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Configuration Manual

Cian McGrane
Student ID; 19181931

1. Introduction

This manual provides detailed instructions on how to set up and run the music classification
research project. It includes information on system requirements, installation steps, dataset
preparation, running model, and troubleshooting. The final section we explain some of the code
that was used in the project.

2. System requirements

Hardware requirements
= Processor: Minimum 4-core CPU (8-core recommended)
* RAM: Minimum 8GB (16GB recommended)
= Storage: Minimum 100GB free space

Software requirements
= QOperating system: Ubuntu 18.04 or later / Windows 10 / MacOS 10.15 or later
= Python 3.8 or later
= Essential Python package (detailed in installation instructions)

3. Installation Instructions

1. Download the project folder, Final_Project.

2. Import the project to your preferred IDE.

3. Update the FILE_PATH variable in the Config.py file to the location the project is
saved.

4. Update CLIENT_ID and CLINET_SECERT with your credentials from the Spotify
API, https://developer.spotify.com/documentation/web-api

5. The following libraries need to be installed into your virtual environment:

Item Name Version Link
Library Scikit-learn 1.4.1.postl https://scikit-
learn.org/stable/
Library pandas 2.14 https://pandas.pydata
.org/
Library matplotlib 3.8.0 https://matplotlib.org
/




Library NumPy 1.26.4 https://numpy.org/
Library Imbalanced- 0.12.3 https://imbalanced-
learn learn.org/stable/
Library seaborn 0.12.2 https://seaborn.pydat
a.org/
Library Opencv- 4.9.0.80 https://pypi.org/proje
python ct/opencv-python/
Library pickle 3.8 https://docs.python.o
rg/3/library/pickle.ht
ml
Library scikeras 0.12.0 https://adriangb.com/
scikeras/stable/
Library astunparse 1.6.3 https://pypi.org/proje
ct/astunparse/
Library tekore 54.0 https://tekore.readthe
docs.io/en/stable/

4. Dataset Preparation

= The Kaggle dataset is available in the data folder within the project.
= The dataset from Spotify is generated by the script and will be saved to the data
folder.

5. Run Model

Open main.py and run the script
6. Code

The code snippets below will detail some of the function that were writing for data sourcing,
data preprocessing, data modelling, and data evaluation.

The first code snippet shows how the Spotify API was queried. The object return from the
APl is a JSON object. A loop is used to loop through the different alboum for each artist. The
artist URIs are broken into batches of 500 and a delay is added in-between requests. The
reason for this is to manage the number of requests to the API. If there are too many requests
sent to the API consecutively it will time out. The elements that are pulled from the API are
arrtistID, albumName, and imageURL. These are added to a DataFrame and each batch are
finally concatenated.



for 1 in range(®, len(artist_id_list), Config.BATCH_SIZE):
# the t Lbum |
batch = artist_id_1i i:i+Config.BATCH_SIZE]
artistNames=[]
artistIDs=[]
albumURIs=[]
albumNames=[]
albumImageURLs=[]

random_number = random.uniform(®.5

time.sleep(random_number) #Add

albums = spotify.artist_albums(artist_id)

for album in albums.items:
albumURIs.append(album.uri)
albumNames. append(album. name)

artistIDs.append(artist_id)
artist_name = album.artists[@].name
artistNames.append (artist_name)

albumImageURL = str(album.images[@].url)
IndexError:
albumImageURL = “No Image"
albumImageURLs.append(albumImageURL)

and1
print(

albumData = {‘artistID':artistIDs}

albumDF = pd.DataFrame (albumData)

albumDF [ “albumiD ‘] = albumURIs

albumDF[ ‘a Vame ‘] = albumNames

albumDF[ ‘artisthName’] = artistNames

albumDF [ ‘Image '] = albumImagelURLs

albumDF.to_csv{Config. FILE_PATH + "/d&8¥&8/albumData_batch" + str{i) + ".csv", index=False)

concat_files.concat_data_files()

There are two features extracted from the images most dominant colour (MDC) and pixel
intensity histogram (PIH). The k-means clustering algorithm is used to extract the colours
from the images. The number of clusters is the number of colours that are to be extracted. If
the number of clusters is less than the expected number of dominant colures the remaining
colours are populated with the first colour that is extracted.

