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Introduction

This paper describes an approach to multipitch
estimation and musical instrument identification
from multi-instrument polyphonic music signals.
In the past, instrument identification from
isolated single notes was widely investigated,
while only few studies have been done in the
polyphonic case as it involves decomposition of
polyphonic sounds into individual notes before
identifying the instruments. Harmonic-TemporalTimbral Clustering (HTTC) was proposed by
Miyamoto et al. for solving this problem without
any prior knowledge about instruments [4]. In
this paper, we discuss utilization of prior
knowledge about instruments in combination
with Harmonic-Attack model [1].

2 Attack-Harmonic model of single notes
in polyphonic music
2.1 Model-based decomposition into notes
To identify musical instrument for each note
in polyphonic music signals, we need to
decompose the signal into individual notes. The
model of single note sound should contain rich
information for identifying the instrument, such
as Attack-Harmonic model which we proposed
for multipitch analysis [1]. It models both
harmonic and attack parts of individual notes
using Gaussian mixtures as shown in Figure 1.
The spectrogram of input polyphonic music
signal is modeled by a mixture of the above
models whose parameters can be estimated by the
EM algorithm.
2.2 Feature extraction
The estimated parameters through the
Attack-Harmonic model contain rich information
for identifying the instrument including note
energy, relative partial energy, partial bandwidth,
harmonic temporal envelope and attack spectral
envelope. Principal Component Analysis (PCA)
can be applied to reduce the high dimension of
these features in the instrument identifying stage.
In polyphonic music, however, notes often
overlap that cause imperfect decomposition into
*
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Figure 1. Attack-Harmonic model of single note
single notes which lead to unreliable feature
parameters for identifying instruments. Weighted
PCA can be applied to cope with this problem by
giving different weights to overlapping and
non-overlapping notes based on a certain
criterion of judging whether overlapping or not.

3 New boosting for identification
The features extracted from the above
sections are used in identification of instruments.
A new boosting algorithm is proposed based on
probabilistic decision where decision tree
classifiers based on concept of information
entropy [6] are used as weak classifier for
generating probabilistic decision.
Boosting algorithm combines several weak
classifiers to build a robust classification system.
It increases the probability of choosing the
training data which is easy to be misclassified.
It uses updating rules to increase the probability
assigned to those training data for which the
classifier makes poor classification results and
generates deterministic decision in every training
iteration. In contrast, the new boosting algorithm
uses probabilistic decisions for every classifier at
the iterations of the boosting scheme by selecting
the data from the training dataset, and combines
them. It uses distribution of weights over the
training events, at every iteration the weight of
misclassified events is changed according to the
accuracy of the classifier, forcing weak classifier
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to focus on the events which are easily to be
misclassified in the training set. In this way, it

Table 1. Accuracy of musical instrument
identification algorithms
Synthetic data (%)
Number of
2
3
4
Instruments
SVM
71.80 57.4 49.0
AdaBoost 76.90 63.7 52.3
New
79.00 71.7 54.9
boosting

becomes more robust against unreliable features
caused by overlapping notes.
New boosting algorithm:
Step 1. Assign initial weights w = {𝑤𝑗 =1/N | j=1,
2, …, N} to the distribution of weights over the N
training data.
Step 2. Choose T, the number of boosting
iterations.
For i=1 to T:
Step 3. Generate a new classifier ℎ𝑖 : 𝑋 → 𝑌

using the data set, and set 𝑀𝑖𝑦 the probability

of ℎ𝑖 .
Step 4. For j=1 to N:

𝑤�𝑥𝑗 � ∙ 𝑀𝑖𝑦 �𝑥𝑗 �, 𝑦𝑖 ≠ ℎ𝑖
,
𝐸𝑗 = �
𝑤�𝑥𝑗 � ∙ �1 − 𝑀𝑖𝑦 �𝑥𝑗 �� , 𝑦𝑖 = ℎ𝑖

error rate 𝜀𝑖 =

1 𝑁
∑ 𝐸
𝑁 𝑗=1 𝑗

Step 5. If 𝜀𝑖 > 1/2, set 𝑤 = �𝑤𝑗 = 1/𝑁�𝑗 =

1, 2, … , 𝑁} and go back to step 3.
Step 6. 𝛼𝑖 = log((1 − 𝜀𝑖 )/𝜀𝑖 )/2
𝑤𝑖+1 �𝑥𝑗 � = �

𝑤𝑖 �𝑥𝑗 �
𝑍𝑗

𝑤𝑖 �𝑥𝑗 �
𝑍𝑗

∙ exp(𝛼𝑖 ), 𝑦𝑖 ≠ 𝑓𝑖 (𝑥𝑗 )

∙ exp(−𝛼𝑖 ), 𝑦𝑖 = 𝑓𝑖 (𝑥𝑗 )

Step 7.
𝑓FINAL (𝑥) = argmax𝑦∈𝑌 ∑𝑇𝑗=1 𝛼𝑖 (𝑥)𝑀𝑗𝑦 (𝑥)
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Experimental evaluation

We evaluated the accuracy of the proposed
algorithm for musical instrument identification
using (1) synthetic data consisting of randomly
mixed 271 music notes (32 altosax, 36 guitar, 88
piano, 45 violin, 36 flute and 34 oboe) and (2)
real performed polyphonic music signal [5] by
referring with associated MIDI files. Table 1
shows the accuracies by Support Vector Machine
(SVM), AdaBoost [2], and new boosting
algorithm with weak classifier in [6]. The
proposed boosting algorithm significantly
outperformed SVM and AdaBoost in all cases.
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Real-world data (%)
2

3

4

50.5
53.4

47.0
49.4

42.4
45.7

57.3

52.5

48.6

Conclusion

For musical instrument identification, this
paper proposed an approach to first decompose
polyphonic music to single notes, then extract
features from the model, use classifier with
probabilistic
decision,
finally
apply
a
probabilistic boosting algorithm for identifying
each note to a specific instrument.
The
proposed algorithm outperformed the comparison
approaches.
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