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Abstract
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I.  Problem Analysis
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Fig. 1. Music signals in time domain  Fig. 2. Music signals in frequency domain
Il. Implementation
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1. Dataset

PR FH4ERR 3% 26 fEE A 54 Dataset [2] > F—FEZA 100 {# 30 #oAYSHE -
FefFTHL"classical ~ country ~ blues ~ hiphop ~ pop"is Fi S 441E By dataset © By 7 &I
RISV E R E > T (EEEELLEI IR =% it EE—(E data B—
{i& 10 FPHERE - W — TS S8R R IR " 80% & RMEGENN SR > 20% & RHEE R B
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2. Wavelet Transform (WT)

X(ts) = =[x@¥CHde (1)
T TRNE s TP E - U BB 0 N mother wavelet © [3]

Wavelet Transform (WT) &—{[&E1 Short Time Fourier Transform (STFT) {R{4 YA
PR —TERE IR MTHS REFOAER - WT “R[EIH STFT #2H fixed window function
72 FH BB AR /Y window function > PRIHE WT {E#EH S AR AR B b e
5 BRI RIS R AT s B S K0T time varying frequency &
9% WIEEEESR o H A Bl WT BYFFM: - FMAH WT HEsRmTRE - FkH
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3. Octave-Scale Filters

3 SRR Z A3 A Octave-Scale Filters BUE e sl - RILRAMTEHR
AL T77% o TEE VR A B HEHY Sample Rate /& 22050Hz » PRI F TR DR £
flil Octave-Scale sub-bands > 77 jll5& 0hz~200Hz - 200Hz~400Hz ~ 400Hz~800Hz >
800Hz~1600Hz ~ 1600Hz~3200Hz ~ 3200Hz~6400Hz LAk 6400Hz~11025Hz °

4. Peak/Valley Select and Spectral Contrast

Ry feature HYMEAE > BT LAl s Y (EAEER T B = 2% IE(E
(peak value) PAKEAK 2%HIAE (valley value) 3 AT » SIRFECE &S EIHY
M {7 (A RS- 1 W =& T Y 72 {E (difference value, SC) » PRIFEER(E 10 FOHY data 4578
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5. Support Vector Machine (SVM)

SVM &—faETEXNVEET7E » Yt Ebs i/ MERY R R (EET—(E 5 585
SF i (hyperplane) » HEEHEAVIE & IEH fH B 0 w2 TR B —{# R 58 5 (decision
boundary)sERIAE < [E]1Y#2 5 (margins) i AL » fEEA[PLSESEEIRERAZK - [4]
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lll. Experimental Result and Discussion:

1. Analysis on different type of music in frequency domain

AR 500 SEFEEERMESE FFT iVERFESE - BEILUN A EHHA S 2450
arHyEE (Fig 4) - MR - ARBHENFEE AR - Homtrrs
BAFE B SR B AT © B4 classical SHER P ARHE Ky V-9 H s SHR 8L
b Ry HE EEHERRZR AR YRR ¢ 1T hiphop HYERIZR EESGENE H 2 BT -
NI SRR iR Ry 2 it

Avg FFT in different type music

—— dassical
351 country
—— Hlues
3.0 A —  hiphop
— pop
25
i
3 204
=
=1
= 15
10
05 |
00
“100 075 —0'50 025 0.00 025 050 075 100

Freguecny [Normalized)

Fig. 4. Average Fast Fourier Transform in different type music

2. Analysis on different type of music in feature extraction
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3. Effect on wavelet denoising

B TR E S AR > FAMIE A wavelet denoising £ i ¥ R NSRRI
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Fig. 7. Music signals in time domain Fig. 8. Music signals in frequency domain

4. Accuracy

7% Table. 1 B4R TSR - EERFH T wavelet denoising FiEH » 1EAEMER 0]
JE1S A%IIEETT o LA - BRI R R FE R RE B SRR A AN 2 > FRAFTHENI
RSB REARE CURISRERELTBIAINT 4 %) - B - FHEEEESE L4
Bt > FRAITHIAERE S 5 AR ST -

Accuracy
w/o wavelet denoising 74.3%
w/ wavelet denoising 78.3%

Table. 1. Accuracy Table

5. Confusion matrix

Table.2 Bl Table.3 %I & EHE M FNER MG - REL BV ERIA A S5 HE
B o AT 2RI R ] By country” 5 » FRAFTR By /2 R By country” B 485 (&
WA EARE - B AR AL A0 RECHHEY feature 7£ SVM i
decision boundary HFEZEENT (FHEES 57T ©
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Ground True predict | classical country blues hiphop pop
classical 90% 6.7% 3.3% 0% 0%
country 11.7% 78.3% 6.7% 1.7% 1.7%

blues 0% 16.7% 76.7% 6.7% 0%

hiphop 0% 13.3% 5% 76.7% 5%

pop 5% 16.7% 0% 8.3% 70%
Table. 2. Confusion matrix before Wavelet processing

Ground True predict | classical country blues hiphop pop
classical 91% 6.7% 1.7% 0% 0%
country 6.7% 68.3% 18.3% 5% 1.7%

blues 3.3% 11.7% 78.3% 6.7% 0%
hiphop 1.7% 20% 20% 51.7% 6.7%
pop 0% 11.7% 0% 6.7% 81.7%

Table. 3. Confusion matrix after Wavelet processing

IV. Conclusion

HATEFRGE—Ee & s AliHUA FIRY feature F R fREAUFISRAYVEDRL - MEH] DSP #5¢1f
HIEHENITA SR LSS - R REER] SVM IERYRERTH TN S 22 4T 80%HY
HEOE WHEAEEEMERE - MR I - A 7 AENE
SR SERRE B B Z VB AR S RBURI O BEhth g B a8 R A\ MRe
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V. Contribution

A E A ZEREE 2% Music type classification by spectral contrast features [1] »
mefEF Wavelet /£ denoise FijizFHE227% Noise Reduction using Wavelet
Transform and Singular Vector Decomposition [3] » £ A SVM HY 5 4RI 2% 48 2 Rij
&3 Machine Learning sRIZZE/EHY A -
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VI. Teaming
BT Python Coding, GMM, SVM
TRERS Denoise method, KL

Paper Survey, Report &5 B L [E52HL

VIl. Software

Python 3.6 running on jupyter
Package: numpy, matplotlib, sklearn, skimage, scipy
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