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Music Classification: Traditional Machine Learning



Introduction

● Traditional machine learning pipeline in classification tasks

○ Select a set of audio features and concatenate for a given task

○ Frame-wise differences (i.e., delta and double-delta) are often concatenated 

to capture local temporal changes

○ The concatenated features are complementary to each other
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Issues: Redundancy and Dimensionality 

● Redundancy and dimensionality in the concatenated audio features

○ Adding more features increases the dimensionality of the feature vectors. As 

a result,  the classifier needs more parameters to train

○ The information in the concatenated feature vectors can be redundant 
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Issues: Temporal Summary

● Taking the entire frames of audio features over time is too large 

○ 1 to 5 seconds of audio is a typical size as the input of classifier

○ The size is often called texture window or context window

● Summary methods 

○ Temporal pooling (average, standard deviation): orderless summary    

○ DCT over time: take a small number of low-frequency cosine kernels for 

each feature dimension (1D DCT) or the entire feature dimension (2D DCT)
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Unsupervised Learning 

● Dimensionality reduction

○ Project data from a high-dimensional space to a low-dimensional space 

○ Find correlation or redundancy patterns between data elements

○ Examples: PCA, NMF, Auto-Encoder, t-SNE, UMAP

● Clustering

○ Discover groups of similar examples with the data

○ Examples: K-means, GMM, Spectral clustering, hierarchical clustering

● Density estimation

○ Fit a probabilistic distribution model to data

○ The model can explain the likelihood of samples

○ Examples: GMM, Kernel density estimation



Principal Component Analysis

● Correlation and Redundancy

○ We can measure the redundancy between two elements in a feature vector 

by computing their correlation

○ If some of the elements have high correlations, we can remove the 

redundant elements
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Principal Component Analysis

● Transform the input space (𝑋) into a latent space (𝑍) such that the latent 

space is de-correlated (i.e., each dimension is orthogonal to each other)

○ Linear transform designed to maximize the variance of the first principal 

component and minimize the variance of the last principle component
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Principal Component Analysis

● Transform the input space (𝑋) into a latent space (𝑍) such that the latent 

space is de-correlated (i.e., each dimension is orthogonal to each other)

○ Linear transform designed to maximize the variance of the first principal 

component and minimize the variance of the last principle component
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The diagonal elements correspond to the variances 

of transformed data points on each dimension
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Principal Component Analysis: Eigenvalue Decomposition 

● Eigenvalue decomposition (𝑄: eigenvectors, Λ: eigenvalue matrix) 

● To derive 𝑊

𝑍𝑍𝑇 = 𝑁 (𝑊𝑋)(𝑊𝑋)𝑇= 𝑁 𝑊𝑋𝑋𝑇𝑊𝑇 = 𝑁 𝑊Cov(𝑋)𝑊𝑇 = 𝑁

𝐴𝑄 = 𝑄Λ

(If 𝐴 is symmetric)

𝑊 = 𝑄𝑇

𝐴𝑥𝑖 = 𝜆𝑖𝑥𝑖

𝑄 = [𝑥1𝑥2…𝑥𝑁] Λ = diag(𝜆𝑖)

Cov 𝑋 = 𝑋𝑋𝑇 = (𝑋𝑋𝑇) 𝑇= Cov(𝑋)𝑇 Covariance matrix of 𝑋 is symmetric

𝐴 = 𝑄Λ𝑄−1 𝐴 = 𝑄Λ𝑄𝑇

Cov(𝑋) = 𝑊𝑇𝑁𝑊 𝑊 is an orthogonal matrix (𝑊−1 = 𝑊𝑇)

The orthogonal matrix 𝑾 is obtained from the eigenvectors of covariance matrix of 𝑿 !

𝑁 = Λ



Principal Component Analysis: Eigenvalue Decomposition 

● From the eigenvalue decomposition 

● Set the scaled orthogonal matrix

● The latent spaced is normalized to have unit variances

Λ−1/2 =
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𝑇
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= (𝑊′𝑋) 𝑊′𝑋 𝑇 = 𝑊′𝑋𝑋𝑇𝑊′𝑇 = Λ− ൗ1 2(𝑊𝑋)(𝑋𝑇𝑊𝑇)Λ− ൗ1 2 = Λ− ൗ1 2𝑍𝑍𝑇Λ− ൗ1 2 = 𝐼

𝑊′ becomes an orthonormal matrix

𝑍′ = Λ− ൗ1 2𝑍



Principal Component Analysis in Practice

● 𝑋 is a huge matrix where each column is a data point in practice

○ Computing the covariance matrix is a bottleneck 

○ We often randomly sample the input data

Cov 𝑋 =

𝑋 𝑋𝑇

. . .

. . .



Principal Component Analysis in Practice

● Shift the distribution to have zero mean 

● The normalization is optional: called PCA whitening

Shifting

𝑋

𝑋′ = 𝑋 − mean(𝑋)

Rotation

Normalization

(Scaling)
𝑊𝑋 ′

Λ′ 𝑊𝑋 ′



Dimensionality Reduction Using PCA

● We can remove principal components with small variances

○ Sort the variances in the latent space (the eigenvalues) in descending order 

and removing the tails

○ A strategy is accumulating the variances from the first principal component. 

When it reaches 90% or 95% of the sum of all variances, remove the 

remaining dimensions. This significantly reduces the dimensionality.

