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Figure 1: Framework overview 

Abstract 
Fingering plays a crucial role in musical performance, yet most 
computational approaches focus on piano, overlooking the spatial 
complexity of string instruments like the bass. This paper presents a 
framework for estimating optimal bass fingering by analyzing video 
input, detecting strings, frets, finger positions, and played notes. 
Using a Bi-LSTM model, the system estimates optimal fingering 
sequences. The framework supports both user-recorded and online 
videos, offering a scalable solution for bass performance analysis. 

CCS Concepts 
• Applied computing → Sound and music computing. 
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1 Introduction 
Fingering refers to assigning specific fingers to specific keys or 
strings during playing a musical instrument, such as a bass gui-
tar or piano. As efficient and well-practiced fingering ability en-
ables high-level play performance [2, 10], it has been considered a 
crucial skill not only for beginners but also for experienced play-
ers [2, 14]. Previous studies proposed various methods for estimat-
ing optimal fingering: cost-based methods [1, 7, 8, 15–17], statistical 
methods [11–13, 20], and more recently, deep learning-based meth-
ods [5, 6, 13, 18]. However, existing studies have primarily focused 
on the piano, while optimal fingering for string instruments such 
as the bass guitar or violin remains underexplored. 

The key difference between the piano and string instruments 
lies in the dimensionality of their playing surfaces. While piano 
fingering is constrained to a one-dimensional (1D) linear layout of 
keys, bass guitar fingering requires two-dimensional (2D) move-
ment across both strings and frets. This spatial complexity results in 
fundamentally different motion patterns: piano playing involves pri-
marily horizontal movements, whereas bass guitar playing demands 
coordinated motion in both horizontal and vertical directions. Ad-
ditionally, unlike the piano, a single note on the bass guitar can 
often be played in multiple positions, offering several fingering 
options for the same pitch. Thus, bass guitar fingering analysis 
must account for multi-directional motion and spatial complexity. 

Accordingly, this paper proposes a novel framework that pro-
vides an optimal fingering method for the bass guitar. The frame-
work detects bass-related elements (e.g., strings and frets), the 
player’s finger position, and the notes being played. The input 
videos can be either user-recorded or crawled from online sources 
such as YouTube. We used Bi-LSTM model to estimate the optimal 
fingering sequence. 
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Figure 2: bass fret calculation 

2 Implementation 

2.1 Detecting Bass Elements 
2.1.1 Bass string. To detect bass string, we used OpenCV’s houghlines 
function. The function performs the Hough Transform [4] and re-
turns the distance r from the top-left corner of the image to the 
detected line and its angle 𝜃 . To remove irrelevant lines (e.g., from 
desks or windows), we first excluded outliers using the 3-sigma rule 
on 𝜃 values. Then, we applied k-means clustering (k=4) to group 
lines corresponding to each bass string. As a result, each bass string 
is represented by the r and 𝜃 of the cluster center (See Figure 1 (a)). 

2.1.2 Bass fret. Detecting bass frets using line detection is chal-
lenging, as frets are short and occluded by strings, causing them 
to appear as fragmented lines. To address this, we estimated bass 
fret positions by detecting regularly spaced circular position marks 
aligned with the frets. Position marks are detected using OpenCV’s 
houghcircles function, which returns the 𝑥 , 𝑦 coordinates and 
the radius of circles. After detection, we removed circles outside 
the range of the first and fourth bass strings, then applied k-means 
clustering (k=9) to merge detected circles corresponding to each 
position mark. Clusters are labeled in descending order of their 
center x-coordinates and assigned the corresponding position mark 
labels (i.e., 3, 5, 7, 9, 12, 15, 17, and 19). 

Leveraging the fact that the fret spacing follows the 12-tone 
equal temperament (12-TET) system, each bass fret position can be 
calculated mathematically based on the coordinates of the position 
marks as follows: 

𝐿 = 𝐿𝑖 −1 · 𝑅 1−𝑖 , 𝐿𝑖 −1 = 
2𝑑 

1 + 𝑅 − 𝑅 𝑗 −𝑖 − 𝑅 𝑗 −𝑖+1 , 𝑅 = 2−1/12 (1) 

where 𝑖 and 𝑗 are position mark numbers, 𝑑 is the distance between 
𝑖-th and 𝑗 -th position marks, 𝐿 is the distance from the bass bridge 
to the bass head, and 𝐿𝑖 −1 is the distance from the bass bridge to 
the 𝑖-th fret. One octave doubles the frequency with 12 notes, so 
𝑅 is defined as 2−1/12 based on the inverse relationship between 
distance and frequency (See Figure 2). 

