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Abstract Artificial neural net models have been studied for years in the hope of achiev-
ing human like performance in the field of information processing. In the paper the learning
rule of Kohonen self-organizition feature map is modified in order to decrease the fuzziness on
the edges of topological neighbours. Then with its associative memory function,we can realize
the memory of the features of the input stochastic process, conseqently the detection can be
performed. We also describe the mathematical mechanisms of multi-dimentional detcction, as
its result high-accuracy performance can be derived.
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1 The Optimized Learning Rule based on Kohonen
Self-Organizing Feature Map

It's no doubt all kinds of artificial neural net come from the research results of the
neural physiology. An impormant organizing principle of sensory path-ways in the brain
is that the placement of neurons is orderly and often reflects some physical characteris-
tics of the external stimulus being sensed. Further more, although much of the low-level
organization is genetically pre-determined, it is likely that some of the organization at
higher levels are created through sensory experience. Kohonen presents his algorithm to
produce what he calls self-organizing feature map similar to those occurs in the brain.

Fig 1-1. shows a two-dimentional Kohonen self-organizing system with N input
nodes to M output nodes Here's his rules;

1) Similarity Matching .
f X@& — W@ =Mnl || X&) —W@ ||}
2) Updating
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W+ 1D =W +a@ - [X@) —W,(@®)] fori € NE(¢) -

W, (¢t + 1) = W.(t) other
NE() is the set of nodes considered to be in the neighborhood of node c at timet. The
neighborhood starts large and slowly decreases in size over time. The term a(¢) is a gain
term that decreases in time.

According to the rules, training samples

are presented one by one at the input and the
learning process is repeated until the gain term
is reduced to zero. The weights between the

input and output nodes converge. The fixed

weights will coincide with the centers of gravi-
ty of the input space with respect to weighting INPUT

function of probability distribution of the in- Fig 1-1

put vectors.

The initial stage of the training procedure is important for specifying cluster. Now
let's consider the mathematical process of this stage. It's can be tested that the adapta-
tion equation

d[W.()]/d@) = a@) « [X&) — W.()]

has the solution;
W, (t) = EXP(— a(t) + &) « [W,(0) + a(2) - J'EXPEG(T) e 7]+ z(r)d(r)]

when the condition |¢ ¢ da(#) /d () | < |a(2) | and da(¢)/de=0 are met, if a(t)=1—
t/N. (N represent the whole training times). Then the above conditions are satisfied.

Ignoring the small random values of weights, we get:

W.t) = 1 —¢t/N)
« DEXP[(r — A — (z + /N)] + X ()

=]

~ DJEXP(z — ) + X(D) t KN, i€ NE®

r=1

W.(1) = X(1)

W.(2) = EXP(— 1) - X(1) + EXP(0) « X(2)

W.(3) ~ EXP(—2) - X(1) + EXP(— 1) - X(2) + X(3)
= EXP(—~ 1) - W,(2) + X(3)

W. () =~ EXP(—~ 1 - W, ¢t — 1) + X(@)

We see on the initial stage, the weights tend to the gravity center of the input space
by an exponencially weighted moving average of X (). However,the weights to all nodes
in the larger neighbourhood will get the same evolution according to the above formula
by each iteration. Thus the fuzziness on the edges of topological neighbours which re-
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sponse to different kinds of input pattern may produced. We modify the updating rule;

W.(t+ 1) = W) + a@ - EXP[— Vi —¢[/2]
[ X)) —W(D)] fori € NE(t)
W+ 1) =W, @ other

li—c| represents the distance between the output node i and its topological center c.

Here the weights is then proportionately modified according to how far away from
the topological center, so that the fuzziness on the edges of different neighbours is de-
creased. Improved clustering ability thus can be got.

Adaptation stops after training. Output nodes will be ordered in a natural manner.
The weights are organized such that topologically close nodes are sensitive to inputs that
are physically similar. Detection would be fulfilled under the supervision of the response

region on the feature map when the detection sample is presented at the input.

2 The Estimation of the NN

Detection Performance o)

As for detection problem, we have only two response
regions on the feture map corresponding to the two cases of

having target or not. According to the similarity matching m
|

rule, the cluster is specified by the Euclidean distance. That | !

is to say the threshold seems likely to be the mid-point of
two centers of the probability distribution of input samples. Fig 2-1

Seeing Fig. 2-1. To simplify our analyses, we suppose:

Firstly, the elements of input vector is independent of each other i. e. ignoring their

correlations in time.

Secondly, the shapes of the probility distribution of the two cases are approximately

the same.
Thirdly, the trained neural net is equilibrium for both case.

