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1.length:
BENRE » RNBEXXFESERA o
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4.spectral_centroid:
FIEERIPOIE - BMSEEED o

5.spectral_bandwidth:
RTIGENEE - RIBSAEDHEVEEE o

6.rolloff:
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8.harmony:
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9.perceptr:
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10.tempo:
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et iei s MIFCC calculation
Step:

1.Pre-emphasis:ig€38 55857 ° HEAHBRMNSIEARHE
2.Framing: 1§ S 380K /N EL > SEIBA—1E o
3.Windowing: /LSR5 ER BRI 5 | ABVIZ RIUFE o

4. FFT: &R SR e A SRR o



et (Ao MIFCC calculation
Step:

5.Mel Filter Bank:{2# A B HRRESEEINRE > FRSHHARE o
6.Logarithm:$EEEREMAHIRE » ERABHS RV o
7.DCT:- iR HFEEH B R SEARARH > BIRRRER °

8.Delta and Delta-Delta:3fE SR BB RE L
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One of the musical styles MFCC (blues)
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GTZAN dataset

blues00000.wav 2s

...... 2s l 14 1@

Data #& = 10{@%85! * 1

melspectrogramimage

train: valid : test=10000 : 2000 : 2000

SAA1001EZ1E * 1

SESE1E 53 % 1417 = 14000



Layer (type) Qutput Shape Param =
conv2d (Conv2D) (None, 124, 169, 32) 832
dropout (Dropout) (None, 124, 169, 32) 0
max_pooling2d (MaxPooling2 (None, 62, 84, 32) 0

D)

conv2d_1 (Conv2D) {(None, 58, 80, 64) 51264
dropout_1 (Dropout) (None, 38, 80, 64) 0
max_pooling2d_1 (MaxPoolin (None, 29, 40, 64) 0

g2D)

conv2d_2 (Conv2D) (None, 25, 36, 128) 204928
dropout_2 (Dropout) (None, 25, 36, 128) 0
max_pooling2d_2 (MaxPoolin (None, 12, 18, 128) 0

g2D)

flatten (Flatten) (None, 27648) 0

dense (Dense) (None, 128) 3539072
dropout_3 (Dropout) (None, 128) 0
dense_1 (Dense) (None, 128) 16512
dense_2 (Dense) (None, 10) 1290
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True Label

blues

classical -

country -

disco -

hiphop -

jazz -

metal -

pop -

reggae -

rock -

o]

blues -

o

classical -

18

disco -

Confusion Matrix

2 18

—
~

|

N

N
2

hiphop -

Predicted Label

metal -

19

175

150

125

100

~ 75

=25

Test accuracy = 69.70%



Laver (tvype) Output Shape Param =

conv2d (ConvZD) (None, 124, 169, 32) 832
dropout (Dropout) (None, 124, 169, 32) 0 new train input new train labels
max_pooling2d (MaxPooling? (None, 62, 84, 32) 0 cnn
D) traininput — | traindense_1 train labels
conv2d_1 (Conv2D) (None, 58, 80, 64) 21264
dropout_1 (Dropout) (None, 38, 80, 64) 0
W ke, Y
,- [ —

max_pooling2d_1 (MaxPoolin (None, 29, 40, 64) 0 E-Fﬁ trall‘l ﬁﬁ&ﬁgﬂiﬁ Eﬂftmax
g2D)
conv2d_2 (ConvZD) (None, 25, 36, 128) 204928
dropout_2 (Dropout) (None, 23, 36, 128) 0
max_pooling2d 2 (MaxPoolin (None, 12, 18, 128) 0 .
20 newtestinput  new test labels

_ | ) - cnn
flatten (Flatten) (None, 27648) 0 test input — | testdense 1 test labels
dense (Dense) (None, 128) 3039072
dropout_3 (Dropout) (None, 128) 0
dense_1 (Dense) (None, 128) 16512

dense 2 (Dense) (None, 10) 1290
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MAGNATAGATUNE

Length of
Dataset

Features Num

Class Num

Audio Length

6964

27

10
30s

GTZAN_30
Length of
Dataset 1000
Features Num 58
Class Num 10

Audio Length 30s
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relationship betwwen spec_bw and category relationship betwwen rolloff and category relationship betwwen zcr and category
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MAGNATAGATUNE

