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Configuration Manual

Saviour Nickolas Derel Joseph Fernandez
21127051

1 Introduction

We will see all the used implemented techniques and the hardware specification used
for the project ”Comparison of Deep Learning and Machine Learning in Music Genre
Categorization” in this configuration manual.

2 System & Software Specification

This research is carried out with the following system and software specifications, the
system configuration is shown in Figure [I]

Device specifications

Device name MSI

Processor Intel{R) Core(TM) i7-8750H CPU

Installed RAM

Device 1D

Product ID

System type 64-bit operating syste

Pen and touch No pen or touch i

Copy

Rename this PC

Windows specifications

Edition Windows 10 Home
Version

Installed on

OS build

Experience

Figure 1: System Configuration

2.1 Softwares & Hardwares

o GPU: NVIDIA GeForce GTX 1050



e MS Office 365: The metadata is used in the form of Comma Separated Values
(CSV) file.

e Anaconda Navigator: Python version is 3.9.7, Jupyter Notebook version is 6.4.5

3 Packages & Libraries

In order to perform data analysis on the data, necessary packages and libraries need to
be imported. Figure [2| shows the list of libraries used for this project.

import os

import numpy as np

from models import cnn, cnn_lstm

from utils import f1_m, precision_m, recall_m, plot_graph
import matplotlib.pyplot as plt

import random

from sklearn.model_selection import train_test_split
import tensorflow as tf

from tensorflow.keras import optimizers

from tensorflow.keras.callbacks import ModelCheckpoint
from tensorflow.keras.utils import plot_model, to_categorical
from tqdm import tgdm

import pandas as pd

random.seed(1)

# Usual Libraries

import seaborn as sns

import matplotlib.pyplot as plt
#matplotlib inline

import sklearn

import IPython.display as ipd

from sklearn.naive_bayes import GaussianNB

from sklearn.linear_model import SGDClassifier, LogisticRegression
from sklearn.neighbors import KNeighborsClassifier
from sklearn.tree import DecisionTreeClassifier
from sklearn.naive_ bayes import GaussianNB

from sklearn.ensemble import RandomForestClassifier
from sklearn.svm import SVC

from sklearn.metrics import f1_score

from sklearn.neural_network import MLPClassifier
from xgboost import XGBClassifier, XGBRFClassifier
from xgboost import plot_tree, plot_importance

from sklearn.metrics import confusion_matrix, accuracy_score, roc_auc_score, roc_curve
from sklearn import preprocessing

from sklearn.feature_selection import RFE

import warnings

warnings.filterwarnings{ ignore")

Figure 2: Libraries Used for this Project

4 Dataset

For this project, a public data-set called Free Music Archive (FMA) data-set is used. The
data-set can be accessed from https://github.com/mdeff/fma, and for this research a
subset of 8000 mp3 audio tracks are used for computational purposes.

4.1 EDA

After the data is imported into the python environment, basic EDA is done on the
'fma_small’ data which contains 8000 tracks. The Figure [3| shows the classification across
various genres.

The below Figure |4] shows the code to generate the Mel-spectrogram and Figure
shows the Mel-spectrogram folk genres.


https://github.com/mdeff/fma

Get Distribution of all Genres

from collections import Counter

genre_count = Counter{df[{'track', 'genre_top')].wvalues)

songs_summary = pd.DataFrame{{"label”:list{genre_count.keys()), "length":list(genre_count.wvalues{))})
sSongs_summary

label length
o Hip-Hop 1000
1 Pop 1000
2 Folk 1000
3 Experimental 1000
4 Rock 1000
5 International 1000
=3 Electronic 1000
7  Instumentsl 1000
classes = list(np.unique(songs_summary.label))

class_dist = songs_summary.groupby(['label*]1)['length’'].mean()

fig, am = plt.subplots()

ax.set_title('Class distribution’, wy=1.88)

ax.pie{class_dist, labels = class_dist.index, autopct='%1.1F%%', shadow — False)#, startongie = 98, textpr
ax.axis('equal') #for circle

plt.show()