● Note that you can reconstruct the original data with some loss

○ You can use PCA as a data compression method

Variances

⋯
95%



Visualization Using PCA

● Taking the first two or three principal components only for 2D or 3D 

visualization

○ A popularized used feature visualization method along with t-SNE in 

analyzing the latent feature space in the trained deep neural network

source:https://jakevdp.github.io/PythonDataScienceHandbook/05.09-principal-component-analysis.html



K-Means Clustering

● Grouping the data points into K clusters  

○ Each point has a membership to one of the clusters

○ Each cluster has a cluster center (not necessarily one of the data points)

○ The membership is determined by choosing the nearest cluster center

○ The cluster center is the mean of the data points that belong to the cluster

This is dilemma!



Learning Algorithm

● Iterative learning

○ Initialize the cluster centers with random values (a)

○ Compute the memberships of each data point given the cluster centers (b)

○ Update the cluster centers by averaging the data points that belong to them (c)

○ Repeat the two steps above until convergence (d, e, f)

(The PRML book)

The loss monotonically

decreases every iteration



Data Compression Using K-means

● Vector Quantization 

○ The set of cluster centers is called “codebook”: 

○ Encoding a sample vector to a single scalar value 

of “codebook index” (membership index)

○ The compressed data can be reconstructed using 

the codebook 

○ Example: CELP (Code-Excited Linear Prediction)
■ A component of speech sound is vector-quantized 

and the codebook index is transmitted in the 

speech communication

Encoding

3 5 ⋯

Decoding

𝑥(1) 𝑥(2) ⋯ 𝜇3 𝜇5 ⋯

Example of a codebook for a 2D 

Gaussian with 16 code vectors

source:https://wiki.aalto.fi/pages/viewpage.action?pageId=149883153



Codebook-based Feature Summarization

● Compute the histogram of codebook index 

○ Represent the codebook index with one-hot vector
■ if K is a large number, it is regarded as a sparse representation of the features

○ Useful for summarizing a long sequence of feature-level features
■ Often called “a bag of features” (computer vision) or “a bag of words” (NLP)

0 0
0 0
1 0 …
0 0
0 1
0 0

Summarization (histogram)

K-dimensional vector

Encoding

𝑥(1) 𝑥(2) ⋯
one-hot vector

representation 

source:https://towardsdatascience.com/bag-of-visual-words-in-a-nutshell-9ceea97ce0fb

a bag of features



Classifiers

● Conduct supervised learning with the feature vectors and labels

○ Off-the-shelf classifiers are usually used  

○ Examples: K-NN, Logistic regression, support vector machine, multi-layer-

perceptron
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K-Nearest Neighbor (K-NN) 

● Predict the label of a test example from the nearest training examples 

○ Uses only the distance from training examples and has no model parameters 

○ The choice of distance: Euclidean (L2), Manhattan (L1) or cosine 

“Metal”
“Jazz”

“Classical”

Feature Space X1

X2

: test examples



K-Nearest Neighbor (K-NN) 

● Find “K” nearest training examples and do the majority voting 

○ K is typically an odd number

“Metal”
“Jazz”

“Classical”

Feature Space X1

X2

: test examples



K-Nearest Neighbor (K-NN) 

● Decision boundaries

○ Result in the Voronoi diagram

http://cgm.cs.mcgill.ca/~godfried/teaching/projects.pr.98/sergei/project.html

1-NN

5-NN

https://en.wikipedia.org/wiki/K-nearest_neighbors_algorithm



K-Nearest Neighbor (K-NN) 

● K-NN is a simple and reliable classifier 

○ No model parameters: K and the distance are only options

○ Find non-linear boundaries: Voronoi diagram 

● However, the distance from the test example should be computed 

across the entire training examples

○ Slow computation: “test phase”: O(1) in train and O(N) in test

○ Require a large memory to store the training data

○ Fast K-NN (usually implemented with a hash table) is another research topic 

to speed up computing the distance



Model-based Approach for Classification 

● Learning model 𝑓 is defined in terms of parameters 𝜃 and predicts the 

class from 𝑓 𝑥|𝜃 given the input 𝑥

○ The model does not memorize the training data

● The model parameters 𝜃 are learned by minimizing the average loss for 

the training data, which is given as input data 𝑥 and output label 𝑦

(supervised learning)

○ There are many choices of loss functions that measure the difference 

between the prediction and the ground truth 𝑦

min
𝜃

1

𝑁
෍

𝑖=1

𝑁

𝑙(𝑓 𝑥𝑖|𝜃 , 𝑦𝑖)



Linear Model

● Defined as 𝑦′ = 𝑓 𝑥|𝜃 = 𝑊𝑥 + 𝑏

● Each row of 𝑊 and 𝑏 (𝑤𝑖, 𝑏𝑖) is a “class template” or “class prototype”

○ It separates the examples of the corresponding class from others

● In test phase, 𝑓 𝑥;𝑊, 𝑏 works as a score function

○ Predict the class by choosing the class template that has the maximum 

score from a new input: ො𝑦 = argmax
𝑐

(𝑤𝑐𝑥 + 𝑏𝑐)

“Metal”

“Jazz”

“Classical”

+

𝑊
𝑥

𝑏

=

𝑓(𝑥;𝑊, 𝑏)

𝑤1𝑥 + 𝑏1 > 0

𝑤1𝑥 + 𝑏1 < 0

𝑤1𝑥 + 𝑏1 = 0

𝑤2𝑥 + 𝑏2 > 0

𝑤3𝑥 + 𝑏3 > 0
𝑥1

𝑥2

𝑤1

𝑤2

𝑤3

𝑏1

𝑏2

𝑏3



Loss functions

● Determine how much penalty is assigned to each example given 𝑊 and 𝑏

○ Whether the example is correctly classified or not

○ How far the example is from the boundary

○ The penalty should be continuous at the boundary  

𝑥1

𝑥2

Loss:?

