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Research on Environmental Audio Classification Based
on Active Learning
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(1. School of Computer and Information, Southwest Forestry University , Kunming 650224 ,China;
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Abstract ; Environmental audio classification has been the focus in the field of speech recognition. Active learning enhances the perform-
ance of supervised learning classification under the case of few labeled data. Propose EPS ( Entropy Priority Sampling) and SDS ( Simple
Disagreement Sampling) methods as the selecting sampling strategies in active learning. For the given environmental audio data, the
CELP features in 11 dimensions are extracted. The experiments with the single classifier, EPS and SDS on the environmental audio are
carried out in order to illustrate the results of the proposed methods and compare their performance under different percent training sam-

ple. The experimental results show that active learning can effectively improve the performance of environmental audio data classification,

even under the fewer number of the training examples. The EPS method outperforms the SDS.
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Entropy (x) =- Zpilogp,» (1)
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begin

Train k classifiers H, on L with Learn, (k=3) ;

Repeat NV times

L_a<¢;

for each x, e U

H, (x) (b= 1.2,

T Entropy («, ) ;

end for

L_a«—{x|Entropy(x) is highest{

UU-La;  //INUPBER L_a HA
Labeling(L_a) ; //FRE L_a;
L—LUL_a;

Train k classifiers H, on L with Learn, (k=3) ;
end Repeat

H, <Ensemble Method(H,) (k=1,2,--+)
end
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begin

fori=11to2

S,<Bootstrap(L) ;

fort=1to N

H,«learn,(S,) ;H,«learn,(S,) ;CPs<g;

// N iterations

for each x, e U

CPs«—CPsU {x,lx, e U and H,(x,) #H,(x,) ;

U«—U-{CPs} ; /7% BUS N U BBk
NewlL«—Label(CPs);  //FRic i,
fori=1to 2

S.«<=S, 1l NewlL;
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end for
H,, < Ensemble Method(H, ,H,)

end
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LA 3900 3000 2250 750

K7 6434 2 000 1 500 500

WA 6200 2 000 1500 500

gy 3334 1200 900 300
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10% 0.2159 0.2271 0.1823 0.1709 0.1810

Active Learning
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20% 0.198 4 0.2216 0.1812 0.1594 0.167 0
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