
Table 4. Results of the ensemble classi�cation on different datasets (Standard deviations are given in parentheses). The
lower section of the table shows the results of the segmentation approach.

ISMIR ISMIR Latin Africa Africa Africa Africa
Rule 9GDB GTZAN genre rhythm Music country ethnic group function instrument
Single best 78.15(2.25) 72.60(3.92) 81.28(3.13) 87.97(4.28) 89.46(1.62) 86.29(2.30) 81.10(2.41) 51.06(6.63) 69.90(4.69)

MAJ 79.56(4.78) 72.60(3.31) 77.78(2.15) 88.25(5.08) 89.33(1.55) 85.31(4.04) 71.86(3.41) 37.37(7.36) 59.63(5.79)

MAX 60.05(6.67) 44.00(6.60) 60.97(6.71) 54.87(8.95) 50.64(2.06) 77.67(9.16) 73.16(6.40) 40.38(7.10) 61.32(5.88)

MED 74.30(4.32) 55.90(3.84) 72.02(2.74) 77.79(4.27) 73.64(2.37) 83.84(3.77) 70.71(3.62) 39.49(5.22) 60.34(4.67)

AVG 81.66(3.96) 68.40(2.37) 79.70(3.35) 86.82(4.29) 86.85(1.96) 87.66(2.28) 78.21(3.50) 53.73(5.35) 70.60(3.82)

SWV 81.31(3.32) 77.10(3.98) 78.33(2.48) 88.97(5.39) 92.00(1.34) 86.97(2.98) 75.47(3.62) 46.83(4.44) 67.09(3.99)

RSWV 80.96(3.26) 77.40(4.22) 79.22(2.38) 88.97(4.94) 92.25(1.16) 87.17(2.77) 75.47(3.62) 48.39(5.63) 68.35(4.22)

BWWV 81.54(3.17) 77.40(4.22) 82.03(1.83) 89.11(4.62) 92.25(1.16) 88.34(2.22) 79.37(3.95) 52.61(5.76) 72.71(3.47)

QBWWV 80.96(2.94) 77.50(4.30) 84.02(1.50) 88.97(3.86) 92.71(0.99) 89.03(1.63) 82.68(3.18) 54.84(6.29) 72.86(3.52)

WMV 80.84(2.90) 76.10(4.20) 84.02(2.02) 87.97(3.92) 92.59(1.29) 88.93(1.76) 82.97(3.30) 51.28(6.93) 73.00(4.25)

QBWWV 81.31(2.78) 76.80(3.33) 76.95(3.28) 88.25(4.39) 91.66(1.17) 88.44(2.75) 78.35(4.08) 50.95(6.62) 71.03(3.99)

WMV 80.49(2.40) 74.50(4.53) 81.48(3.01) 87.68(3.74) 91.56(1.29) 88.05(2.12) 80.23(3.35) 44.83(4.54) 72.29(4.45)
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