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Abstract-Many different instruments can interact to create music. In essence, people can tell which musical 
instrument was played, but it is challenging for a computer to do so on its own. Furthermore, different instruments 
produce varied sounds depending on timbre, playing style, and other characteristics, which makes identifying 
music more difficult. Understanding the type of instruments used in the musical audio sample is crucial when 
applying the Musical Instruments Sound Classification program. In this paper, ten different types of musical 
instruments from two musical instruments family were taken for research. The deep learning algorithm namely 
Convolutional Neural Network is used for the classification of musical instruments sound. In this paper, the work 
yields good result when compared with the existing algorithms. 
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1. INTRODUCTION 
1.1 MUSICAL INSTRUMENTS SOUND 
Music is available in digital form. Several users have 
begun to buy music as audio files than physical 
medium, or acquiring music online. The digital 
distribution as well as application of music has 
resulted in massive opportunities for automatic 
process. Searching is done by examining the related 
metadata and audio content, for classifying and 
organizing the music in diverse forms. It becomes 
highly advantageous for listeners, enabling them to 
save their personal collections, and artists as well as 
music vendors, find it economical also as it is lesser 
in terms of cost but equal in terms of quality. 
Musical Instruments Sound analysis is carried out in 
different formats. Digital audio techniques have now 
achieved domination in audio delivery with CD 
players, internet radio, mp3 players and iPods being 
the systems of choice in many cases [1]. In the 
research field, musical audio classification is 
emerging as a significant one because of the 
necessity of classifying and to categorize the music 
data automatically. The term "Audio" refers to a 
variety of audio signals, including voice, music, and 
more typical sound signals, as well as their 
combinations. Thousands of sound recordings are 
convenient for file systems or multimedia libraries. 
However, music is handled as a dense collection of 
bytes since it is attached to the most basic variables, 
such as file type, sampling rate, name, etc. 
Waveforms of digital music offer useful information 
that facilitates effective data comparison and 
classification. 
1.2 DIGITAL REPRESENTATION OF AUDIO 
Digital processing is now getting preference for 
handling Music and Audio. This is because audio 
applications and systems are mostly digital in nature. 
For processing a music signal the acoustic variations 

are to be represented in digital format. Representing 
the sound of musical instruments are not unique.  
The four basic perceptual attributes of musical audio 
are 
Pitch / Fundamental frequency 
Pitch is a sound perceptual property that makes it 
feasible to order on a frequency-related scale. Pitch 
is the identification of sounds as “higher” and 
“lower” within the sense related to musical 
melodies. It is often determined merely in audio that 
have a frequency that it stable and clear enough to 
differentiate from noise. 
Loudness / Amplitude 
Volume of a music audio wave is determined by its 
amplitude, the larger for louder sound and the 
smaller for softer sound. Sound wave’s amplitude is 
set by the vibration that transmits energy to the 
medium. 
Duration 
Pitch of the musical audio wave marks a time 
length or duration that is controlled to make 
rhythm. An audio wave continues its path until 
we stop it. 
Timbre 
Timbre is also called as timber, the quality of audio 
vibrations formed by the sound wave tone. In music 
timbre is the attribute tone colour of a musical 
instrument sound or voice that occurs due to 
strengthening by individual instruments or singers of 
different overtones, or harmonics of a primary pitch. 
1.3 TYPES OF MUSICAL INSTRUMENTS 
There are many types of musical instruments 
available in our world. In this work the two 
instruments family is taken for research. They are 
Brass instrument and Woodwind instrument [18]. 
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Brass Instrument 
Brass instruments are made with brass or various 
metals to make sound by blowing air inside. 
Musician's mouth has to buzz, as to make a 
"raspberry" noise adjacent to the mouthpiece. Then 
air vibrates within the instrument, which makes a 
sound. Trumpet, Cornet, Trombone, French Horn, 
Tuba, and Bugle are a few brass instruments. 
Trumpet, Trombone, French horn and Tuba sounds 
are classified in this work. 
Woodwind Instrument 
Woodwind instruments make sound when air is 
blown inside. The sound comes from the instrument 
when the air vibrates inside. Woodwind instruments 
consist of Flute, Bass Clarinet, Clarinet, Saxophone, 
Contrabassoon, Bassoon, Piccolo, Recorder, and 
Oboe.  For example, a flute made up of metal does 
not generate a substantially diverse sound from the 
one made of wood, for vibrations in a column of air 
in an instrument. The features of timbre with wind 
instruments are based on alternate factors, which are 
pointed with a length as well as shape of the musical 
tube. Length of a tube computes a pitch and however 
influences the timbre the piccolo, which is of partial 
size of a flute, with a shriller sound. Flute, Clarinet, 
Bass Clarinet, Saxophone, Contrabassoon, and 
Bassoon sounds are classified in this work. 
1.4 MUSICAL INSTRUMENTS SOUND 
CLASSIFICATION 
Music analysis has been an extremely active 
research topic. Each style of instrument has its own 
sound quality and is associated with particular forms 
of music. Experienced musical listeners can easily 
recognize the musical instruments that are present in 
a music recording, although identification varies in 
accuracy with the importance of an instrument (in 
the music), number of instruments played, 
familiarity, etc., Classification of music signal by 
humans is an implicit task, but a little challenging 
for computer systems. The use of digital audio signal 
processing includes a series of processes, for the 
digitalized audio signal compression, audio effect 
production and audio classification. The great 
importance of multimedia content management in 
audio classification and segmentation can be 
observed in today’s world. The major issues are 
experienced in audio and visual data handling. It is 
occupied by audio classification with important 
applications in broad fields [2]. In this paper, the 
signals of musical instruments sound are 
transformed into spectrograms and then fed into the 
Convolutional Neural Network to classify the 
musical instruments sound categories. The Fig. 1 
presents the block diagram of the proposed work. 