Loss:?

Loss:?

Loss:?
Loss:?

: positive examples (𝑦 = 1) 

: negative examples (𝑦 = -1)  
𝑤𝑥 + 𝑏 > 0

𝑤𝑥 + 𝑏 < 0

Loss:?

𝑤𝑥 + 𝑏 = 0



Loss functions

● Hinge loss: 𝑙 𝑥, 𝑦|𝜃 = 𝑚𝑎𝑥(0, 1 − 𝑦 ∙ (𝑤𝑥 + 𝑏))

● Logistic loss: 𝑙 𝑥, 𝑦|𝜃 = log(1 + 𝑒−𝑦∙(𝑤𝑥+𝑏))

Boundary

Correctly 

Classified

Incorrectly 

Classified

𝑦 ∙ (𝑤𝑥 + 𝑏)



Support Vector Machine

● Use the hinge loss function

○ The examples with non-zero loss are called “support vectors”. The number 

of support vectors is much smaller than the size of the training set  

○ The boundary is determined to have the maximum margin between the 

support vectors (“maximum margin classifier”)

: positive examples (𝑦 = 1) 

: negative examples (𝑦 = -1) 

𝑥1

𝑥2

𝑤𝑥 + 𝑏 = 1

𝑤𝑥 + 𝑏 = −1

Support Vectors

Margin

Loss:0

Loss:0



Multi-Class SVM

● The hinge loss function is generalized to multi-class classification

𝑓 𝑥, 𝑦 = 𝑘 𝜃 = ෍

𝑐≠𝑘

max(0, 1 − 𝑤𝑘𝑥 − 𝑏𝑘 +𝑤𝑐𝑥 + 𝑏𝑐)

Loss contributions from the others

“Metal”

“Jazz”

“Classical”

𝑤1𝑥 + 𝑏1 > 0

𝑤1𝑥 + 𝑏1 < 0

𝑤1𝑥 + 𝑏1 = 0

𝑤2𝑥 + 𝑏2 > 0

𝑤3𝑥 + 𝑏3 > 0
𝑥1

𝑥2



Logistic Regression

● Defining the prediction from the conditional probability 𝑃(𝑦 𝑥 .

○ For the binary classification, we use Bernoulli distribution

○ Parameterize 𝑔 with the linear function of the input and sigmoid function

𝑃(𝑦 = 1 𝑥 = 𝑔 , 𝑃(𝑦 = −1 𝑥 = 1 − 𝑔

𝑃(𝑦 = 1 𝑥 = 𝑔 𝑧 = 𝑔 𝑤𝑥 + 𝑏 =
1

1 + 𝑒−𝑧
=

1

1 + 𝑒−𝑤𝑥−𝑏

𝑥2
𝑤𝑥 + 𝑏 > 0

𝑤𝑥 + 𝑏 < 0

Sigmoid

function

𝑔 𝑧 = 0.5

𝑔 𝑧 > 0.5

𝑔 𝑧 < 0.5



Logistic Regression

● The logistic loss is defined as the cross-entropy between the probability 

distribution and the ground truth (or true distribution)

○ This also corresponds to the negative log-likelihood

○ Minimizing the negative log-likelihood → “Maximum likelihood estimation”

𝑙 𝑥, 𝑦|𝜃 = ෍

𝑐

𝑞 𝑥 [−log𝑝(𝑥)] = −෍

𝑐

𝑞 𝑥 ∙log 𝑔(𝑤𝑐𝑥 + 𝑏)

=−log 𝑔(𝑤𝑥 + 𝑏)−log (1 − 𝑔 𝑤𝑥 + 𝑏 ) =log(1 + 𝑒−𝑦∙(𝑤𝑥+𝑏))

positive examples negative examples

𝑞 𝑥 =[1,0] or [0,1]



Multi-Class Logistic Regression

● Softmax: multi-class extension of the logistic regression

○ From the Bernoulli distribution to the multinomial distribution 

● Again, the loss function is defined as the cross-entropy between the 

multinomial distribution and the ground truth

○ Also, it is the same as the negative log-likelihood of the training data

○ Minimizing the negative log-likelihood → “Maximum likelihood estimation”

𝑃(𝑦 = 𝑘 𝑥 =
𝑒𝑤𝑘𝑥+𝑏𝑘

σ𝑐 𝑒𝑤𝑐𝑥+𝑏𝑐

𝑙 𝑥, 𝑦 = 𝑘 𝜃 = − 𝑤𝑘𝑥 + 𝑏𝑘 + log(෍

𝑐

𝑒𝑤𝑐𝑥+𝑏𝑐)

𝑤1𝑥 + 𝑏1

𝑤2𝑥 + 𝑏2

𝑤3𝑥 + 𝑏3

𝑒𝑤1𝑥+𝑏1

𝑒𝑤2𝑥+𝑏2

𝑒𝑤3𝑥+𝑏3

𝑒𝑤1𝑥+𝑏1

σ𝑐 𝑒𝑤𝑐𝑥+𝑏𝑐

𝑒𝑤2𝑥+𝑏2

σ𝑐 𝑒𝑤𝑐𝑥+𝑏𝑐

𝑒𝑤3𝑥+𝑏3

σ𝑐 𝑒𝑤𝑐𝑥+𝑏𝑐

“Logit”