unique_c p.uniquel ray, =
num_clusters = min{desired_clusters, unique_colors.shapel[@])

try:
# Perfo C
kmeans = KMeans(n_cluster:
kmeans. fit(flattened_array)
dominant_colours = kmeans.cluster_centers_

# If the nun of is th

if dominant_colours.shape[8] < desired_clusters:
first_colour = dominant_colours[@]
fill_colours = np.tile(first_colour, (desired_clusters — dominant_colours.shape[@], 1))
dominant_colours = np.vstack( [dominant_colours, fill_celours])

C t n or pr e a default
expected_size desired_clusters = 3
if dominant_colours.size != expected_size:
alueError( r"Expected {expected size} elements, but found {dominant_colours.size}.”)
reshaped_colours = np.round(dominant_colours, decimals=8).astype{int).reshape((desired_clusters, 3))

n reshaped_colours

a d rr
np.zeros((desired_clusters, 3), dtyp

The Python library cv2 has a method, calcHist, that generates a pixel intensity histogram.
There are three histograms created one for each colour channel, red, green, and blue.



1 c a ].-fi]. None, [256], [B, 256]) for i in range(3)]
hist_channels = np.array(hist_channels)

#C e a Data

colour_histogram = pd.DataFrame({
‘ImageURL ': ima ri,
‘Pixel In ity': range(256),
‘Red Fregq hist_channels[@]. flatten(),
‘Green Frequenc hist_channels [1].flatten(),
‘Blue Freguen hist_channels[2].flatten(),

h
return colour_histogram

Exception et
print{ f"Error e: features: {e}")
—

-
pd.DataFrame()

The two models that are used to classify the image feature are the k-nearest neighbour (KNN)
and support vector machines (SVM). The MDC features and PIH feature undergo a clustering
process before they are fed into the KNN model. The cluster process using the k-means
algorithm to identify the images with similar features. The images are flattened, and a
principal component analysis is performed to reduce the number of features. The cluster
where the data points are the closest is selected and a new DataFrame is created that will be
used for the model.

f perform_pca_cluster(genre_df, genre):

y function is de
age_array(genre_df)

pe(3 #* 3 = 3) / 255 for img in reshaped_list])

CA(n_components=2)
X_pca = pca.fit_transform(X_flat)

1 K s clus ing

kmeans = KMeans(n_clusters=6, random_state=42) # A
kmeans. fit(X_flat)

labels = kmeans.labels_

# g

plt.figure(figsize=(18, 7))

sns.scatterplot(x=X_pcal:, 8], y=X_pcal:, 1], hue=labels, palette="viridis", s=18@8, alpha=8.7)
plt.title( f"KMeans Clustering of Image Data (Reduced Dimensions) {genre}")

plt.xlabel(“PCA ponent 1")

plt.ylabel(“PCA Component 2")

plt.show()

# Add the c to the dataframe
genre_df[ 'cluw: labels

set the d on the

closest_d genre_df [genre_df[ ‘cluster’] == most_compact_cluster]
largest_df = genre_df[genre_df[ ‘cluster’] == largest_cluster]

f 3 DataFrames
closest_df = closest_df.reset_index{drop=True)
largest_df = largest_df.reset_index(drop=True)

- visual ion
TSNE(n_components=2, random_state=42)
images_tsne = tsne.fit_transform(X_flat)

plt.figure(figsiz , 6))

scatter = plt.scatter(images_tsne[:, @], images_tsne[:, 1], c=labels, cmap='viridis’, alpha=0.6)
plt.colorbar(scatter)

plt.title( f't-SNE Visvalization of Image Clusters {genre}’)

plt.xlabel( 't-SNE Component 1°)

plt.ylabel( 't-SNE Component 2°)

plt.show()

return closest_df, largest_df




The first model that is used is the KNN model. The image data is flattened the data. Prior to
the data being fitted to the model a PCA and linear discriminant analysis (LDA) are
performed on the data to reduce the number of features. The data is split into test and training
subsets. Hyperparameter tunning is perform for the following parameters: number of
neighbours, weights, algorithm, leaf size, and power. The best model is selected and the
performed is assessed using accuracy, precision, recall, F1-score, and area under the curve
(AUC).

