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Abstract 
 

Classifying musical instrument from polyphonic music is a challenging but important task in music information retrieval. This work 

enables to automatically tag music information, such as genre classification. In previous, almost every work of spectrogram analysis has 

been used Short Time Fourier Transform (STFT) and Mel Frequency Cepstral Coefficient (MFCC). Recently, sparkgram is researched 

and used in audio source analysis. Moreover, for deep learning approach, modified convolutional neural networks (CNN) widely have 

been researched, but many results have not been improved drastically. Instead of improving backbone networks, we have researched on 

preprocessing process.  

In this paper, we use CNN and Hilbert Spectral Analysis (HSA) to solve the polyphonic music problem. The HSA is performed at the 

fixed length of polyphonic music, and a predominant instrument is labeled at its result. As result, we have achieved the state-of-the-art 

result in IRMAS dataset and 3% performance improvement in individual instruments 
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1. Introduction 

The music is composed of various instruments that play the role of 

melody, harmony, and bass. The instruments have their own 

timbres, and human can easily determine which tone is composed 

of polyphonic music and which timbre is playing the melody line. 

However, it is not simple to detect these characteristics using a 

computer. In the real world, music is usually played with several 

different instruments. Moreover, the style, skill, and tone of 

players are all different, and extracting the information of those is 

very difficult. 

In the field of Music Information Retrieval (MIR), tagging 

information related to the playing instrument works as a key role. 

For example, the relevant information can be additionally 

informed to the digital music sources and used in the music 

recommendation system reflecting the preferences of users [1]. 

Also, it is necessary for people to search musical information 

using instrument information. The types of instruments are also 

available for genre analysis of music. Music recommendation 

system using musical instrument information and genre 

information enables for uses to increase satisfaction. 

Traditionally spectral analysis method has been used to analyze 

the audio signal process. It divides input audio signal into short 

time unit. Then using STFT or MFCC to extract audio features to 

transform spectral, exploiting entire features at once. STFT easily 

shows the intensity of the frequency over time but requiring 

domain transformation causes the losses in the original signal. 

MFCC uses filters on the speech signal to extract features, but 

filters also lose contents of an input signal. In this paper, we use 

electroencephalogram (EEG) Hilbert Spectrum which is based on 

Hilbert transform and EMD to classify musical instrument 

information. With additional Analysis-Intrinsic Functions Mode 

(HSA-IMF) method, we have achieved the state-of-the-art result 

[2]. 

2. Materials and Methods 

Previously, machine learning based methods require diverse 

domain knowledge of input data in pre- and post-processing. This 

leads to significant limitations in achieving the desired result. 

Nonetheless, recent approach, deep learning can extract necessary 

features from input data without explicit domain knowledge by 

exploiting multitude feature weights and their nonlinear functions. 

These techniques have been widely applied to several speech 

recognition problems and have shown better results than previous 

methods. 

For the deep learning approach in analyzing an audio signal 

problem, time series signal and image transformation are 

researched. Forward one uses Recurrent Neural Network (RNN) 

and summing entire signal sizes to create time-dependent voice 

signal, which is difficult to interpret. Later one is transforming the 

audio signal to a 2D image to analyze intensity and shape of the 

signal frequency. Researchers have been carried conversion of 

speech signals to images out to focus on the analysis. 

2.1. Convolution Neural Network 

Convolution neural network is a network that is designed to 

recognize the transfer of visual patterns themselves, unlike the 

image feature extraction methods such as SIFT (Scale Invariant 

Feature Transform) or HOG (Histogram of Oriented Gradient) 

[2,3].  

http://creativecommons.org/licenses/by/3.0/


591 International Journal of Engineering & Technology 

 

 

 
Figure 1: The basic structure of CNN 

 

Figure 1 shows the basic structure of CNN called LeNet. CNN is 

divided into feature extraction and classification. In the feature 

extraction, convolutional layer extracts input features using 

convolution filters and follow activation function, which process 

filter outputs to non-linear value. Following that, sub-sampling 

leaves the necessary features in the pooling layer. This reduces the 

size of data and computing resources, preventing overfitting. In 

the recognizing handwritten recognition task, the accuracy was 

close to 97% by using LeNet structure. However, in order to 

recognize a large-scale image, more convolutional layers and high 

computation power are required [4]. 

 
Figure 2: The structure of VGG-16 

 

Figure 2 shows the structure of VGG-16. It only uses small 3x3 

convolution filters, unlike the previous models, using large filters 

in the feature extraction. A stack of small filters will have the 

same performance as a large filter. Also, this way reduces the 

number of training weights and makes the decision function more 

discriminative by employing several non-linearity activation 

functions [5]. 

2.2. Audio Signal Processing Methods 

Many researchers have been used machine learning to analyze 

audio signals in the MIR field. Previously, Hidden Markov Model 

(HMM), Conditional Random Field (CRF) and Mel-cepstral are 

applied in the preprocessing phase and achieved only 67-70% 

accuracy [6,7,8]. For the approach using deep learning, RNN is 

directly used in raw data to extract features, but only size 

information in the time domain is acquired, causing an 

unsatisfactory result. As a solution, the researchers have 

transformed input signal to image and applied CNN.  

2.2.1. Audio Feature Extraction 

STFT is a method of slicing data to fit a predetermined window at 

each time, Fast Fourier Transform(FFT), moving to next time, and 

FFT. (equation 1.) As a result, the frequency spectrum of each 

time is obtained and becomes two-dimensional data [9]. 
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Equation 1. Discrete-time Short-time Fourier transform 

MFCCs represent the convergence of Mel-frequency cepstrum 

(MFC), which expresses the power spectrum of the short-term 

signal. While general cepstrum divides the frequency band 

uniformly, for the MFCC, the band is evenly divided on the Mel-

scale, acquiring better sound representation. For this reason, it has 

been widely used in the MIR task. MFCCs can be obtained by 

processing a Fourier transform on short-term audio, a log of the 

power spectrum using a Mel-scale filter bank, and a discrete 

cosine transform (DCT) [10,11].  