Softmax of “Logit”

Exponential Normalization



Maximum Likelihood Estimation (MLE)

● For independent and identically distributed (IID) random variables,

○ MLE finds the values of model parameters that maximizes the likelihood 

function 𝐿 𝜃; 𝑥, 𝑦 = 𝑝 𝑦 𝑥, 𝜃 = ς𝑖 𝑝( 𝑦𝑖 𝑥𝑖, 𝜃 )

෠𝜃 = argmax
𝜃

𝐿 𝜃; 𝑥, 𝑦 = argmax
𝜃

ෑ

𝑖

𝑝( 𝑦𝑖 𝑥𝑖 , 𝜃 )

= argmin
𝜃

−log(ς𝑖 𝑝 𝑦𝑖 𝑥𝑖 , 𝜃 ) = argmin
𝜃

σ𝑖−log(𝑝 𝑦𝑖 𝑥𝑖 , 𝜃 )

𝜃1

𝜃2

𝑝 𝑗𝑎𝑧𝑧 𝑥
𝑝 𝑐𝑙𝑎𝑠𝑠𝑖𝑐𝑎𝑙 𝑥
𝑝 𝑚𝑒𝑡𝑎𝑙 𝑥

𝑥1, 𝑦1 = 𝑗𝑎𝑧𝑧
0.8
0.1
0.1

𝑥2, 𝑦2 = 𝑐𝑙𝑎𝑠𝑠𝑖𝑐𝑎𝑙
0.2
0.7
0.1

𝑥3, 𝑦3 = 𝑚𝑒𝑡𝑎𝑙
0.2
0.3
0.5

𝑥4, 𝑦4 = 𝑗𝑎𝑧𝑧
0.3
0.4
0.3

𝑝 𝑗𝑎𝑧𝑧 𝑥
𝑝 𝑐𝑙𝑎𝑠𝑠𝑖𝑐𝑎𝑙 𝑥
𝑝 𝑚𝑒𝑡𝑎𝑙 𝑥

0.7

0.2
0.1

0.2

0.6
0.2

0.3

0.2
0.5

0.2

0.3
0.5

Which 𝜃
maximizes the 
likelihood more?  

Converting to the log scale 

due to the numerical reason 



Learning: Gradient descent

● Update rule for learning (or optimization)

○ 𝜃 is usually initialized with random values

○ As the iteration goes on, the parameters move towards local minima

𝜃𝑗 = 𝜃𝑗−1 − 𝜇 ቤ
𝜕𝑙 𝜃

𝜕𝜃
𝜃=𝜃𝑗−1

𝜕𝑙 𝜃

𝜕𝜃
: gradient of the loss function (vector) 

𝜇 : learning rate

𝑙(𝜃) = ෍

𝑖=1

𝑁

𝑓 𝑥𝑗 , 𝑦𝑖 𝜃

𝑤1

𝑤2

𝑤∗

𝜃0𝜃1𝜃2⋯

This step size is proportional 

to the learning rate 𝜇



Learning Parameters

● Training Data Size

○ Stochastic gradient descent (SGD): 𝑁 = 1

○ Mini batch: 𝑁 =  a small number of sampled data (e.g. 32, 64, 128 samples)

○ Batch update: use the entire training data

𝑤1

𝑤2

𝑤∗

𝑤1

𝑤2

𝑤∗

Stochastic gradient descent Mini batch



Multi-Layer Perceptron (MLP)

● A stack of linear transform and a non-linear function

○ 𝑔𝑖(𝑥) is a non-linear function such as sigmoid, tanh, ReLU
■ This transforms the linear boundary into a non-linear boundary

○ This is the basic form of neural networks

ℎ(1) ℎ(2) ℎ(3)

𝑦
𝑥

𝑊(1) 𝑊(2) 𝑊(3)
𝑊(4)

𝑙(𝑦, ො𝑦)

𝑧(1) = 𝑊(1)𝑥 + 𝑏(1)

ℎ(1) = 𝑔(𝑧(1))

𝑧(2) = 𝑊(2)ℎ(1) + 𝑏(2)
ℎ(2) = 𝑔(𝑧(2))

𝑧(3) = 𝑊(3)ℎ(2) + 𝑏(3)

ℎ(3) = 𝑔(𝑧(3))

𝑦 = 𝑊(4)ℎ(3) + 𝑏(4)



Training Neural Networks

● Repeating the feedforward and backward passes

○ Updating the weights with the gradients

ℎ(1) ℎ(2) ℎ(3)

𝑦
𝑥

𝑊(1) 𝑊(2) 𝑊(3)
𝑊(4)

𝑙(𝑦, ො𝑦)

𝑧(1) = 𝑊(1)𝑥 + 𝑏(1)

ℎ(1) = 𝑔(𝑧(1))

𝑧(2) = 𝑊(2)ℎ(1) + 𝑏(2)
ℎ(2) = 𝑔(𝑧(2))

𝑧(3) = 𝑊(3)ℎ(2) + 𝑏(3)

ℎ(3) = 𝑔(𝑧(3))

𝑦 = 𝑊(4)ℎ(3) + 𝑏(4)

