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Musical instruments|Training Data|Testing Data|  Files
Name Ntw Ntw Number
K/ F 753 1508 24
T RF 912 1728 27
] B 633 1262 36
.33 719 1376 24
£ ¥ 355 708 16
Lk 659 1305 42
¥¥ ? 477 956 24
TR 858 1793 24
A B 1056 2024 24
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%= GCGMM=52 9% %%

DA
PCA 0.95 0.96 0.97 0.98 0.99

0.95 68.89% | 68.89% | 68.89% | 69.12% | 69.18%

0.96 68.96% | 69.01% | 69.16% | 69.13% | 69.47%

0.97 69.07% | 69.06% | 69.13% | 69.01% | 69.24%

0.98 69.25% | 69.17% | 69.35% | 69.34% | 69.32%

0.99 69.58% | 69.99% | 70.03% | 70.06% | 70.00%

GMM=10 2z F 2% % %

»
10

DA
PCA 0.95 0.96 0.97 0.98 0.99

0.95 71.18% | 71.47% | 71.51% | 71.25% | 71.41%

0.96 71.04% | 71.16% | 71.14% | 71.16% | 71.18%

0.97 70.87% | 71.20% | 71.29% | 71.10% | 71.17%

0.98 71.01% | 71.23% | 71.42% | 71.34% | 71.52%

0.99 71.57% | 71.69% | 71.40% | 71.35% | 71.69%

%2  GMM=152_ 9 % % %

DA
PCA 0.95 0.96 0.97 0.98 0.99

0.95 71.91% | 72.03% | 71.93% | 72.12% | 72.08%

0.96 71.98% | 72.03% | 71.90% | 72.11% | 72.21%

0.97 72.46% | 72.52% | 72.42% | 72.37% | 72.77%

0.98 72.52% | 72.41% | 72.61% | 72.80% | 72.61%

0.99 73.20% | 73.09% | 72.86% | 72.79% | 73.13%

%3 GMM=20 2_ 9 % % %

DA
PCA 0.95 0.96 0.97 0.98 0.99

0.95 72.24% | 72.04% | 71.97% | 71.77% | 71.70%

0.96 70.65% | 70.43% | 70.46% | 70.42% | 70.18%

0.97 72.25% | 72.39% | 72.55% | 72.30% | 72.21%

0.98 70.95% | 70.95% | 70.86% | 70.64% | 70.55%

0.99 71.33% | 71.07% | 70.71% | 70.45% | 70.54%




+
=~ 7

GMM=25 2_ 7 %% & %

DA
PCA~095 |096 |097 098 |0.99
0.95 | 71.50% | 71.43% | 71.26% | 71.23% | 71.07%
096 | 72.86% | 72.53% | 72.36% | 72.36% | 72.38%
097 | 70.73% | 70.55% | 72.39% | 70.40% | 70.16%
0.98 | 70.90% | 70.50% | 70.46% | 70.00% | 69.83%
0.99 | 70.95% | 70.97% | 70.69% | 70.51% | 70.22%
4= GMM=30 2 ¥ %2 %
DA
PCA~]095 |096 [097 |098 |0.99
095 | 72.06% | 72.20% | 71.64% | 71.88% | 71.62%
0.96 | 72.00% | 71.77% | 71.81% | 71.78% | 71.70%
0.97 | 70.61% | 70.36% | 70.12% | 70.00% | 69.72%
098 | 70.12% | 69.81% | 69.81% | 69.67% | 69.29%
099 | 70.92% | 70.72% | 70.14% | 69.99% | 70.03%
4~ GMM=352 9 %%
DA
PCA~_095 |096 |097 |098 |0.99
0.95 | 72.56% | 72.54% | 72.53% | 72.31% | 72.21%
0.96 | 69.46% | 69.39% | 69.29% | 69.22% | 68.47%
097 | 71.87% | 71.53% | 71.47% | 71.48% | 71.38%
098 | 71.03% | 71.14% | 70.63% | 70.39% | 70.07%
0.99 | 66.15% | 65.78% | 65.60% | 65.29% | 64.58%
24 GMM=40 2 %2 %
DA
PCA~095 |096 [097 098 |0.99
0.95 | 68.35% | 68.04% | 67.83% | 67.70% | 67.41%
0.96 | 68.83% | 68.48% | 68.09% | 67.52% | 67.41%
0.97 | 68.63% | 68.35% | 68.18% | 67.93% | 67.38%
0.98 | 68.33% | 67.89% | 67.71% | 67.31% | 66.98%
0.99 | 68.42% | 68.27% | 68.00% | 67.79% | 67.38%