SVM_model

S SVM Model
precision
0 0.71
1 0.77
2 0.79
3 0.52
4 0.58
5 0.83
6 0.49
7 0.82
8 0.77
9 0.00

accuracy

nacro avg 0.63
weighted avg 0.68

Train Accuracy: 0.7570783750512926

Lab e il 4

. 1 "~

recall fl-score

OO0 O0O0OO0ODO0OO0O O

0.
0.71

.80
. 66
.48
.78
. 44
.91
. 28
.90
. 68
.00

59

Test Accuracy: 0.7124401913875598

o bf: exp(—7||z — z'||2), where ~ is specified by parameter gamma, must be greater than 0.

OO0 000000000 O

o0 Q

.75
.71
.60
.63
.50
.87
.36
. 86
.72
.00

.71
. 60
.69

. fev

support

304

K
105
311

g1
288
129
600
173
122

2090
2090
2080

SVC (pr

obability=True, kernel="rbf’, gamma=1/58)
g SVI Model
precision
0 0.78
1 0.77
2 0.79
3 0. 64
4 0.63
5 0.93
6 0. 60
7 0.89
8 0. 60
9 0. 49
accuracy
macro avg 0. 71
veighted avg 0. 71

Train Accuracy: 0.8971428571428571

GTZAN_30

recall fl-score

. 60
.00
.70
.62
!
.79
.93
.74
.52
. 49

OO0 OO0 OO0 0O~0O

0.71
0.69

Test Accuracy: 0.6933333333333334

000

PPPEPPEEEe

68
a7
74
63
a7
89
73
81
56

.49
.69

.70
.69

X

support

35
20
37
34
24
33
30
23
29
35

300
300
300
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MAGNATAGATUNE

LR_model

linear_model. LogisticRegression(solver=' saga’,

preciszion

.70
. G5
. G2
. 52
.38
.81
.41
.80
.13
.48

OO0 = O M W L = O
oo oo oo o oo

ACCULACY
RACTD EVE 0.6l
welghted awvg 0. a6

Train Accuracy: [, GaT93083686591014

recall fl=score

oo oo oo o oo

0.
0.

. T8
.58
.48
. T2
. 32
. 3%
.20
.59
. i
.04

ah
6a

Test Accuracy: 0. 63133971291 86602

oo oo oo o oo

[ T T

. T3
.62
. 52
.l
.30
. 30
.3l
. G4
.70
. 08

. 68
. O
« B

support

04

T
105
311

81
258
124
aon
173
122

2050
=080
=080

—
—

penalty='11", max_iter=10000)

GTZAN_30

Logiztic Begreszzion Model

precizion

. G2
. 96
. G
. T8
« G
. 93
. T0
. B
.4
a7

W00 = O ST e Ll D = O
oo o oo oo o ood

ACCUracy
macro avg 0,74
welghted avg 0.72

Train Accuracy: 0. 90042867T14285715

recall fl=score

.71
oo
Gl
Tl
!
Ba
a3
7a
il
4

el i

0.74
0. 72

Test Accuracy:; 0, T233333333333334

oD o oo oo oogo

o O O

LG
. 98
. Gl
. T3
. Gl
. 89
. a0
. G2
. 04
.3l

. T2
LT3
L T2

support

35
20
3T
34
24
33
30
23
Pz
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300
200
200