𝑊(𝑙)𝑛𝑒𝑤 = 𝑊(𝑙)𝑜𝑙𝑑 − 𝜇
𝜕𝑙 𝑊(𝑙)𝑜𝑙𝑑

𝜕𝑊(𝑙)𝑜𝑙𝑑

𝑤1

𝑤2
𝑤∗



Visualizing Supervised Learning 

● https://playground.tensorflow.org/

https://playground.tensorflow.org/


Other Commonly Used Traditional Classifiers 

● SVM with kernels, Random Forest, Gaussian Mixture Model, …  

Source: https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html

https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html


Case Study: Music Genre Classification 

● The GTZAN paper

○ The most representative paper in music genre classification 

○ Used various audio features + KNN/GMM classifiers

○ Most cited paper in MIR research (about 4295 as of Feb-25, 2024)

○ Released the GTZAN dataset (10 genre, 100 songs per genre)

○ The accuracy is not very high (~ 60%)

○ A number of papers improved it to 90% or so

○ Released the software (MARSYAS)

○ However, the dataset was criticized due to repetition, mislabeling and audio 

distortion…
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Musical Genre Classification of Audio Signals
George Tzanetakis, Student Member, IEEE, and Perry Cook, Member, IEEE

Abstract—Musical genres are categorical labels created by hu-
mans to characterize pieces of music. A musical genre is char-
acterized by the common characteristics shared by its members.
These characteristics typically are related to the instrumentation,
rhythmic structure, and harmonic content of the music. Genre hi-
erarchies are commonly used to structure the large collections of
music available on the Web. Currently musical genre annotation

is performed manually. Automatic musical genre classification can
assist or replace the human user in this process and would be a

valuable addition to music information retrieval systems. In ad-
dition, automatic musical genre classification provides a frame-

work for developing and evaluating features for any type of con-
tent-based analysis of musical signals.

In this paper, the automatic classification of audio signals into
an hierarchy of musical genres is explored. More specifically,
three feature sets for representing timbral texture, rhythmic

content and pitch content are proposed. The performance and
relative importance of the proposed features is investigated by
training statistical pattern recognition classifiers using real-world

audio collections. Both whole file and real-time frame-based
classification schemes are described. Using the proposed feature

sets, classification of 61% for ten musical genres is achieved. This
result is comparable to results reported for human musical genre
classification.

Index Terms—Audio classification, beat analysis, feature extrac-
tion, musical genre classification, wavelets.

I. INTRODUCTION

M
USICAL genres are labels created and used by humans

for categorizing and describing the vast universe of

music. Musical genres have no strict definitions and boundaries

as they arise through a complex interaction between the public,

marketing, historical, and cultural factors. This observation

has led some researchers to suggest the definition of a new

genre classification scheme purely for the purposes of music

information retrieval [1]. However even with current musical

genres, it is clear that the members of a particular genre share

certain characteristics typically related to the instrumentation,

rhythmic structure, and pitch content of the music.

Automatically extracting music information is gaining im-

portance as a way to structure and organize the increasingly

large numbers of music files available digitally on the Web. It is

very likely that in the near future all recorded music in human
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history will be available on the Web. Automatic music analysis

will be one of the services that music content distribution ven-

dors will use to attract customers. Another indication of the in-

creasing importance of digital music distribution is the legal at-

tention that companies like Napster have recently received.

Genre hierarchies, typically created manually by human ex-

perts, are currently one of the ways used to structure music con-

tent on the Web. Automatic musical genre classification can po-

tentially automate this process and provide an important com-

ponent for a complete music information retrieval system for

audio signals. In addition it provides a framework for devel-

oping and evaluating features for describing musical content.

Such features can be used for similarity retrieval, classification,

segmentation, and audio thumbnailing and form the foundation

of most proposed audio analysis techniques for music.

In this paper, the problem of automatically classifying audio

signals into an hierarchy of musical genres is addressed. More

specifically, three sets of features for representing timbral tex-

ture, rhythmic content and pitch content are proposed. Although

there has been significant work in the development of features

for speech recognition and music–speech discrimination there

has been relatively little work in the development of features

specifically designed for music signals. Although the timbral

texture feature set is based on features used for speech and gen-

eral sound classification, the other two feature sets (rhythmic

and pitch content) are new and specifically designed to rep-

resent aspects of musical content (rhythm and harmony). The

performance and relative importance of the proposed feature

sets is evaluated by training statistical pattern recognition clas-

sifiers using audio collections collected from compact disks,

radio, and the Web. Audio signals can be classified into an hier-

archy of music genres, augmented with speech categories. The

speech categories are useful for radio and television broadcasts.

Both whole-file classification and real-time frame classification

schemes are proposed.

The paper is structured as follows. A review of related work

is provided in Section II. Feature extraction and the three spe-

cific feature sets for describing timbral texture, rhythmic struc-

ture, and pitch content of musical signals are described in Sec-

tion III. Section IV deals with the automatic classification and

evaluation of the proposed features and Section V with conclu-

sions and future directions.

II. RELATED WORK

The basis of any type of automatic audio analysis system is

the extraction of feature vectors. A large number of different

feature sets, mainly originating from the area of speech recog-

nition, have been proposed to represent audio signals. Typically

1063-6676/02$17.00 © 2002 IEEE



Case Study: Audio Features

● Timbral texture features: summarized in 1 sec of window

○ Spectral centroid, spectral roll-off, spectral flux

○ Zero-crossing rate, Low-energy features

○ MFCC

● Pitch / Tonal features

○ Based on a multi-pitch estimation method using summary enhanced auto-

correlation function (SACF). 