<

Class distribution
Folk Experimental

Hip-Hop Electronic

Instrumental Rock

Internaticnal Pop

Figure 3: Genres Classification

def generate_spectrogram(trackid, genre):
filename = fetch_audio_path(audio_dir, trackid)
y, sr = librosa.load(filename)
print{len(y),sr)
spectro = librosa.feature.melspectrogram(y = vy, sr = sr, n_fft = 2843, hop_length = 512)
spectro = librosa.power_to_db(spectro, ref = np.max)
print(spectro.shape, genre)
plt.figure(figsize = (18, 4))
librosa.display.specshow(spectro, y_axis = 'mel', fmax = 8888, x_axis = 'time')
plt.colorbar(format = '%+2.8F dB')
plt.title(str(genre))
plt.shou()

Figure 4: Mel-spectrograms Function



Folk

+0dB

-10 dB

4096
-20 dB

2048 -30dB

-40 dB

Hz

1024 -50 dB

-60 dB
512
-0 dB

-80 dB

Figure 5: Mel-spectrograms of folk Genres

5 Data Pre-processing

Figure [6] shows the data pre-processing by feature extraction through Mel-spectrogram.

def mp3_to_n_slice_np(Ffile_path):

Function to convert .mp3 file to 1@ slice mel spectrogram
¥, sr = librosa.load(file_path)

#load mp3 File
melspectrogram_array = librosa.feature.melspectrogram(y=y, sr=sr, n_mels=128, fmax=3008)

#roise to db values
mel = librosa.power_to_db(melspectrogram_array) #Convert o power spectrogrom to decibel (dB) units

#Covert mel volues to imege and slice into 1@ ports
plt.rcParams['figure.dpi'] = 180

fig_size = plt.rcParams["figure.figsize"]

fig_size[@] = float(mel.shape[1]) / Float(lee)

fig size[1] = float(mel.shape[@]) / float(lee)

plt.rcParams["figure.figsize”] = fig size

plt.axis( ' off')

plt.axes([@., ©., 1., 1.8], frameon=False, xticks=[1, wticks=[1)

librosa.display.specshow(mel, cmap='gray_r')

buf = io.BytesIOo()

plt.savefig(buf, bbox_inches=None, pad_inches=2, format="jpg")

plt.cl¥()

plt.close()

buf.seek(8)

img_array = np.asarray(bytearray(buf.read()))

img_col = cv2.imdecode(img array, cw2.IMREAD_UNCHANGED) #Recd image data from a memory cache and convert
img_gray = cwv2.cvtColor(img col, cvw2.COLOR_BGR2GRAY) #Converts an image from one color space to another
bu¥ . Flush()

buf.close()

num_slices = int(img_gray.shape[1]/128)

img_gray = img gray[:,:(num_slices*128)]

split_spectrum = np.hsplit(img_gray, num_slices)

return split_spectrum, num_slices

Figure 6: Data Pre-processing

The below Figure[7]shows how each audio track is processed through Mel-spectrogram,
finally, the data is stored in .npy’ format which will be used during the model building
process.



Processing of each song to feed into model
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#Iterate through each folder

for d in tgdm(directories):

label_directory = os.path.join(folder_sample, d)

#Get path of all .mp3 Files for each folder
file_names = [os.path.join(label_directory, ¥) for ¥ in os.listdir(label_directory) if f.endswith(".mp3"}]

# Convert .mp3 fFiles into melL-Spectogroms
for £ in file_names:
logger.info(f"Currently on {os.path.split(f)[1]}")
try:
split_output, n = mp3_to_n_slice_np(f)
logger.info(f"The mp3 has been split into {n} slices")
X.extend(split_output)

track_id = int{os.path.split(F)[1].split(".")[8]1)
track_index = list(tracks_id_array).index(track_id)
outputl = [tracks_genre_array[track_index]l*n

v.extend(outputl)
logger.info(f"Genre is {outputl[@]}")

output? = [tracks_name_srray[track_index]]*n
name. extend(outputa)
logger.info(f"Song name is {output2[8]}")
except Exception as e:
logger.error(£"Could not load file due to {str(e)}")
print(“"Conversion Complete™)
1ee% || 155/156 [2:33:38<88:88, 59.84s/it]

Conversion Complete

Saving Train Data

if not os.path.exists("./train"):
os.mkair("./train”)
np.save(”./train/features.npy”, X)
np.save("./train/classes.npy”, ¥
np.save(”./train/names.npy”, name)

Figure 7: Processing of Audio Tracks

6 Classification Models

We will see the constructed architecture of CNN and CNN-LSTM models, along with the
machine learning models.

