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Tab.1 FH signal parameter set

. . s, Bk IR A -
B/ Chop 7)1 o) /10 ' ms SRR B fritR bt/ dB

[ [ IEAC M

B 100 30,45 -50 9.51 M,5k 10
B2 10,87 -49 10
TS| SAAEIER M

KL 3 200 70,350 -25 10.3 M,5k 10
KL 4 68,353 -15 10
KIS 50,210 -11 10
P25 T 500 S AR IEAE M 8.1 M,20k

KL 6 63,147 -10 5
KL T 27,217 -5 10
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Tab.3  The analysis of the experimental data

S IEUER R (% )
KHHL A% hop %X SVClustering TDITSVC

’ Pir1 fir2 fiF3
6 15 75 93.33 86. 67 46. 67
7 22 90. 48 100 100 100
3 25 68 88 88 88
5 29 93.1 96. 55 96. 55 100
4 20 58.62 100 100 100
1 15 73.33 93.33 86. 67 46. 67
2 15 86. 62 86. 67 66. 67 20

AT MG B DU 4598 .
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The Research on the Application of the Statistical Learning
Theory Algorithm to the Hopping Frequency Signals”Separation

WANG Rui , XU Yi
(Electronics Engineering Institute, Hefei 230037, China)

Abstract ; After the third party has captured and detected the frequency hopping (FH) communication signals, the
lack of the priori knowledge leads to that the classic supervised learning algorithm is infeasible for separating HF
signals. Even if, nowadays, many unsupervised algorithms are adopted there are still that the cluster number needs
referring and multiple classification parameters separation by steps carries on the validity judging and filtering ac—
cording to the priori knowledge. For the difficulties met in the course of the separation of FH signals detected in e—
lectronic support measures, we make use of the performance of the statistical learning theory (SLT) , which is high—
er than that of the others in the small sample learning and the nonlinear classification to put forward unsupervised
and semi — supervised learning algorithms based on SLT, by using which FH signals got by the third party are well
classified. This research provides a kind of classification method that is of higher applicable robusiness and higher
accuracy rate for signals separation in FH communication reconnaissance.

Key words : frequency hopping signals; network separation; statistical learning theory; semi — supervised learning