○ Three dominant peaks in the SACF that correspond to pitch values are 

accumulated as a histogram (pitch histogram)  

● Rhythmic features

○ Beat histogram



Case Study: Results

● 10-fold cross validation

○ 90% for training and 10% for testing
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Fig. 4. Audio classification hierarchy.

TABLE I
CLASSIFICATION ACCURACY MEAN AND STANDARD DEVIATION

of a nonparametric classifier where each sample is labeled ac-

cording to the majority of its nearest neighbors. That way, no

functional form for the pdf is assumed and it is approximated

locally using the training set. More information about statistical

pattern recognition can be found in [29].

B. Datasets

Fig. 4 shows the hierachy of musical genres used for evalu-

ation augmented by a few (three) speech-related categories. In

addition, a music/speech classifier similar to [4] has been im-

plemented. For each of the 20 musical genres and three speech

genres, 100 representative excerpts were used for training. Each

excerpt was 30 s long resulting in (23 * 100 * 30 s 19 h)

of training audio data. To ensure variety of different recording

qualities the excerpts were taken from radio, compact disks, and

MP3 compressed audio files. The files were stored as 22 050 Hz,

16-bit, mono audio files. An effort was made to ensure that

the training sets are representative of the corresponding musical

genres. The Genres dataset has the following classes: classical,

country, disco, hiphop, jazz, rock, blues, reggae, pop, metal.

The classical dataset has the following classes: choir, orchestra,

piano, string quartet. The jazz dataset has the following classes:

bigband, cool, fusion, piano, quartet, swing.

C. Results

Table I shows the classification accuracy percentage results of

different classifiers and musical genre datasets. With the excep-

tion of the RT GS row, these results have been computed using a

single-vector to represent the whole audio file. The vector con-

sists of the timbral texture features [9 (FFT) 10 (MFCC)

19 dimensions], the rhythmic content features (6 dimensions),

Fig. 5. Classification accuracy percentages (RND random, RT real time,
WF whole file).

and the pitch content features (five dimensions) resulting in a

30-dimensional feature vector. In order to compute a single tim-

bral-texture vector for the whole file the mean feature vector

over the whole file is used.

The row RT GS shows classification accuracy percentage re-

sults for real-time classification per frame using only the tim-

bral texture feature set (19 dimensions). In this case, each file

is represented by a time series of feature vectors, one for each

analysis window. Frames from the same audio file are never split

between training and testing data in order to avoid false higher

accuracy due to the similarity of feature vectors from the same

file. A comparison of random classification, real-time features,

and whole-file features is shown in Fig. 5. The data for creating

this bar graph corresponds to the random, RT GS, and GMM(3)

rows of Table I.

The classification results are calculated using a ten-fold cross-

validation evaluation where the dataset to be evaluated is ran-

domly partitioned so that 10% is used for testing and 90% is

used for training. The process is iterated with different random

partitions and the results are averaged (for Table I, 100 iterations

were performed). This ensures that the calculated accuracy will

not be biased because of a particular partitioning of training and

testing. If the datasets are representative of the corresponding

musical genres then these results are also indicative of the clas-

sification performance with real-world unknown signals. The

part shows the standard deviation of classification accuracy for

the iterations. The row labeled random corresponds to the clas-

sification accuracy of a chance guess.

The additional music/speech classification has 86% (random

would be 50%) accuracy and the speech classification (male,

female, sports announcing) has 74% (random 33%). Sports

announcing refers to any type of speech over a very noisy

background. The STFT-based feature set is used for the

music/speech classification and the MFCC-based feature set is

used for the speech classification.

1) Confusion Matrices: Table II shows more detailed infor-

mation about the musical genre classifier performance in the

form of a confusion matrix. In a confusion matrix, the columns

correspond to the actual genre and the rows to the predicted

genre. For example, the cell of row 5, column 1 with value 26

means that 26% of the classical music (column 1) was wrongly
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TABLE II
GENRE CONFUSION MATRIX

TABLE III
JAZZ CONFUSION MATRIX

TABLE IV
CLASSICAL CONFUSION MATRIX

classified as jazz music (row 2). The percentages of correct clas-

sification lie in the diagonal of the confusion matrix. The confu-

sion matrix shows that the misclassifications of the system are

similar to what a human would do. For example, classicalmusic

is misclassified as jazzmusic for pieces with strong rhythm from

composers like Leonard Bernstein and George Gershwin. Rock

music has the worst classification accuracy and is easily con-

fused with other genres which is expected because of its broad

nature.

Tables III and IV show the confusion matrices for the classical

and jazz genre datasets. In the classical genre dataset, orchestral

music is mostly misclassified as string quartet. As can be seen

from the confusion matrix (Table III), jazz genres are mostly

misclassified as fusion. This is due to the fact that fusion is a

broad category that exhibits large variability of feature values.

jazz quartet seems to be a particularly difficult genre to correctly

classify using the proposed features (it is mostly misclassified

as cool and fusion).

2) Importance of Texture Window Size: Fig. 6 shows how

changing the size of the texture window affects the classification

performance. It can be seen that the use of a texture window

increases significantly the classification accuracy. The value of

zero analysis windows corresponds to using directly the features

computed from the analysis window. After approximately 40

analysis windows (1 s) subsequent increases in texture window

size do not improve classification as they do not provide any

additional statistical information. Based on this plot, the value of

Fig. 6. Effect of texture window size to classification accuracy.