6.1 CNN Architecture

The CNN model’s construction process is shown in Figure |8 and its model architecture
is shown in Figure [0} respectively.

FEw DN swsssses

cnn = Sequential{name="CHN"

cnn.add{Conv2n{filters=
seed=1}, activation="relu"}} # Dim =

cnn.add{Batchuormalization())

cnn.add{averagePoolingap{pool_size=[2, 2], strides=2)})} # Dim = (6lxeixE4)

kernel_size=[7, 7], kernel_initislizer=initializers.he_normal{
(122x132x64)

cnn.add{Convan{filters=128, kernel_size=[7, 7], strides=2, kernel_initislizer=initializers.he_normal{
seed=1), activation="relu™)}) # Dim = (28x28x128)

cnn.add{Batchdormalization(})

cnn.add{AveragePooling2p{pool_size=[2, 2], strides=2)}) # Dim = (14x14x128)

cnn.add{Conva2n{filters=25&6, kernel_size=[3, 3], kernel_initializer=initializers.he_normal{
seed=1}, activation="relu"}} n = (12x13x256)

cnn.add{Batchiormalization{}}

cnn.add{averageFooling2p{pool_size=[2, 2], strides=2)}) # Dim = (6x6x356)

cnn.add{Conva2D{filters=512, kernsl_siz
seed=1), activation="relu”}} # D1

cnn.add{Batchuormalization())

cnn.add{AveragePooling2p{pool_size=[2, 2], strides=2})} # Dim = (2x2x512)

=[3, 31, kernel_initializer=initializers.he_normal(
= {(4x4x512)

cnn.add{Batchiormalization{}}
cnn.add{Flatten(}} # Dim = (2848)



cnn.add{Batchuormalization(})
cnn.add{Dropout{a.5))

cnn.add{pense{1824, activetion="re=lu",

kernel_initializer=initializers.he_normal{seed=1}}} # Dim = (1524)
cnn.add{Dropout{2.5))
cnn.add{pense({255, activetion="relu",
kernel_initializer=initializers.he_normal(seed=1}}} # Dim = (256)
cnn.add{Dropout{a.2))
cnn.add{ense{s4, activation=
kernel_initializer=initializers.he_normal{seed=1}}} # Dim = (64}
#onn, add {oropout (8. 25))
cnn.add{Dense{32, activetion="relu",
kernel_initializer=initializers.he_normal{seed=1}}} # Dim = (32)})
#onn.add{oropout{e.1))
cnn.add{Dense{2, activetion="softmax",
kernel_initializer=initializers.he_normal{seed=1}))
Figure 8: CNN Model
Training CHM. ..
Model: "CMN™
Layer (type) output Shape Param #

conv2d {Conw2D)

batch_normalization (BatchM
ormalization}

average_poocling2d (Averager
coling2D)

conv2d_ 1 {(Conw2D)

batch_normalization_1 (Batc
htdormalization)

average_pooling2d_1 (Averag
ePooling2D}

conwv2d_ 2 (Conw2D})

batch_normalization_2 (Batc
htormalization)

average_pooling2d_2 (Averag
ePooling2D}

conv2d_ 3 (Conw2D)

batch_normalization_3 (Batc
hdormalization)

average_pooling2d_3 (Awverag
ePooling2D}

batch_normalization_2 (Batc
hMormalization)

flatten (Flatten)

batch_normalization_5 (Batc
hMormalization)

dropout (Dropout)
dense (Dense)
dropout_1 (Dropout)
dense_1 (Dense)
dropout_2 (Dropout)
dense_2 (Dense}
dense_3 (Dense)

dense_4 (Dense)