%+ GMM=452_F % % %

DA
PCA 0.95 0.96 0.97 0.98 0.99
0.95 64.27% | 63.66% | 63.18% | 63.07% | 62.98%
0.96 64.87% | 64.70% | 64.05% | 63.91% | 63.80%
0.97 64.67% | 64.22% | 63.69% | 63.30% | 63.07%
0.98 65.22% | 64.83% | 64.55% | 64.30% | 64.10%
0.99 65.97% | 65.71% | 65.50% | 65.22% | 64.79%

%+ - GMM=50 2 § % %%

DA
PCA 0.95 0.96 0.97 0.98 0.99
0.95 67.58% | 67.36% | 67.10% | 66.85% | 66.52%
0.96 70.18% | 70.17% | 69.95% | 70.00% | 69.64%
0.97 70.01% | 69.86% | 69.72% | 69.57% | 69.80%
0.98 64.76% | 64.72% | 64.27% | 63.99% | 63.53%
0.99 67.33% | 67.23% | 67.28% | 66.70% | 66.45%

3 L

~

= 395 Testing Data ' 3ZARL § & i3 &~ 357 5 %

PCA=0.99,GMM=15,LDA=0.99

“RF L RF R RFE ST E B[R ¢l FlE

~#% % 1071 | 127 |30 | 199 | 9 | 8 27 8 13| 16
¥ F| 63 | 1251 |20 | 267 |32 | 16| 48 2 17 12
A B 23 37 |807| 49 |51 (177| 49 0 46 | 23
v 3P 129 | 220 |36 | 874 |46 | 25| 23 3 8 12
£ 7 22 | 35| 24 |517/50| 20 0 9 24
GRS 16 6 95| 18 |32 (1033 24 9 38| 34
H¥ ? 23 72 | 62| 34 |26 |49 | 580 1 72 | 37
T E | 56 6 3 9 0 |69] 35 | 1541 | 74 0

ik B 51 34 | 54| 43 |12 (44| 13 31 [1736] 6

f;f_ﬁu #7130 22 | 57| 49 |45 |50 | 36 7 14 | 278
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Byt % L BB awElrE %k > AL = SGMM=5> 4+ 2 SGMM=10- %+
7 AGMM=15- £+ = ZGMM=20> %+ = 2 GMM=25> # -+ ~ Z GMM=30 -
2-+4 5GMM=35 %4 -+ iGMM=40> £ - + - i GMM=45> 4 - + - 3
GMM=50> % -+ = REARAFTEEAHFL S B FA ML mF 573.13% -



%+t= GMM=5z g%
LDA
PC 095 |096 |097 |098 |0.99
0.95 89.96% | 90.35% | 89.58% | 89.58% | 89.58%
0.96 88.80% | 90.73% | 90.73% | 89.96% | 90.35%
0.97 88.80% | 90.73% | 89.96% | 90.73% | 90.73%
0.98 89.19% | 89.19% | 89.58% | 90.73% | 90.73%
0.99 90.73% | 91.51% | 90.73% | 90.73% | 90.35%
2Lz GMM=10 2. § &% %%
DA
PCA 0.95 0.96 0.97 0.98 0.99
0.95 90.35% | 91.51% | 92.28% | 91.89% | 92.28%
0.96 91.51% | 91.51% | 91.89% | 90.73% | 92.28%
0.97 91.51% | 90.35% | 90.73% | 91.12% | 91.89%
0.98 89.96% | 88.80% | 89.58% | 90.73% | 89.96%
0.99 90.73% | 91.51% | 90.73% | 91.89% | 91.12%
%-+7 GMM=15z g% %
DA
PCA 0.95 0.96 0.97 0.98 0.99
0.95 93.44% | 93.05% | 93.44% | 93.44% | 93.05%
0.96 92.66% | 93.05% | 93.82% | 93.82% | 92.66%
0.97 94.219% | 93.82% | 93.82% | 92.66% | 93.05%
0.98 91.51% | 90.73% | 91.89% | 91.51% | 91.89%
0.99 92.28% | 91.89% | 92.28% | 92.66% | 92.66%
%L+ GMM=20 2z § % %%
DA
PCA 0.95 0.96 0.97 0.98 0.99
0.95 91.89% | 89.96% | 90.35% | 90.73% | 89.58%
0.96 91.89% | 92.28% | 93.05% | 93.05% | 93.44%
0.97 91.12% | 91.51% | 92.28% | 91.51% | 91.89%
0.98 93.05% | 91.51% | 91.89% | 90.73% | 89.58%
0.99 91.51% | 91.12% | 91.51% | 91.12% | 90.35%