Fig. 1. Block diagram of the proposed 
work 
2. LITERATURE REVIEW 
The author in [3] applied a hierarchical model for 
audio categorization and retrieving according to the 
audio investigation. It is limited to three stages. The 

term "coarse-level audio classification" refers to the 
segmentation process that divides recordings into 
speech, music, alternate ecological music, and 
silence. This process relies on both statistical and 
morphological analysis of temporal curves for short-
term audio signal characteristics. Second, ecological 
noises are separated into various classes, such as the 
sounds of birds, rain, applause, and so forth. Time-
frequency analysis of audio data and the use of the 
Hidden Markov Model (HMM) for classification are 
the fundamental components of categorization. 
Both monophonic and polyphonic musical contents 
were classified by the author [4]; in the former case, 
a single instrument is played, while in the latter case, 
multiple instruments are played simultaneously [5]. 
While the classification of instruments in 
monophonic contents is successful, in polyphonic, it 
is challenging to analyze the annotation of musical 
signals [6]. The promising issues in MIC are the 
variation in timbre and functioning of the musical 
signal combined with the perceptual affinity of 
additional musical instruments and the superposition 
of various instruments under the frequency and time 
[7]. Additionally, choosing the best feature set for 
the applied classification method is another 
challenge in dividing the musical signal. 
Consequently, the deep learning approach improves 
the model's ability to extract features from real 
musical signals and provides benchmark results for 
analyzing the signal. The problems of structured 
coding, automated annotation of musical 
instruments, and retrieving musical instruments 
from a database system are all resolved by 
automated musical classification [8].  
In [9], a system for classifying musical blocks into 
seven classes was proposed, and the problem of 
frequent and typical audio content-based retrieval 
was reported. Known as feature vectors, it is also 
used with MFCC and LPC. Compared to 
performance validation, a higher accuracy has been 
achieved. For ecological sound analysis, [10] 
implemented a comprehensive comparison study of 
Artificial Neural Network (ANN), Learning Vector 
Quantization (VQ), and Dynamic Time Warping 
(DTW) classifiers combined with static or non-static 
feature extraction. Maximum recognition using 
MFCC or continuous wavelet transform in 
conjunction with DTW has been demonstrated in the 
final results. 
Using test sets with identical classification models 
and general training, the author [11] reported the 
differentiation achieved by different characteristics. 
The test-organized database includes music and 
audio in 13 different languages worldwide. At this 
stage, a Gaussian Mixture Model (GMM) is used to 
identify the feature space distributions. Amplitude, 
cepstra, pitch, and zero crossings are the four types 
of characteristics used to calculate performance. To 
improve the function, a feature's derivative is first 
applied and referred to. Applying cepstra and delta 
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cepstra, which have comparable equal error rates 
(EER), results in the best performance. Both normal 
amplitude and delta amplitude have successively 
followed it. However, it is made up of the fewest 
possible complications. With 0% crossing and 
maximum EER, the pitch and delta pitch produced 
superior EER.  
A number of recent developments have skillfully 
invoked the advancements of the contemporary deep 
learning methodology. It is employed as an 
optimization technique, which is more important. 
When Rectified Linear Units (ReLUs) were used 
instead of sigmoid functions, the Deep Neural 
Network's training speed rose quickly [12]. 
Consequently, speech recognition [14] and picture 
recognition [13] have been introduced [15]. A major 
hardware advancement is an alternative and 
important change. Large-scale visual image 
classification is thought to have been pioneered by 
[13] with the use of Graphics Processing Units 
(GPUs) in parallel computing. The deep learning 
methodology and the basic neural network unit have 
been developed in this model. 
For MISC models, the author [16] used hierarchical 
topologies. In order to learn the abstractions of 
feature implications, learning methodologies could 
employ hierarchical topologies by stacking non-
linear network layers. The learning strategy can be 
used to map the necessary procedures to data 
structures for the applied computation and to 
identify contextual dependencies. CNNs have 
demonstrated greater efficiency in these connections 
for MISC applications because to their effective 
performance under data fluctuations. An audio 
sample must be manually analyzed for engineer 
implications before being fed into a deep learning 
network. While hand-based features are useful for 
large-scale problems, their performance is limited 
and their results are minimal [17]. Consequently, 
there is the possibility of studying feature 
representations with particular trade-offs, followed 
by learning strategies like CNN that necessitate 
larger datasets, the highest processing power, and a 
thorough understanding of machine learning to 
effectively train these techniques. In any case, the 
most impressive results for deep learning models 
have been shown by the present implementations for 
image and audio-based operations.  
3. CONVOLUTIONAL NEURAL NETWORK 
Deep Learning is a subfield of machine learning. 
Convolutional Neural Network (CNN) is a 
collection of deep learning which is mainly used for 
audio classification, image classification, image 
recognition, video labelling, natural language 
processing, medical image analysis etc. 
Convolutional Neural Networks consists of output 
layer, input layer and several hidden layers. The 
hidden layers consist of many convolution layers. 
The Convolutional Neural Network model is 
designed with a simple stack of multiple 

