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Abstract This paper proposes a novel feature transformation method for speech recognition based on
random projection. Random projection has been suggested as a means of dimensionality reduction, where
the original data are projected onto a subspace using a random matrix. In this paper, we investigate
the feasibility of random projection for speech feature extraction. Its effectiveness is confirmed by word
recognition experiments on noisy speech.
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0O 2 Example of random matrices 36 dim. (36 x 36)
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0 1 Feature Transformation using Random Projection
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O 2 Recognition rates [ % ] of the vote-based random-transformation combina-

tion compared with the baseline

(1) 2) ®3) (4) (5)
Car speed | In-car condition (MFCC) (MFCC +A + AA ) | (MFCC +A + AA) (Gavor) (Gabor +A + AA )
Normal 88.21 (82.31) 94.22 (91.16) 93.87 (91.16) 92.92 (85.50) 92.81 (45.05)
Fan(low) 86.24 (82.82) 90.82 (89.88) 90.82 (89.88) 89.88 (82.35) 90.24 (39.06)
Low speed |  Fan(high) | 72.63 (71.84) 74.41 (72.40) 74.97 (72.40) 77.21 (67.71) 78.32 (23.46)
Audio(on) | 62.54 (59.01) 77.03 (73.62) 78.09 (73.62) 67.14 (53.24) 68.43 (26.86)
Window(open) | 68.78 (64.55) 77.15 (74.25) 78.48 (74.25) 72.13 (63.10) 74.58 (25.75)
Normal 79.78 (70.33) 88.67 (83.56) 88.33 (83.56) 89.22 (80.33) 89.67 (37.67)
Fan(low) 80.11 (73.89) 86.89 (83.78) 85.89 (83.78) 86.00 (77.00) 87.44 (30.67)
High speed |  Fan(high) | 70.33 (68.22) 71.33 (70.00) 73.56 (70.00) 73.11 (64.00) 75.22 (22.11)
Audio(on) | 57.95 (51.84) 76.20 (73.30) 76.31 (73.30) 69.86 (56.84) 71.64 (24.58)
Window(open) | 50.33 (49.22) 52.78 (50.89) 53.90 (50.89) 51.11 (41.98) 51.34 (13.47)
Overall 71.57 (67.28) 78.81 (76.14) 79.29 (76.14) 76.75 (67.10) 77.87 (28.73)
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