GTZAN_30

Length of
Dataset

Features Num

Class Num

Audio Length

1000

58

10
30s

GTZAN_S
Length of
Dataset 9990
Features Num 58
Class Num 10

Audio Length

3s
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- SN Nodel S Logistic Eegression Model
precision recall fl=szcore  support precision recall fl-zcore  support
f 0. 87 0.87 0. 87 319 1] 0. 75 0. 73 0. T4 318
1 0. 86 0. oa 0. 91 a0g 1 0. 89 0. 94 0. 92 J0a
2 0. 7a n.7e 0. 7g 286 2 0. G4 0, 64 0. fid 286
3 0.21 0. 80 0. 20 a0l 2 0. 65 0. 63 0. G 301
4 0. 93 0. 684 0. 88 il 4 0. 73 0. 59 0. 71 311
b 0. 54 0. 85 0. &5 il B 0. 78 0. 81 0. B0 286
i 0. 83 0. 92 o 91 303 i 0. 83 0. a4 0.84 ana
T 0.a7 n.al 0. 59 26T 7 0. 75 0, a7 0.20 267
g 0. 28 .88 0. &8 36 o 0. 70 0. 66 0. 68 6
9 0. 73 0. 70 0. 74 300 a 0. B& 0.52 0. 54 200
accuracy 0. 85 2897 accuracy 0. 73 2087
MACLED AWE 0. 85 0. 85 0. 85 200°F MAcro avg 0. 73 0. 73 0,73 2007
walghted awg 0. 85 0. 85 0. 85 AuuF weighted avg 0. 73 0. 73 0,73 2007
Train Accuracy: 0.91218791218739122 Train Accuracy: 0.7437437437437437
Test Accuracy: 0.8538538533538538 Test Accuracy: 0. T3IZ30B0657323991

SVM Logistic Regression
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GTZAN_30 X

SGD_model = linear_model. SGDClassifier(loss=" log_loss’

S0 Model
precizion recall fl-zcore  =support
0 0. 69 071 0. 70 a5
1 0.9 1.00 0. 95 20
2 0.b& 0. 67 0. 54 a7
3 0. 42 0. 74 0.59 ad
4 0.79  0.62  0.70 24 H
b 0.91 0.6l 0. 73 33
B 0.74 0. 83 0. 82 30
7 0. 86 0,78 0,82 23
g 0.56 0. 62 0,54 29
9 0. 42 0,31 0, 36 35
ACCUL Acy 0. Go 200
RACED AvE 0. 62 0. 638 0, &8 300
welghted avg 0. 67 0. 68 0, Gé 300

Train Acouracy: 0.B985T14285T14286
Teszt Accuracy: 0. 66

4

GTZAN_3

penalty="11", max_iter=10000, random state=42)

S0 Model

precizion recall fl-zcore support

] 0. G4 0. &7 0. 66 319

1 0. 92 0. 92 0. 92 ]

2 0.61 0. 62 0. b 285

3 0. 6O 0.61 0. b 2m

4 0. 82 0. 87 0. 64 211

b 0. Ta 0. 70 0. T3 286

fi 0. 84 o, 74 0. 81 203

7 0. 74 0. 74 0. 7Te =87

B 0. 46 0. 34 . 42 Zla

a 0. 30 0. 20 .24 =00

ACCUracy D. 63 2097

MACTO AvVE 0.63 0. 64 0.63 2097

weighted avg 0.63 0.863 0.63 2097
Train Accuracy; 0. 6582296582206582

Test Accuracy:; 0. 6349623016349683
* w
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. x B
GTZAN_30 ; GTZAN_3
o g | v . 159 i ’
RF_model = RandomForestClassifier(criterion="entropy )
3~ Randon Forest Nodel 5> Random Forest Model
precision recall fl-score support precision recall fl-score support
0 0.76 0. 69 0. 72 36 0 0.89 0. 86 0.87 208
1 0.83 0.95 0.88 20 1 0.93 0.98 0.95 203
2 0.69 0.68 0. 68 37 2 0. 76 0.82 0.79 186
3 0.85 0.68 0.75 34 3 0.83 0.83 0.83 199
4 0.67 0. 83 0. 74 24 H 4 0.93 0. 86 0.90 218
5 0.84 0. 82 0.83 33 5 0.83 0. 91 0.87 192
6 0.72 0. 97 0.83 30 6 0.89 0. 96 0.93 204
7 0.8l 0.91 0. 86 23 T 0.92 0.92 0.92 180
8 0.70 0. 66 0. 68 29 8 0.89 0.88 0. 88 211
9 0.70 0.54 0.61 35 9 0. 88 0.73 0.79 197
accuracy 0.75 300 accuracy 0. 87 1998
nacro avg 0.76 0.77 0.76 300 macro avg 0.87 0.87 0.87 1998
wveighted avg 0.76 0.75 0.75 300 veighted avg 0. 88 0. 87 0. 87 1998
Train Accuracy: 1.0 Train Accuracy. 0.9992492492492493
Test Accuracy: 0.7533333333333333 Test Accuracy. 0.8743743743743744
. L

X
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