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Abstract

In modern electronic warfare, a number of radar emitters are in operation, causing radar receivers to receive
high-density signal pulses that occur simultaneously. To analyze the radar signals more accurately and identify
enemies, the sorting process of high-density radar signals is very important before analysis. Recently, machine
learning algorithms, specifically K-means clustering, are the subject of research aimed at improving the accuracy of
radar signal sorting. One of the challenges faced by these studies is that the clustering results can vary depending
on how the initial points are selected and how many clusters number are set. This paper introduces a repeated
K-means clustering algorithm that aims to accurately cluster all data by identifying and addressing false clusters in
the radar sorting problem. To verify the performance of the proposed algorithm, experiments are conducted by

applying it to simulated signals that are generated by a signal generator.
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Fig. 1. Radar sorting
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Fig. 2. K-means clustering result with K=5
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Algorithm 1 n-to-1_check
Input: Radar data labeled K-means clustering result
1: Set False_cluster
2: foriin1<i< K do
3: N is the number of data of i, cluster
4: mazx_-DAOA = tinzi)gv(‘AOA(i’ t) — AOA(i,t — 1)|)
5 if maxz_DAOA > ¢,_1 then
6: False_cluster.insert(i)
7 end if

9: return False_cluster
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Algorithm 3 Repeated K-means clustering
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Algorithm 2 1-to-n_check

Input: Radar data labeled K-means clustering result
1: Set False_cluster
2: foriinl1 <i< K do
3 for jinl1 <j< K do

4 if i > j then

5 continue

6 else

7: if MinDist(i,j) < €1—,, then
8: False_cluster.insert(i, j)
9: end if

10: end if

11: end for

12: end for

13: return False_cluster.unique()
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X : Radar data

K : input K value

patience : patience number

iter : iteration number for K-means clustering

1: iter =0

2: flag =10

3: while iter = 0 or False_cluster # () do

4: Xiabeled = K means(X, K, iter)

5: False_cluster_1 = n-to-1_check(Xjapeled)
6: False_cluster 2 = 1-to-n_check(Xapeled)
7: False_cluster = False_cluster_1 U False_cluster 2
8: True_cluster = False_cluster®
o: if len(True_cluster) == 0 then

10: flag = flag+1

11: if flag == patience then

12: break

13: end if

14: else

15: flag =0

16: end if

17: K = K — len(True_cluster)

18: iter = iter + 1

19: end while

20: rule_based(False_cluster)
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Table 2. The result of K-means clustering
=& Mt (%)
K=82 K=87 K=92 K=97 | K=102

4891 46.73 45.65 42.39 39.13

41.30 50.00 40.21 44.56 4891

39.13 46.73 52.17 45.65 44.56

1
2
3 46.73 53.26 50.00 4891 48.91
4
5

45.65 38.04 4891 47.82 46.73
| 4434 46.95 47.39 45.86 45.65
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In the 'n to 1'(a) false cluster example, two actual

clusters were incorrectly clustered into one cluster. In the '1 to n'(b) false cluster example, one actual

cluster was incorrectly clustered into three clusters
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Table 3. The example of K-means clustering process
K = 87 K =092 K =097
HE= HES HiS
N K M [K-M| B | 5= K M |K-M| F) | 5= K (M |[K-(T)| (F)
AT N1 AT
1 87 32 55 60 1 92 42 50 50 1 97 43 54 49
2 55 2 33 38 2 50 22 28 28 2 54 23 31 26
3 33 22 11 16 3 28 12 16 16 3 31 19 12 7
4 11 5 6 11 4 16 7 9 9 4 12 3 9 4
5 6 2 4 9 5 9 3 5 9 1 8 3
6 4 0 4 9 6 3 3 0 0 6 8 0 8 3
7 4 0 4 9 7 7 8 0 8 3
8 4 0 4 9 8 8 8 0 8 3

K: number of clusters, (T): number of true clusters among clustering results (F) number of actual false clusters
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