%+ -= GMM=25z2 F %%
DA
PCA 0.95 0.96 0.97 0.98 0.99
0.95 91.12% | 91.51% | 91.12% | 90.35% | 91.51%
0.96 91.51% | 91.12% | 90.73% | 90.35% | 91.12%
0.97 91.12% | 91.51% | 89.96% | 90.73% | 90.35%
0.98 91.12% | 91.12% | 90.35% | 91.12% | 90.35%
0.99 91.12% | 91.12% | 90.35% | 90.35% | 89.96%
%+~ GMM=30 2 F % %%
DA
PCA 0.95 0.96 0.97 0.98 0.99
0.95 89.58% | 90.35% | 90.73% | 89.96% | 91.12%
0.96 90.73% | 90.35% | 89.58% | 89.58% | 91.51%
0.97 90.73% | 90.73% | 89.96% | 89.96% | 88.80%
0.98 88.80 |88.80 |89.58% | 89.19% | 88.80
0.99 90.73% | 89.96% | 89.19% | 89.58% | 88.80%
#+4 GMM=35z2 %%
DA
PCA 0.95 0.96 0.97 0.98 0.99
0.95 90.73% | 91.12% | 90.35% | 89.96% | 89.96%
0.96 88.80% | 87.64% | 88.03% | 87.64% | 88.03%
0.97 89.58% | 89.58% | 88.80% | 88.42% | 89.58%
0.98 90.73% | 91.51% | 89.96% | 89.19% | 88.80%
0.99 85.71% | 86.10% | 84.94% | 85.33% | 83.78%
%=+ GMM=40z F %% %
DA
PCA 0.95 0.96 0.97 0.98 0.99
0.95 89.19% | 88.42% | 87.64% | 87.64% | 84.56.%
0.96 86.87% | 87.64% | 88.42% | 88.03% | 87.26%
0.97 89.19% | 87.64% | 87.64% | 87.26% | 87.64%
0.98 87.26% | 87.64% | 86.87% | 86.87% | 84.94%
0.99 87.26% | 86.49% | 84.94% | 83.78% | 83.01%




21— GMM=452 9 %%
DA
PCA~095 [096 |097 |098 |0.99
0.95 | 85.71% | 84.94% | 82.24% | 83.01% | 83.01%
0.96 | 83.40% | 84.94% | 83.78% | 81.47% | 79.92%
097 | 82.63% | 81.85% | 80.69% | 81.08% | 79.54%
0.98 | 84.17% | 82.63% | 82.63% | 80.31% | 80.69%
0.99 | 82.24% | 83.01% | 81.08% | 80.69% | 80.69%
%=1 - GMM=50 2 % % 2 %
DA
PCA~]095 [096 |097 |098 |0.99
0.95 | 86.87% | 87.64% | 87.26% | 85.71% | 86.49%
0.96 | 89.58% | 88.80% | 89.58% | 89.19% | 87.26%
0.97 | 87.64% | 87.64% | 87.26% | 86.87% | 86.49%
0.98 | 82.24% | 81.85% | 82.24% | 83.01% | 80.69%
0.99 | 85.71% | 86.10% | 85.33% | 84.94% | 84.17%

f- L B EAKER T S L 04.21%

PCA=0.97 - GMM=15 » LDA=0.95

Musmall\llanrf]téuments Testing Number|Correct|Error| i 7z &
“HF 24 24 0 |100.00%
PR 27 26 1 |96.30%

| B 36 35 1 ]197.22%
2 24 22 2 191.67%
£ ¥ 16 16 0 [100.00%
ik 42 41 1 ]197.62%
By 24 22 | 2 |91.67%
TE 24 21 | 3 |87.50%
& 5F 24 22 2 |91.67%
[ s 2T 18 15 3 [83.33%
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