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Abstract

In this paper, we proposed a Primi language speech recognition algorithm based on Learning Vec-
tor Quantization (LVQ). Firstly, the algorithm uses the Fourier transform to plot each Primi lan-
guage pragmatics; secondly, it extracts the gray level co-occurrence moments of each spectrogram
to construct feature vectors; and finally, it uses learning vector quantization to realize the classi-
fication of Primi isolated words. The classification accuracy based on the Learning Vector Quanti-
zation (LVQ) is 80.0%.
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Figure 1. Flow charts for generating spectrograms
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Figure 2. The spectrum of “Going Out”
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Figure 3. Flow chart of algorithm implementation
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Figure 4. Structure of LVQ network
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Figure 5. Flow chart of design steps
E 5. wItLRRIZE

3.2.1. 7RE A FEREFHEREHRE
IR 1 DIERHE HFEENAME 100 MEEE AR S KB, B ILEE) i, 35 800 MEE
R 2 AR 800 MEAIEIG I, FENLIHEL 600 MENIZREE, 200 MEA AL
BB 3 FEHIIGERNREREE . B B MRMIME. . —BE. M. &K
B B/MEME R A S E &
3.22.LVQ 7 EINE LT
IR 13 e SRR RIAREE J5 , S — A ) AP X 45 bR B newlvq, FH 2 S1lR %52 D 0.01,
learnlvl A% 3] J5¥A(LVQL), H MATLAB RIS 417F:

fori=1:8
rate{i} = length(find(Tctrain == 1))/300;
end

net = newlvq (minmax (Ptrain),10,cell2mat (rate),0.01,'learnlv1’);
net.trainParam.epochs = 100;
net.trainParam.goal = 0.001;

net.trainParam.lr = 0.1;
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Figure 6. Error change process of network iteration 100 times
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