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Abstract: The paper presents an application for guitar note detection using a convolutional neural network 

(CNN). The choice to use a CNN was made based on the existing usage and application of such deep-learning 

models in speech recognition. The initial step in the processing of the audio recording is filtering out irrelevant 

low and high frequencies. That is followed by the detection of segments and recognizing which note is present in 

each of those segments. The segments are converted into mel spectrograms, and used as input for the CNN 

model. Based on CNN's predictions, an array of recognized notes is generated according to the musical letter 

notation system. The presented application is specifically designed for processing audio recordings of electric or 

acoustic guitars. The CNN model was successfully incorporated into an application written in the Python 

programming language. Executing this application produced experimental results, which are shown and 

described in the paper. These results confirm the accuracy and reliability of the note detection model provided by 

the convolutional neural network. 
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1. INTRODUCTION 

Following multiple iterations of training, this model was transformed into a real system as a web 

application written in Python. Python was chosen because it provides a wide range of modules and 

libraries for working with audio files, neural networks, graphics, and the Flask web framework [1], 

[2]. Additionally, Python was selected as program execution speed was not a critical factor for this 

project, making its ease of use and versatility ideal for implementation [3]. 

The modules and libraries used include soundfile, cv2, numpy, matplotlib (pyplot), and tf.keras. 

The module tf.keras from the Tensorflow library allows efficient implementation and interaction with 

artificial neural networks in Python programs. The sound recordings that were chosen as inputs were 

processed by a program that detected the notes played as segments of the file. The output of the 

program is an array of string values that represent the segments as notes using letter notation. 

Once the model was integrated into a Flask-based web application, the end-user could send an 

HTTP request to the Flask server. The request contains three parts, an audio file in the .wav format, a 

decibel level at which the recording should be analyzed, and a value that indicates which process 

should be used in the analysis. The file is then processed and the output array of note names, as well as 

a loudness chart image, are returned as a response to the initial request. The array is then visually 

represented in the form of guitar tablatures. The loudness chart can be viewed as an image and used to 

determine the proper decibel level. 

2. THE CNN NOTE RECOGNITION MODEL 

This chapter briefly covers important digital audio signal topics and describes a CNN model that 

recognizes notes in an audio recording based on the recording’s mel spectrogram and labels them 

according to the music letter notation system [4],[5]. 
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2.1. Brief digital audio signals overview 

Due to the difference in how digital audio and analog audio levels are measured, the unit dBFS 

(decibels relative to full scale) is used for digital audio signals. The loudest level when using dBFS is 

zero. Therefore, values lower than zero are passed to the application as a parameter before processing. 

A mel spectrogram is a spectrogram variation that shows the frequencies present in an audio 

signal at different points in time, along with their loudness level (dB level is represented by color 

value). The frequency values (in Hz, on the Y axis) are on a logarithmic scale. The primary fields mel 

spectrograms are used in are machine learning models and speech processing. 

2.2. CNN note recognition model 

The first layer is an Input Layer, which has no weights and biases and has dimensions of 

128×128×1. The second layer is a Convolutional Layer with 32 filters, a kernel size of 3×3, and a 

ReLU activation function [6]. The third layer is a Max Pooling Layer with a window size of 2×2, 

effectively reducing the feature map width and height by half while keeping the most important 

features [7]. The fourth layer is another Convolutional Layer, this time with 64 filters, a kernel size of 

3×3, and a ReLU activation function. The fifth layer is identical to the third layer, being a Max 

Pooling Layer with a window size of 2×2. The sixth layer is another Convolutional Layer with the 

same kernel size and activation function but with 128 filters. The seventh layer is a Flattening Layer, 

which converts the 2D feature map into a 1D vector. The eighth layer is a Dense (Fully Connected) 

Layer with 64 neurons and a ReLU activation function. The ninth and final layer is another Dense 

Layer with 30 neurons representing 30 possible notes and a Softmax activation function, converting 

the values from each neuron into the probability of the input belonging to a specific note. 

The model was trained on a dataset containing over 1,500 audio files of individual notes, 

specifically created for this project. The dataset was split into training and test datasets with an 80:20 

ratio. The model was initially trained for 20 epochs with a batch size of 32. However, it was 

determined that the best results were achieved after 3 epochs, and further training could lead to 

overfitting (Figure 1). Adaptive Moment Estimation (Adam) optimizer was used to adjust the model’s 

weights during training. Since the true labels are represented as integers, the sparse categorical cross-

entropy loss function was used. 