lef run_knn_model(data, y_labels, IMAGE_HEIGHT, IMAGE_WIDTH, CHANNELS, data_type, feature, SAMPLE_S
label_encoder = LabelEncoder()

ve 0rs
feature = 'His' or feature = ‘Comb’:
L . y{ [img.reshape(IMAGE_HEIGHT # IMAGE_WIDTH * CHANMELS) for img in datal)
COMPOMENTS = ((IMAGE_HEIGHT * IMAGE_WIDTH) * CHANNELS)
elif feature == 'RGB_Base':
reshaped_list = mdc.create_image_array(data)
¥_flat = np.array([img.reshape(3 % 3 * 3) / 255 for img in reshaped_list])
COMPONENTS = 8
elif feature == ‘His_Base':
X_flat = datal['R1’, 'G1', 'B1‘, 'R2', 'G2', 'B2*, 'R3', 'G3', 'B3', 'R4’, 'G4', 'B4', 'R5'
X_flat = X_flat/255

: Normalize the data
StandardScaler()
X_flat_scaled = scaler.fit_transform(X_flat)

b _ 6r-|1pn|:|en-ts=COHPmENTS}
X_pca = pea.fit_transform(X_flat_scaled)
pg.plot_pca_variance(X_pca)
n_classes = len{np.unique(y_labels))
n_components min(28, min(n_classes —
rint (LD or {data
LDA(n_componen

— ldani‘t_t ran (X_pca, y_labels)

pg.plot_lda_variance(n_components, X_pca, y_labels)

, y_test = train_test_split(X_lda, y_labels, test_size=8.2, random_stat
for optimal k in k-NN

: [3, 5, 7, 9, 11, 13, 15, 17, 19, 21]
5 .

38, 48, 58, 60

clidea

grid_search = GridSearchCV(KNeighborsClassifier(metric="'euclidean"), param_grid, , scoring=
grid_search.fit(X_train, y_train)

best_params = grid_search.best_params_
print({ f"Best parameters for {data_type}: {best_params}")

best_knn = grid_search.best_estimator_ # Get the
y_pred = best_knn.predict(X_test)

X_preds_train = best_knn.predict(X_train)
X_preds_test = best_knn.predict(X_test)

rmance metrics
curacy_score(y_test, y_pred)
precision_score(y_test, y_pred, average="' )

recall = recall_score(y_test, y_pred, average='macro’)

1l = f1_score(y_test, y_pred, average='macro')

auc = roc_auc_score(y_test, best_knn.predict_proba(X_test), multi_class="ovr’)

The second model the data is passed into is the SVM model. The correct predictions from the
KNN model are used to train this model. Data augmentation and recursive feature elimination
are performed before the data is fitted to the model. Hyperparameter tunning is perform on
the following parameters: C, kernel, gamm, degree, and coef0. This model is trained using
MDC, PIH, and a combination of the two. The output is three SVM models.



m({X_data, y_labels, feature, GENRES):

ning and test
X_train, X_test, y_train, y_test train_test spl.l.‘t{)( data, y_labels, test_size=08.2, random_state=42)

2 L1

StandardScaler()
X_train_scaled = scaler.fit_transform{X_train)
X_test_scaled = scaler.transform(X_test)

E 3 OTE)
smote SHDTE( randcm state=42, k_neighbors=1)
X_train_augmented, y_train_augmented = smote.fit_resample(X_train_scaled, y_train)

#F 5 i usi E

RFE(estimator=LogisticRegression(), n_features_to_select=1@)
X_train_augmented = rfe.fit_transform(X_train_augmented, y_train_augmented)
X_test_scaled = rfe.transform(X_test_scaled)

3 - rid
param_grid

: [e.81, 8.1, 1, 18, 1e8],
'kerﬂel‘ I‘near r.bf",
gamma ', tauto'l,
‘degree’:
'coefd':

[4Y] Stra‘tlfledKFnld{n _splits=5, shuffle=True, random_state=42)
svm_grid_search = GrldSearch(V{SV({randnm_state=42, probability=True), param_grid, cv=cv)
svm_grid_search.fit(X_train_augmented, y_train_augmented)