Thereby NN has two centers (i. e. evl, ev2) which are symmetric about the thresh-
old C. It's easy to get;:

P,+P,=1
(Py+ P = Ci + PYf + weCl=" - P« Pl

+ 2. pMz L pMi2 4 CMit1 . pMi-1, pM/zt

+ ---Cﬁ . Pﬁ‘
We apply 1/2 criterion to make the decision .

P=Cy s Py + «-CY*t « P11
. PNV 4 p . Ol . pMz ., pur
P44=C5'P:{l+ +Cﬁlm+1 'P}m—l
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B P;‘;I/?H -+ Pd . C%/Z . 1)1}4,’2 N P,[,WZ
Here, P,, P,represent respectively the false alarm rate and the detecting rate of one-di-
mentional testing.

Py. Pa represent respectively the false alarm rate and the detecting rate of m-dimen-
tional testing.

As for term Cj? « P¥? « PY¥?, considering the false alarm rate, we weight it by Py.

For example, if M==12, P,=0.1, then we get P;,=107*, so high accuracy perfor-
mance is expected through such multi-dimentional joint decision by NN.

To support our anaiyses. we design a group of simulation experiments . of which the
same numbers of training sampies are independently produced and are symmetrically
distributed about a threshold according to some probability density function, refering to
Fig. 2-1. Table 2-1 gives the simulation results. Fig. 2-2 illustrates the probability distri-
butions of the weights of two response regions on the trained feature map respectivly.
Our analyses seem to be reasonable. Because of the symmetric distribution of the train-
ing samples and their equal opportunities to be learned, the false decision rate for each
case is approximatly the same, thus is approximate to their average values shown in the
table. The performance is therefore relatively stable. This way suggests what we called
equal-risk criterion. The reason for the better results than the estimations is because of
the fuzzy decision mainly corresponding to Cif/? « P¥/? « P¥/? as P;<& 1. Better perfor-
mance are expected as the fuzziness on the edges of topological neighbours is decreased.
Therefore further optimization of the algorithm still has practical significances. Here the
essential conclusion is that high-accuracy performance can be achieved by NN detection,

also the detection is nonparametric because of the self-organizing learning process.

3 Application of NN Detection in Rader MTD System

As one application, we construct NN detection unit in Radar MTD system in the
place of the general cell averaging CFAR. Fig. 3-1 shows such a digital moving target
spectrum processing unit. Before the detection can be applied, the knowledge of the en-
vironment must be learned. Here K41 points DFT correspond to K+1 filters, the num-
ber of the pulse accumulation is M, and N neighbouring range cells are considered to be-
long to the same environment. Seeing Fig. 3-2, if we slip one sample point each time,
M — K outputs will be got through each filter for every range cell. We made them a sam-
ple vector of M — K dimention. We collect our sample set on N neighbouring range
cells .then we get the sample set X, {i=1,+,N,j=1,+,M}. Except for zero channel,
the outputs of which we keep the clutter map detection, the other K filters will give K
groups of such a sample set that offer the samples of K frenqency-ranges. We construct
the reference samples by adding constant vectors to the sample vectors so as to cause the
weights connecting to the nodes outside the clutter region tend to distribute meaningly.
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We present the sample sets and its references ones to train K Kohonen feature maps at
the same time. We just need to keep the distances of the two cases of training samples to
keep CFAR.

We illustrate the channel one's (i. e. f;) detection performance under sea clutter en-
viroment in Fig. 3-3. Here M=20, K=8, N=32, the NN has 13 input nodes and 28
output nodes in lines. As a comparison, we also give the result of the generalized sign-
threshoid-detection with the same numbers of pulse accumulation which is also a non-
parametric method. Obviously the performance of NN detection has 5db or so improve-

ment under the 107° false alarm rate, and is more sensitive to SNR.

Table 2-1
Dim. T Pee(ES) » 107* Pee(NN) # 1074
0.7 634 500
0.8 406 317
M=6 0.9 250 188
1.0 148 106
1.1 84 53
o 0.7 430 359
g l llllll
E. 0.8 250 200
5
% M=9 0.9 138 100
& 1.0 72 46
=
g 1.1 36 20
0.6 396 336 =
0.7 204 158
M=12 0.8 97 65
0.9 43 29
1.0 18 10
Fd 0.25 1095 1561
-
i 0. 35 559 798
-
¥ M=12 0.45 260 381
& 0.55 115 123
£ (b)
g 0. 65 43 43
Fig. 2-2
Pee(ES) is the estimation of false decision rate The probability distribution of the weights
Pee(MM) is the average false decision rate on NN of two response areas on the trained
T is the half distance between the centers of feature map. (a) The Gaussina case and it's
two cases. symmetric one (b) the Rayleigh case and it's

symmetric one
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4 Conclusion

The high-accuracy performance is achieved through the multi-dimentional joint de-
cisiion by NN on the bases of equal-risk training condition. In addition,the NN detection

is nonparametric because of the self-organizing learning process.
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