2.2 Detecting Finger Position 
In bass guitar, where the same pitch can be played in multiple posi-
tions, identifying finger positions is essential to determine where 
each note was played. To achieve this, we used Google MediaPipe 
Hand Landmarks Detection [21] (See Figure 1 (c)). However, since 
bassists tend to place fingers near the frets [3], raw hand landmarks 
can reduce recognition accuracy. Therefore, we added 10% of the 
fret spacing as padding to both sides of the left-hand landmarks. 

2.3 Recognizing Pitch and Note-on timing 
The positions of each finger on the bass guitar can be identified, but 
determining which finger played a note requires pitch and note-on 
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Figure 3: Data analysis result 

timing. To address this, Crepe and Crepe Note are used to recognize 
the pitch and note-on timing of the played notes. Crepe estimates 
the pitch and its confidence from the audio over time [9]. Based on 
this, Crepe Note detects the pitch, note-on times of each note [19]. 

3 Data acquisiton 
We collected a total of 21 YouTube videos, featuring 10 different 
players. All bass guitars used by the players had 20 frets and circular 
position markers. Additionally, the videos were recorded from a 
fixed front-facing angle without any change in camera composition. 

We also recruited 8 participants (7 male, 1 female) from local 
universities and musician recruitment platforms. Their playing 
experience ranged from 2 to 30 years (Mean = 8.5, SD = 9.20). Par-
ticipants used their own 4-string, 20-fret bass guitar when avail-
able. Otherwise, a Squier Classic Vibe ’60s Jazz Bass was provided. 
They listened through Marshall Major 5 headphones and monitored 
sound via a Cort CM15G amplifier. Performances were recorded in 
4K@60fps using an iPhone 14 Pro on a tripod. Participants selected 
5 out of 8 provided songs and had one week to practice. 

4 Modeling and Evaluation 

4.1 Modeling 
Bidirectional LSTM (Bi-LSTM) has shown strong performance in 
fingering estimation for monophonic piano melodies in a single 
hand [5, 6]. We trained the Bi-LSTM model by providing input fea-
tures relevant to fingering decisions on the bass guitar, including 
the finger number used to press the string and the spatial distance 
between the previous and current notes, represented as 2D coordi-
nates across strings and frets. 

4.2 Evaluation Metrics 
To evaluate the transcription framework and the optimal fingering 
estimation model, we manually annotated the fingering sequence 
of performers by reviewing seven performance videos. We also 
converted the sheet music into data to obtain ground truth pitch 
information for the performed music. 

4.2.1 Pitch Recognition Module. We compared the recognized 
pitches from audio with ground truth notes from the sheet music. 

4.2.2 Finger Recognition Module. We compared the finger 
numbers identified from the video with the manually annotated 
fingering sequences. Recognition was considered correct when 
both the finger number and its corresponding string/fret position 
matched the annotation. 

4.2.3 Optimized Fingering Estimation Module. We compared 
the predicted fingering sequences from the Bi-LSTM model with 
the recognized finger positions obtained from the video. 
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4.3 Results 
The note recognition accuracy was 0.81 on average (SD=0.06), the 
position recognition accuracy was 0.77 (SD = 0.12), and the finger-
ing prediction accuracy was 0.50 (SD = 0.07) as in the Figure 3. There 
were some notes missed by the framework in pitch recognition, 
which directly affect both finger recognition and fingering predic-
tion accuracy. Therefore, improving the recognition performance 
for the missed notes in the framework is expected to enhance the 
overall model performance. 

5 Conclusion 
This paper presents the first deep learning-based approach for bass 
guitar fingering estimation, along with a framework for extracting 
fingering data. Results show that the framework achieves high 
accuracy and produces playable fingering predictions, supporting 
future research on string instrument fingering. 
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