convolutional layer followed by ReLU activation 
function proceeded by max pooling layers. More 
significantly, it is used as an optimization method 
[21, 22]. The training speed of Deep Neural Network 
was increased in a rapid manner using Rectified 
Linear Units (ReLUs) than applying the sigmoid 
functions. As a result, speech recognition [14] and 
image recognition has been presented [15]. An 
alternate and significant modification is a massive 
hardware development. Parallel computing on 
Graphics Processing Units (GPUs) deployed by [12] 
is considered to be the pioneer of large-scale visual 
image classification. In this model, the fundamental 
units of neural network have been defined along 
with deep learning approach. Fig. 2 illustrates the 
architecture of Convolutional Neural Network. 

 
Fig. 2. Architecture of Convolution Neural Network 
Steps of Convolutional Neural Network 

1. Provide input image inside convolutional 
layer. 

2. Choose parameters, apply filters along with 
strides, padding if necessary. 

3. Perform convolution on the image and use 
ReLU activation to the matrix. 

4. Render pooling to decrease dimensionality 
size. 

5. Contribute as many convolutional layers 
until contented. 

6. Flatten the outcome and contribute into a 
fully connected (FC) layer. 

7. Outproduce the class handling an 
activation function. 

4. PROPOSED WORK 
4.1 CONVOLUTIONAL NEURAL NETWORK 
In the proposed framework, the CNN structure is 
designed with a simple stack of multiple convolution 
layers proceeded by ReLU activation function 
followed by max pooling layers. The proposed CNN 
model consists of input layer, three convolutional 
layers, three pooling layers, two FC layers and the 
output layer.  

 
Fig. 3. Proposed Framework of MISC using CNN 
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Here the model consists of 10 output classes namely 
Banjo, Bass Clarinet, Bassoon, Cello, Clarinet, 
Contrabassoon, Flute, French Horn, Guitar, 
Mandolin, Piano, Saxophone, Trombone, Trumpet, 
Tuba and Violin. The spectrogram images are 
generated from the input musical audio signal which 
is given as input to the Convolutional Neural 
Network model for the classification of musical 
instruments sound. The size of the spectrogram 
image is 64 x 64. Fig.3. shows the proposed 
framework of MISC using Convolutional Neural 
Network. 
4.2 SPECTROGRAM 
Spectrogram is an image of music / sound. Audio 
signals are applied to create a spectrogram which is 
also called as sonographs, voicegrams or 
voiceprints. A spectrogram shows the frequencies 
that make up the sound, from least to most, and how 
they change after some time, from left to right, 
frequencies on vertical axis, and the time on 
horizontal axis. A spectrogram is usually depicted as 
a heat map, i.e., as an image with the intensity shown 
by varying the color or brightness. The spectrogram 
image is a visual implication of frequency spectrum, 
machine learning methods are employed for 
classifying the spectrogram images. 