TABLE V
INDIVIDUAL FEATURE SET IMPORTANCE

40 analysis windows was chosen as the texture window size. The

timbral-texture feature set (STFT and MFCC) for the whole file

and a single Gaussian classifier (GS) were used for the creation

of Fig. 6.

3) Importance of Individual Feature Sets: Table V shows

the individual importance of the proposed feature sets for the

task of automatic musical genre classification. As can be seen,

the nontimbral texture features pitch histogram features (PHF)

and beat histogram features (BHF) perform worse than the tim-

bral-texture features (STFT, MFCC) in all cases. However, in

all cases, the proposed feature sets perform better than random

classification therefore provide some information about musical

genre and therefore musical content in general. The last row of

Table V corresponds to the full combined feature set and the

first row corresponds to random classification. The number in

parentheses beside each feature set denotes the number of in-

dividual features for that particular feature set. The results of

Table V were calculated using a single Gaussian classifier (GS)

using the whole-file approach.

The classification accuracy of the combined feature set, in

some cases, is not significantly increased compared to the in-

dividual feature set classification accuracies. This fact does not

necessarily imply that the features are correlated or do not con-

tain useful information because it can be the case that a specific

file is correctly classified by two different feature sets that con-

tain different and uncorrelated feature information. In addition,

although certain individual features are correlated, the addition

of each specific feature improves classification accuracy. The

rhythmic and pitch content feature sets seem to play a less im-

portant role in the classical and jazz dataset classification com-

pared to the Genre dataset. This is an indication that it is possible
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of a nonparametric classifier where each sample is labeled ac-

cording to the majority of its nearest neighbors. That way, no

functional form for the pdf is assumed and it is approximated

locally using the training set. More information about statistical

pattern recognition can be found in [29].

B. Datasets

Fig. 4 shows the hierachy of musical genres used for evalu-

ation augmented by a few (three) speech-related categories. In

addition, a music/speech classifier similar to [4] has been im-

plemented. For each of the 20 musical genres and three speech

genres, 100 representative excerpts were used for training. Each

excerpt was 30 s long resulting in (23 * 100 * 30 s 19 h)

of training audio data. To ensure variety of different recording

qualities the excerpts were taken from radio, compact disks, and

MP3 compressed audio files. The files were stored as 22 050 Hz,

16-bit, mono audio files. An effort was made to ensure that

the training sets are representative of the corresponding musical

genres. The Genres dataset has the following classes: classical,

country, disco, hiphop, jazz, rock, blues, reggae, pop, metal.

The classical dataset has the following classes: choir, orchestra,

piano, string quartet. The jazz dataset has the following classes:

bigband, cool, fusion, piano, quartet, swing.

C. Results

Table I shows the classification accuracy percentage results of

different classifiers and musical genre datasets. With the excep-

tion of the RT GS row, these results have been computed using a

single-vector to represent the whole audio file. The vector con-

sists of the timbral texture features [9 (FFT) 10 (MFCC)

19 dimensions], the rhythmic content features (6 dimensions),

Fig. 5. Classification accuracy percentages (RND random, RT real time,
WF whole file).

and the pitch content features (five dimensions) resulting in a

30-dimensional feature vector. In order to compute a single tim-

bral-texture vector for the whole file the mean feature vector

over the whole file is used.

The row RT GS shows classification accuracy percentage re-

sults for real-time classification per frame using only the tim-

bral texture feature set (19 dimensions). In this case, each file

is represented by a time series of feature vectors, one for each

analysis window. Frames from the same audio file are never split

between training and testing data in order to avoid false higher

accuracy due to the similarity of feature vectors from the same

file. A comparison of random classification, real-time features,

and whole-file features is shown in Fig. 5. The data for creating

this bar graph corresponds to the random, RT GS, and GMM(3)

rows of Table I.

The classification results are calculated using a ten-fold cross-

validation evaluation where the dataset to be evaluated is ran-

domly partitioned so that 10% is used for testing and 90% is

used for training. The process is iterated with different random

partitions and the results are averaged (for Table I, 100 iterations

were performed). This ensures that the calculated accuracy will

not be biased because of a particular partitioning of training and

testing. If the datasets are representative of the corresponding

musical genres then these results are also indicative of the clas-

sification performance with real-world unknown signals. The

part shows the standard deviation of classification accuracy for

the iterations. The row labeled random corresponds to the clas-

sification accuracy of a chance guess.

The additional music/speech classification has 86% (random

would be 50%) accuracy and the speech classification (male,

female, sports announcing) has 74% (random 33%). Sports

announcing refers to any type of speech over a very noisy

background. The STFT-based feature set is used for the

music/speech classification and the MFCC-based feature set is

used for the speech classification.

1) Confusion Matrices: Table II shows more detailed infor-

mation about the musical genre classifier performance in the

form of a confusion matrix. In a confusion matrix, the columns

correspond to the actual genre and the rows to the predicted

genre. For example, the cell of row 5, column 1 with value 26

means that 26% of the classical music (column 1) was wrongly



Case Study: Results

● Importance of texture window size and individual features
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TABLE III
JAZZ CONFUSION MATRIX

TABLE IV
CLASSICAL CONFUSION MATRIX

classified as jazz music (row 2). The percentages of correct clas-

sification lie in the diagonal of the confusion matrix. The confu-

sion matrix shows that the misclassifications of the system are

similar to what a human would do. For example, classical music

is misclassified as jazzmusic for pieces with strong rhythm from

composers like Leonard Bernstein and George Gershwin. Rock

music has the worst classification accuracy and is easily con-

fused with other genres which is expected because of its broad

nature.