(32,

(32,

(32,

(32,

(32,

(32,

(32,

(32,

(32,

(32,

(32,

(32,

(32,

(32,

(=2,
(z2,
(z2,
(z2,
(=2,
(=2,
(z2,

(32,

122, 122, 64)

B1, 61, &4)

28, 28, 128)

28, 28, 128)

14, 14, 128)

12, 12, 258)

12, 12, 258)

6, 6, 25&)

4, 4, 512}

4, 4, 512)

2, 2, 512)

2, 2, 512)

2e48)

2848}

2e48)
1824)
1824)
2586)
258)
E4)

323

481536

512

285188

1224

1l1E8le8

2848

2848

2192

a2

2838176

a2

262488

154348

2asa

264

Figure 9: CNN Architecture Output



6.2 CNN-LSTM Architecture

Although reshape and permute layers are included in addition to the LSTM layers, the
CNN-LSTM is constructed in this case fairly similarly to CNN. The CNN-LSTM model’s
construction process is shown in Figure along with a code sample, and the model
architecture is shown in Figure

58 CNN-LSTH Biasss

cnn_lstm = Sequential(name="CHNLSTH")

cnn_lstm.add(Conv2D(filters=64, kernel_size=[7, 7], kernel_initializer=initializers.he_normal(
seed=1), activation="relu")) # Dim = (122x122x64)

cnn_lstm.add(BatchNormalization())

cnn_lstm. add{AveragePooling2D(pool_size=[2, 21, strides=2)) # Dim = (61xf1x6d)

cnn_lstm.add(Conv2D(filters=128, kernel size=[7, 7], strides=2, kernel_initializer=initializers.he_normal(
seed=1), activation="relu")) # Dim = (28x28x128)

cnn_lstm.add(BatchNormalization())

¢ Dim = (14x14x128)

cnn_lstm.add(AveragePooling2D(pool_size=[2, 2], strides=1))

cnn_lstm.add(Conv2D(filters=256, kernel_size=[3, 3], kernel_initializer=initializers.he_normal(
seed=1), activation="relu")) # Dim = (12x12x236)

cnn_lstm.add(BatchNormalization())

cnn_lstm.add(AveragePooling2D(pool_size=[2, 2], strides=2)) # Dim = (6x6x256)

cnn_lstm.add(Conv2D(filters=512, kernel _size=[3, 3], kernel_initializer=initializers.he_normal(
seed=1), activation="relu")) # Dim = (dndy512)

cnn_lstm.add(BatchNormalization())

cnn_lstm.add(AveragePooling2D(pool_size=[2, 2], strides=2)) # Dim = {2x2x512)

cnn_lstm.add(BatchNormalization())
cnn_lstm.add(Dropout(8.6))

cnn_lstm.add(Reshape( (512, -1)))
cnn_lstm.add(Permute((2, 1))

cnn_lstm.add(LSTM(128, return_sequences=True, input_shape=(128, 128, 1)))
cnn_lstm.add(LSTM(128, input_shape=(128, 128, 1)))

cnn_lstm.add(Dense(1824, activation="relu",
kernel_initializer=initializers.he_normal(seed=1))) # Dim = (1424)
cnn_lstm.add(Dropout(8.5))

cnn_lstm.add(Dense(256, activation="relu",
kernel_initializer=initializers.he_normal(seed=1))) # Dim = (256)
cnn_lstm.add(Dropout(8.2))

cnn_lstm.add(Dense(64, activation="relu",
kernel_initializer=initializers.he_normal(seed=1))) # Dim = (64)

#cnn.add (Dropout (8.25))

cnn_lstm.add(Dense(32, activation="relu",
kernel_initializer=initializers.he_normal(seed=1))) # Dim = (32)

#cnn.add (Dropout (6.1))

cnn_lstm.add(Dense(8, activation="softmax",
kernel_initializer=initializers.he_normal(seed=1)))

