTICS

A detailed description of object trgjectory data for the training set and test sets are
listed in Table 7. As we can see, object components may tumble with different aspect
angles or break into several pieces, where wh, ot, ft and fins represent warhead, oxidizer
tank, fuel tank and tail fins, respectively. There are total of 36 different vehicles inter-
cepted by the sensor device at high or low altitude (200km or 80km). Each object con-
tains four component trajectories (wh, ot, ft, fins) and may have different aspect angles
with respect to sensor devices. Furthermore, these components may break into several
pieces and retains the major bulk. For instance, the object #1 in Table 7 is intercepted at
lower altitude and all components are at the same aspect angle of 30° with no broken
pieces. Object #7 is at a higher altitude with the same aspect angle of 90°, but the oil tank
is broken and remains only one-third the size of the origina oil tank. While components
of object #9 turn out to be at different aspect angles: war head 60°, oil tank 90°, fudl tank
60°, and fins 30° with no broken pieces, €tc..

For a specific vehicle object, four time series data of n time-steps (wh, ot, ft, fins)
are received simultaneously and fed to the network. The neural networks (TDNN and
ATNN) are trained to discriminate a warhead as the true target from the other pieces of
components. For example, the training set includes 36 time-series data for these 9 objects
(4 x 9). Two sampling rates are available: 0.5 second and 0.1 second.
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Table 7. Detail description of thetrajectoriesdatain thetraining set and test sets. Object
components may tumble with different aspect angles or break into several
pieces, where wh, ot and ft represent warhead, oxidizer tank, and fuel tank, re-

spectively.
Data Set Object Aspect Angle : Broken Pieces Intercept Altitude

wh ot ft fins N/A Low

#1 30° | 30° | 30° | 30° N/A low

#2 60° | 60° | 60° | 60° N/A low

#3 90° | 90° | 90° | 90° N/A high

30° | 30° | 30° | 30° N/A high

training set #5 60° | 60° | 60° | 60° N/A high
90° | 90° | 90° | 90° N/A high

#7 90° | 90° | 90° | 90° front 1/3 ot high

#3 30° | 60° | 30° | 30° N/A high

#9 60° | 90° | 60° | 30° N/A high

#10 90° | 60° | 60° | 90° N/A high

#11 90° | 60° | 60° | 30° N/A high

test set #1 #12 60° | 90° | 60° | 60° N/A high
#13 60° | 90° | 30° | 60° N/A high

#14 60° | 90° | 90° | 60° N/A high

#15 60° | 30° | 60° | 60° N/A high

#16 60° | 30° | 60° | 90° N/A high

test set #2 #17 30° | 60° | 30° | 30° N/A high
#18 30° | 60° | 90° | 30° N/A high

#19 30° | 60° | 90° | e0° N/A high

#20 90° | 90° | 90° | 90° front /3 ot high

ot ot #3 #21 90° | 90° | 90° | 90° back 1/3 ot high
#22 90° | 90° | 90° | 90° front /2 ft high

#23 90° | 90° | 90° | 90° front /3 fins high

#24 60° | 30° | 90° | 90° N/A high

test et #4 #25 60° | 30° | 90° | 90° N/A low
#26 60° | 30° | 90° | 90° N/A high

#27 60° | 30° | 90° | 90° N/A high

#28 30° | 30° | 30° | 30° N/A low

#29 60° | 60° | 60° | 60° N/A low

#30 90° | 90° | 90° | 90° N/A low

#31 30° | 30° | 30° | 30° N/A high

test set #5 #32 45° | 45° | 45° | 45° N/A high
#33 60° | 60° | 60° | 60° N/A high

#34 75° | 75° | 75° | T75° N/A high

#35 90° | 90° | 90° | 90° N/A high

#36 90° | 60° | 90° | 90° N/A high
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