Tables III and IV show the confusion matrices for the classical

and jazz genre datasets. In the classical genre dataset, orchestral

music is mostly misclassified as string quartet. As can be seen

from the confusion matrix (Table III), jazz genres are mostly

misclassified as fusion. This is due to the fact that fusion is a

broad category that exhibits large variability of feature values.

jazz quartet seems to be a particularly difficult genre to correctly

classify using the proposed features (it is mostly misclassified

as cool and fusion).

2) Importance of Texture Window Size: Fig. 6 shows how

changing the size of the texture window affects the classification

performance. It can be seen that the use of a texture window

increases significantly the classification accuracy. The value of

zero analysis windows corresponds to using directly the features

computed from the analysis window. After approximately 40

analysis windows (1 s) subsequent increases in texture window

size do not improve classification as they do not provide any

additional statistical information. Based on this plot, the value of

Fig. 6. Effect of texture window size to classification accuracy.

TABLE V
INDIVIDUAL FEATURE SET IMPORTANCE

40 analysis windows was chosen as the texture window size. The

timbral-texture feature set (STFT and MFCC) for the whole file

and a single Gaussian classifier (GS) were used for the creation

of Fig. 6.

3) Importance of Individual Feature Sets: Table V shows

the individual importance of the proposed feature sets for the

task of automatic musical genre classification. As can be seen,

the nontimbral texture features pitch histogram features (PHF)

and beat histogram features (BHF) perform worse than the tim-

bral-texture features (STFT, MFCC) in all cases. However, in

all cases, the proposed feature sets perform better than random

classification therefore provide some information about musical

genre and therefore musical content in general. The last row of

Table V corresponds to the full combined feature set and the

first row corresponds to random classification. The number in

parentheses beside each feature set denotes the number of in-

dividual features for that particular feature set. The results of

Table V were calculated using a single Gaussian classifier (GS)

using the whole-file approach.

The classification accuracy of the combined feature set, in

some cases, is not significantly increased compared to the in-

dividual feature set classification accuracies. This fact does not

necessarily imply that the features are correlated or do not con-

tain useful information because it can be the case that a specific

file is correctly classified by two different feature sets that con-

tain different and uncorrelated feature information. In addition,

although certain individual features are correlated, the addition

of each specific feature improves classification accuracy. The

rhythmic and pitch content feature sets seem to play a less im-

portant role in the classical and jazz dataset classification com-

pared to the Genre dataset. This is an indication that it is possible
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classified as jazz music (row 2). The percentages of correct clas-

sification lie in the diagonal of the confusion matrix. The confu-

sion matrix shows that the misclassifications of the system are

similar to what a human would do. For example, classical music

is misclassified as jazzmusic for pieces with strong rhythm from

composers like Leonard Bernstein and George Gershwin. Rock

music has the worst classification accuracy and is easily con-

fused with other genres which is expected because of its broad

nature.

Tables III and IV show the confusion matrices for the classical

and jazz genre datasets. In the classical genre dataset, orchestral

music is mostly misclassified as string quartet. As can be seen

from the confusion matrix (Table III), jazz genres are mostly

misclassified as fusion. This is due to the fact that fusion is a

broad category that exhibits large variability of feature values.

jazz quartet seems to be a particularly difficult genre to correctly

classify using the proposed features (it is mostly misclassified

as cool and fusion).

2) Importance of Texture Window Size: Fig. 6 shows how

changing the size of the texture window affects the classification

performance. It can be seen that the use of a texture window

increases significantly the classification accuracy. The value of

zero analysis windows corresponds to using directly the features

computed from the analysis window. After approximately 40

analysis windows (1 s) subsequent increases in texture window

size do not improve classification as they do not provide any

additional statistical information. Based on this plot, the value of

Fig. 6. Effect of texture window size to classification accuracy.

TABLE V
INDIVIDUAL FEATURE SET IMPORTANCE

40 analysis windows was chosen as the texture window size. The

timbral-texture feature set (STFT and MFCC) for the whole file

and a single Gaussian classifier (GS) were used for the creation

of Fig. 6.

3) Importance of Individual Feature Sets: Table V shows

the individual importance of the proposed feature sets for the

task of automatic musical genre classification. As can be seen,

the nontimbral texture features pitch histogram features (PHF)

and beat histogram features (BHF) perform worse than the tim-

bral-texture features (STFT, MFCC) in all cases. However, in

all cases, the proposed feature sets perform better than random

classification therefore provide some information about musical

genre and therefore musical content in general. The last row of

Table V corresponds to the full combined feature set and the

first row corresponds to random classification. The number in

parentheses beside each feature set denotes the number of in-

dividual features for that particular feature set. The results of

Table V were calculated using a single Gaussian classifier (GS)

using the whole-file approach.

The classification accuracy of the combined feature set, in

some cases, is not significantly increased compared to the in-

dividual feature set classification accuracies. This fact does not

necessarily imply that the features are correlated or do not con-

tain useful information because it can be the case that a specific

file is correctly classified by two different feature sets that con-

tain different and uncorrelated feature information. In addition,

although certain individual features are correlated, the addition

of each specific feature improves classification accuracy. The

rhythmic and pitch content feature sets seem to play a less im-

portant role in the classical and jazz dataset classification com-

pared to the Genre dataset. This is an indication that it is possible

(1 second ≈ 40 frames) 
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