Figure 10: CNN-LSTM Model



Training CHNLSTM. ..
Model: "CHNLSTM™

Layer (type) output sShape Faram &
conva2d_a (ConvaD) (32, 122, 122, &64) 3288
batch_normalization_& (Batc (32, 122, 122, 256
hnormalization)

average pooclingad a2 (Averag (22, 61, &1, &54) a2
ePoocling2D})

conva2d_5 (Conwva2D) (32, 28, 28, 128) AP153IE
batch_normalization_7 (Batc (=2, 28, 28, 128} 512
hrormalization}

awverage pooling2d 5 (Averag (=2, 14, 14, 128} a2
ePooling2D}

convad_6 (ConwvaD) (22, 12, 12, 256) 295168
batch_normalization_8 (Batc (32, 12, 12, 25&} 1224
hrnormalization)

awverage_pooling2d_& (Averag (32, B, B, 25&)} a2
ePooling2D)

conv2d_7 (ConvaD) (32, 4, 4, 512) 1188168
batch_normalization_9 (Batc (22, 4, 4, 512} 2848
hormalization}

awverage poolingad 7 (Aaverag (2, 2, 2, 512} 2
ePooling2D]}

batch_normalization_12 (Bat (=2, 2, 2, 512} 2848
chdormalization}

dropout_= (Dropout) (=2, 2, 2, 512} 2
reshape (Reshape)} {32, 512, 4} a
permute (Permute} (=2, 4, 512} a2

1stm [LSTM) (32, 4, 128) 328192
1stm 1 [LSTM) (22, 128) 131584
dense_5 (Dense) (22, 1224} 132896
dropout_4 (Dropout) (22, 1224) a2
dense_& (Dense) (32, 256} 262408
dropout_5 (Dropout) {22, 258} a
dense_7 (Dense) (=2, &4) 154348
dense_2 (Dense) (=22, 232} 2e3e
dense_9 (Dense) (=2, B) 254

Figure 11: CNN-LSTM Architecture Output



6.3 Machine Learning

The machine-learning models’ construction process is shown in a snippet of code in Fig-
ure For this research, eight alternative machine learning models have been developed.

Machine Learning Models

# Function to assess the occuracy of a model

def model_assess(model, title = "pefault™)
model.fit(X_train, y_train)
preds = model.predict(X_test)
#print({confusion matrix{y_test, preds))
print("Accuracy", title, ":", round{accuracy_score(y_test, preds), 5}, "‘n"}

# Noive Bayes

nk = GaussianMB()

medel_assess({nb, "Maive Bayes"™)

# Stochastic eradient Descent

sgd = seDClassifier(max_iter-58e2, random state-2)

moedel_assess(sgd, "Stochastic Gradient Descent™)

& KN

knn = KNeighborsClassifier({n_neighbors=1%)

moedel_assess(knn, "KHN")

# Decission trees

tree = DecisionTreeClassifier()

moedel_assess(tree, "Decission trees™)

# Random Forest

rforest = RandomForestClassifier(n_estimators-12e88, max_depth-=18, random_state-2)

madel assess(rforest, "Random Forest™)

# Support Vector Machine

svm = SWC(decision_function_shape="ovo"™)

moedel_assess(swm, "Support vector Machine™)

# Logistic Regression

lg = Logisticregression(random_state-8, solver="1bfgs"', multi_class="multinomial'}

medel_assess(lg, "Logistic Regression™)

# Cross Grodient Booster

*gb = XGgBClassifier({n_estimators-1822, learning rate-2.8%5)

madel assess(xghb, "Cross Gradient Booster™)
preds = xgb.predict(x_test)

Figure 12: Machine Learning Model

7 Implementation of Code

e Download FMA data-set from https://github.com/mdeff/fma
e Download ’Final_Thesis_Project.zip’, unzip it, and create a folder called "FMA’.
e Unzip the downloaded data-set into the newly created '"FMA’ folder.

e Run 'FMA-EDA.ipynb” and "FMA-Preprocessing.ipynb’ scripts to get the npy files
that will be used during the model building process.

e Run 'FMA-Train.ipynb’ script, When the trained model is done, the script prompts
for epoch number to be fed for the test data validation, then the python script asks
to save the model with Y’ or 'N’.

e The previous step is repeated again for the CNN-LSTM model also. Finally, the
machine-learning model is also completed.


https://github.com/mdeff/fma
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