— sund b

nt(“Best Parameters for (}". format(feature, svm_grid_search.best_params_) )
Train Bl th t b

best_svm_model svm_grid_search.best_estimator_

best_svm_model. fit(X_train_augmented, y_train_augmented)

accuracy = accuracy_scorely_test, y_pred)
printlllf*Accuracy for {feature}: ", accuracy])

assification Reuar for {feature}:
print{classification_reportiy_test, y_pred)})

rn best_svm_model, X_test_scaled, y_test, accuracy

The final stage in the classification process is to pass the SVM models into an ensemble
model. This model combines model into a singular model to help improve performance. The
two best models are selected. The model’s performance is assessed using precision, recall, F-
1 score, accuracy, and AUC.

combined_svm_model, acc_combined),
, rgb_svm_model, acc_ragb),
his_svm_model, acc_his)

tnp models = models _with aC([ 2]

# b = - ility
calibrated_models i ifi i = "sigmoid or name, model, _ in top_models]

¢ Fit ca ate als the
name, model calibrated_model
model.fit{concatenated_array, concatenated_labels)

estlmtur =[{calibrated_models[8] [8], calibrated_models[8][1]),
{calibrated_models[1][8], calibrat odels[1][1])],
# 1 0 i

# m 1
y_pred_ensembl voting_clf.predict(X_test)
accuracy_ensemble = accuracy_! scure(y test, y_pred_ensemble)
print{ f*Ensemble Model Accuracy: b le}")

int( “Ensembl e

y_pred_ensemble_proba oting_clf.predict_proba(X_test)

auc_ensemble = roc_auc_score( test, y pred_ensemble_proba, multi_class=‘our’)
print( f"Ensemble Model AUC: )




The final stage in the process is the data evaluation. The classifation_report method from the
SciKit-learn pack is used to assess the perform of each model. This report displays the
accuracy, precision, recall, F1-score and AUC for each model. There are also some code
sippets that plot the MDC and PIH feature on a graph

f plot_colours{colour_values, genre):
fig, axes = plt.subplots(3, 3, figsize=(9, 9))
fig.suptitle(f 'Most Dominant Colours for {genre}’, fontsize=16)

# Plot each color in the 3x3 grid

for ax, coloer in th{axes flatten{], culuur values):
ax.axis( 'eff') # Turn off
ax.imshow( [ [color]], aspect=' # Display

# Hide any remainimg empty subp 5 if there are fewer
for ax in axes. flattenﬂl[‘en{culuur ualues] 1:
ax.axis( ‘off*)

plt.tight_layout({rect=[8, @, 1, 8.96])
plt.show()

get_historgrams {df_sub}:

r_columns [ ‘mostFrequentGenre’] + [F“{i}_R"™ for i in range(256)]
g_columns [ ‘mostFrequentGenre’]l + [F"{i}_G" for i in range(256)]
b_columns [ ‘mostFrequentGenre’]l + [F“{i}_B" for i in range(256)]

red_df = df_sub[r_columns]
green_df = df_sub[g_columns]
blue_df = df_sub[b_columns]

dfs = []

genres_sub = df_sub[ ‘mostFreguentGenre '] .to_list()

for genre in genres_sub:
temp_df = pd.DataFrame()
temp_df[ ‘Pixel Intensity']l = range(256)

temp_red = red_df[red_df[ ‘most Frequen tGenre'] == genrel
temp_green = green_df[blue_df [ 'mostFrequentGenre']l == genre]
temp_blue = blue_df[blue_df['mastFrequentﬁean'] == genre]

temp_red = temp_red.drop(temp_red.columns[@], axis=1)
temp_green = temp_green.drop{temp_green.columns [8], axis=1)
temp_blue = temp_blue.dropltemp_blue.columns[8], axis=1)

row_to_add_r = temp_red.iloc[al
row_to_add_g temp_green.iloc[8]
row_to_add_b = temp_blue.iloc[@]

new_column_red = row_to_add_r.to_frame().reset_index({drop=True)
new_column_green = row_to_add_g.to_frame().reset_index{drop=True)
new_column_blue = row_to_add_b.to_frame().reset_index{drop=True)

temp_df [ ‘Red Freguency']l = new_column_red.iloc[:, @]
temp_df [ ‘Green Freguency']l = new_column_green.iloc[:, @]
temp_df[ ‘Blue Freguency']l = new_column_blue.iloc[:, @]

plot_histogram{temp_df, genre]
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