 

  
   

Fig. 4. Spectrogram of the Input Music Signal 
The music signal is usually shown as a heat map as 
a picture. Fig. 4 shows the music signal and 
spectrogram image of Flute. 
5. EXPERIMENTAL RESULTS 
5.1 DATASETS 
The music data are obtained from IRMAS online 
musical database. 1000 musical audio clips were 
collected such as 100 audio clips of French Horn, 
Trombone, Trumpet, Tuba, Bass Clarinet, Bassoon, 
Clarinet, Contrabassoon, Flute and Saxophone 
respectively. Each music clip consists of music data 
ranging from 1 second to 10 seconds duration and 
the music is sampled at 8 kHz and encoded by 16-
bit. 750 musical data samples were used for training 
and 250 for testing. The input music clips were 
converted into spectrograms before classification. 
5.2. Performance Evaluation for CNN models  
This model consists of three convolutional layers 
followed by pooling layer, FC layer and exit with the 
output layer. The spectrogram is resized into 64 x 64 
before classification and the size of the kernel is 5 x 
5. In the first convolutional layer, 80 filters have 

been convolved to the input image and it yields 630 
parameters, Maximum pooling and Rectified Linear 
Unit is used for the initial convolutional layer. In the 
second convolutional layer, 120 filters, have been 
utilized which yields 4096 parameters. In the third 
convolutional layer, 120 filters have been used and 
they yield 6144 parameters. Maximum pooling and 
ReLU have been utilized for all the convolutional 
Layers. Finally, these are flattened and 18015 
features are obtained and it is fed into the dense 
layer. The same procedure is repeated for 3 seconds, 
5 seconds and 10 seconds duration musical dataset. 
For testing, the spectrogram images of size 64 x 64 
are given as input for the classification of musical 
instruments sound. The prediction matrix is given to 
the sixteen categories of sound of the musical 
instruments. The performance is calculated based on 
the confusion matrix on the predicted value. 
Performance metrics namely Precision, Recall, F-
Score and Accuracy are used. Table 1. shows the 
performance evaluations for CNN model. 
Table 1 Performance Evaluations for CNN Model 

Classes 
Precision (in 

%) 

Recall (in 

%) 

F-

Scor

e (in 

%) 

French horn 83.80 90.20 
86.8

8 

Trombone 97.80 96.70 
97.2

5 

Trumpet 95.60 95.60 95.6 

Tuba 96.20 97.50 
96.8

5 

Bassoon 95.70 96.40 
96.0

5 

Bass 

clarinet 
98.10 97.80 

97.9

5 

Clarinet 81.40 92.30 
86.5

1 

Contrabass

oon 
95.90 96.20 

96.0

5 

Flute 93.70 94.00 
93.8

5 

Saxophone 98.30 96.40 
97.3

4 

Time 

Fr
eq

ue
nc

y 
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Fig. 5 Accuracy of CNN Model 
The accuracy of this work shows in Fig. 5. The 
performance of CNN model for various durations of 
music data is shown in Fig. 6. In this work 10 
seconds duration yields highest accuracy when 
compared to others. 

 
Fig. 6. Performance of CNN Model 
6. COMPARISON WITH EXISTING WORKS 
The proposed work is compared with various 
existing works. Table 2 shows the performance 
comparison. 
Table 2. Comparison of existing algorithms 

Reference Algorithms Accuracy 

Tamanna, et al., 

(2024) [19] 

CNN 85% 

Sivalingam, et al., 

(2025) [20] 

CNN 78.37 

Chandrashekar, et al., 

(2025) [23] 

SVM 75 

Patil, et al., (2025) 

[24] 

CNN 90 

Prabavathy S and 

Selvalakshmi R [25] 

SVM 95 

7. CONCLUSION 
In this paper, the classifications of musical 
instruments sound have been categorized. An 
effective deep learning based CNN model is 
developed for classifying the musical instruments 
sound effectively. To classify the musical signal, the 
deep learning method has been implemented using 
the spectrograms.  The experimental results ensured 

the performance of the CNN model with the 
maximum precision of 93.65%, recall of 95.31% and 
accuracy of 92.30%. The yield results are good when 
compared with the existing models. 
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