 

 

Figure 1 – Filtered Mel Spectrogram of input audio recording 

 

3. INPUTS AND OUTPUTS OF THE PROGRAM 

In standard guitar tuning the strings are tuned in the following order from lowest to highest: E2, 

A2, D3, G3, H3, E4. Since the frequency of the lowest note on the guitar in standard tuning is 82 Hz 
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and the third octave of the highest detectable note (A4) is at 3520 Hz (A7) the input is filtered below 

80Hz and above 3600 Hz to reduce input size and make training more efficient. 

 

 

Figure 2 – Filtered Mel Spectrogram of input audio recording 

 

Recordings of electrical and acoustic guitar melodies were used as inputs during development. All 

of the recordings are in the WAV format. The WAV (Waveform Audio File Format) format provides a 

way to store digital audio data without compression, thus eliminating any loss of quality or any other 

changes that may occur when other formats are used for audio recordings. 

The output is an array containing the letter names of the detected notes. Based on the CNN 

model’s prediction of which note the mel-spectrogram is representing, an integer value is returned and 

used to find the matching note letter. The note letter will then be added to the output array. Note letters 

and their corresponding numbers are given in Table 1. 

 

Table 1  Note letter names 

Note letter names and numeric value pairs 

(E2, 0) (F2, 1) (F#2, 2) (G2, 3) (G#2, 4) (A2, 5) (A#2, 6) (H2, 7) (C3, 8) (C#3, 9) (D3, 10) (D#3, 11) 

(E3, 12) (F3, 13) (F#3, 14) (G3, 15) (G#3, 16) (A3, 17) (A#3, 18) (H3, 19) (C4, 20) (C#4, 21) (D4, 22) 

(D#4, 23) (E4, 24) (F4, 25) (F#4, 26) (G4, 27) (G#4, 28) (A4, 29) 

4. EXPERIMENTAL RESULTS 

To verify the output of this model, it was integrated into a Flask web application which visually 

represents the output results in the form of a loudness chart that shows an image based on the first part 

of the output (a byte buffer containing image data in PNG format) and a guitar tablature based on the 

array of note names (Figure 3). 

 

 

Figure 3  The tablature representation of an input recording 
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The first input parameter is an audio recording of a guitar melody in the WAV format file. The 

second input parameter is the loudness threshold (measured in dBFS) which has a numeric value. The 

third and final input parameter is a value that indicates whether only the amplitude or both the 

amplitude and note onset should be used as parameters during the note detection. Using only the 

amplitude has proven to be more accurate for melodies with a slower tempo while using both the 

amplitude and note onset detection has proven to be more accurate for melodies with a faster tempo. 

The audio signal of the input recording is represented using the matplotlib library (Figure 4). The 

changes in loudness over time are depicted, and each detected note segment is visually marked at the 

beginning and end points in time between which the segment occurs in the recording. The dBFS 

threshold at which the recorded input is analyzed is also represented on the loudness chart. The figure 

data from the matplot chart is then written into a byte buffer as an image in the PNG format. The data 

from that byte buffer is the first of two parts of the output. The second part is the note letter array. 

In the experimental example which is presented in Figures 2, 3, and 4, an audio recording, which 

contains 14 played notes, was used along with the loudness threshold value of -20 dBFS. The note 

detected 14 segments and the loudness threshold can be seen on the loudness chart (Figure 3). The 

following notes were played in the recording: C3, E3, G3, C4, H2, E3, G3, G#3, E3, A3, C#4, A#3, 

C4, G4. 

 

 

Figure 4 – The visual depiction of the analyzed audio recording 

 

5. CONCLUSION 

In this paper, a machine learning approach to musical note detection is proposed, utilizing a 

convolutional neural network (CNN) as an apparatus for modeling, analysis, and prediction. The 

proposed CNN model processes mel spectrograms, which represent the digital transformation of audio 

signals into the frequency domain, as its input. The application performs a series of operations, 

including filtering high and low frequencies, splitting audio files into individual note segments, 

converting segments into mel spectrograms, feeding the spectrograms into the CNN model for 

classification, and generating an array of detected musical notes according to the letter notation 

system. The CNN model was integrated into a Python-based web application, using a lightweight web 

framework provided by the Flask module. Through the execution of this application, the correctness 

and reliability of the model were verified using experimental data. Results obtained from testing 

demonstrate a high accuracy rate in note detection, confirming the model's effectiveness for analyzing 

audio recordings of electric and acoustic guitars. Additionally, the application allows for the 
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processing and display of detected notes in real-time, further validating the practical applicability of 

the model. The paper also includes an example of spectrogram visualizations, detected segments, and 

detected notes presented as guitar tablatures. These results highlight the robustness of the proposed 

approach and its potential for broader applications. Future research directions will explore the 

expansion of the CNN model’s capabilities, focusing on generalizing its scope and investigating its 

adaptability to more complex scenarios and diverse datasets. 
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