 

2.2.2. Hilbert Spectrum Analysis – Intrinsic Mode Functions 

(Hsa-Imf) 

 

A commonly used in EEG analysis, the Hilbert transform can 

measure both instantaneous amplitude and instantaneous phase. 

Attained the intensity and phase of the signal at every moment, it 

is easy to analyze the signal. 
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Equation 2. Hilbert transform 

Equation 2 shown Hilbert transform, which is useful to analyze a 

real signal by converting the positive and negative frequency 

portion to a respected size and zero. 

EMD is a method of breaking a signal down without leaving the 

time domain. Comparing to wavelet decomposition, this method is 

decomposed by consists of signals. EMD decomposes signal to 

Intrinsic Mode Functions (IMFs), which is sufficient to make an 

original signal. With EMD, it is relatively easy to analyze signals 

without any loss [12]. 

Assumed that the component of AM-FM decomposition is IMF, 

the EMD method calculating the Hilbert spectrum is HSA-IMF 

[13]. We proposed an algorithm that combines the improvement 

of the problem of Hilbert transform proposed by Rato with the 

algorithm [14].  

2.3. Proposed Method 

In order to recognize the predominant instrument, we have 

approached to timbre aspect. We propose preprocessing method 

using the HSA-IMF function. This shows waveforms and 

intensities as an image. The detailed implementation of the 

proposed method proceeds as follows: audio signal preprocessing, 

image preprocessing, network learning. 

2.3.1. Audio Signal Preprocessing 

CNN is a deep learning method that automatically analyzes the 

image and automatically finds the representative features, and 

additional pre-processing can increase performance greatly. 

Consequently, HSA-IMF is applied according to the designated 

time window to generate the image. Input audio signal is a stereo 

signal with left and right channels, and each channel is converted 

to mono signal using root-mean-square (RMS).  

2.3.2. Image Preprocessing 

CNN receives a fixed size of image as input, however the images 

generated by the audio pre-processing are too large to be cropped 
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to fitted size. Moreover, it is difficult to learn the feature 

depending on the difference in the color of the image. To resolve 

this problem, we apply histogram equalization to pre-processed 

image and achieved better performance in image classification 

[15,16,17]. 

2.3.3. Network Architecture 

 
Figure 3: Proposed network structure 

 

We have used a VGG-16 model with the modification that 

behaves like a normal sorter in large-scale images. Figure 3 shows 

the proposed network structure. It is specifically designed 

according to our dataset image. Also, we have changed the size of 

filter to 3x3 and used 3x3 max-pooling layer [18]. 

3. Experiment 

3.1. IRMAS Dataset and Testing Configuration 

The IRMAS dataset has the major instruments commonly used in 

the orchestra. It consists of 44,100 Hz sampling rate and 16-bit 

stereo wave files, each with a single labeling of the predominant 

instrument. It also provides 2874 test datasets and 6705 test 

datasets with varying lengths from 5s to 20s [16]. 

In order to see the change in the pre-processing result of the 

network, we have divided input data into several hours and 

followed STFT, MFCC, and HSA-IMF. Since the fixed input size 

of CNN, resizing according to input size is required. In addition, 

we have changed the dropout value, resulting in higher accuracy 

effect. 

4. Results and Discussion 

We have experimented with IRMAS dataset to identify 10 

orchestral instruments and performed STFT, spectrograms of 

MFCCs, and HSA-IMF. Experiments were carried out by 

modifying the time-domain and dropout values of each transform. 

We fixed learning rate at 0.001 and epoch at 60. 

 
Table 1: Accuracy of transform by interval 

 0.375s 0.5s 0.625s 0.75s 0.875s 1s 

STFT 69% 69% 66% 71% 72% 75% 

MFCCs 71% 71% 65% 70% 74% 75% 

HSA-IMF 74% 72% 69% 66% 41% 29% 

Table 1 shows the accuracy of the transmission form according to 

the interval. Experiments were carried out by changing the 

dropout value for the highest accuracy. 

 
Table 2: Accuracy of transform by dropout 

 0 0.1 0.2 0.3 0.4 0.5 

STFT 75% 73% 70% 72% 71% 77% 

MFCCs 75% 71% 65% 70% 75% 77% 

HSA-IMF 74% 75% 76% 67% 67% 80% 

 

Table 2 shows the accuracy according to dropout figures. As a 

result, the proposed method using HSA-IMF as pre-processing 

improves accuracy by 3%, compared to existing STFT and 

MFCCs. Applying the Class Activation Map (CAM) to the 

proposed method, we can verify the corresponding place yields a 

major component tone of the instrument. 

 
Figure 4: Result of CAM 

 

Figure 4 shows the result of verifying the basis of CNN input data 

by using Class Activation Map (CAM). 

5. Conclusion 

In this paper, we have used HSA-IMF method instead of STFT 

method in pre-processing phase. We have experimented IRMAS 

dataset and performed at several fixed time intervals. As a result, 

the HSA-IMF method classified the predominant instrument at the 

short time. In conclusion, the specification in audio signal 

processing is difficult to learn because it uses the input spectrum, 

which has overlapped time and frequency information. Therefore, 

in order to analyze the frequency easily, it is possible to obtain 

higher performance by applying various signal processing 

methods. Using the HSA-IMF method, the performance was 3% 

higher than that using the previous STFT and MFCCs methods, 

and it is expected to contribute to genome analysis as well as 

predominant instrument analysis. 
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