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ABSTRACT
This paper presents a cross-platform application for vocal
training and performance evaluation using monophonic pitch
tracking. The system is designed to take real-time voice input
using any standard microphone, extract the pitch of the signal
using an auto-correlation based pitch tracker and evaluate the
vocal performance by measuring the accuracy in pitch against
a reference song or lesson. The system also provides the user
real-time visual feedback with regards to the pitch being sung
and the pitch supposed to be sung.

Index Terms— Vocal Training, Pitch Tracking, Perfor-
mance Evaluation

1. INTRODUCTION

The singing voice is a musical instrument which allows pre-
cise control of pitch and expression. Human ears are ex-
tremely sensitive to pitch and can detect minor changes in
pitch with reasonable accuracy. It takes years of intense prac-
tice to develop good singing skills. Most of the vocal per-
formances rely heavily on pitch accuracy and hence, pitch is
one of the most important features which is stressed upon in
almost all forms of vocal training.

Traditionally, vocal training involves a lot of listening and
uses auditory perception as the primary source of feedback.
For beginners in particular, who are still training their ears,
making an objective evaluation of their performance is a chal-
lenging task. Thus, the presence of a teacher who can listen
to the performance , evaluate it and guide the student towards
improvement is of paramount importance. Without under-
mining the need of a teacher or that of improving the audi-
tory pitch perception through rigorous ear training, an auto-
matic system which would assist the beginners to practice ba-
sic lessons and evaluate the performances would indeed be
of great help to many. The use of real-time visual feedback to
show the students how accurately the song is being performed
might also augment the learning process.

The fundamental research question here is can a computer
or machine be able to listen to a vocal performance, analyze

and evaluate it. A related question which follows is to what
extent will such a system be able to help a student in his
endeavors to improve his vocal capabilities. Although both
questions are equally important, this paper looks to touch on
the first and leaves the second for future work. It presents an
architecture for a basic system which can evaluate a vocal per-
formance against a reference lesson based on pitch and timing
information. The intent is to design it in such a way that it can
be scaled later so as to include more complex evaluation mea-
sures such as amplitude modulation and note transitions.

The paper is structured in the following manner. I shall
briefly discuss about the related work in this area in the Sec-
tion 2 before describing the system architecture and the al-
gorithm in detail in Section 3. Subsequently Section 4 will
discuss the evaluation of the system. Section 5 will conclude
the paper and discuss scope for future work.

2. RELATED WORK

Pitch detection is a fundamental and highly researched topic
in the area of audio or music signal analysis. There have
been several approaches to solve the problem of fundamen-
tal pitch detection and the approaches differ based on whether
the signal is monophonic or polyphonic in nature. For the pur-
poses of this paper, only monophonic signals are considered.
An introduction to several approaches for monophonic pitch
tracking can be found at [1]. A more detailed comparative
analysis of various pitch detection algorithms is given in [2].
Some of the popular methods for pitch detection employ vari-
ants of Auto-Correlation Function (ACF), the Average Mag-
nitude Difference Function (AMDF) [3], the Harmonic Prod-
uct Spectrum (HPS) [4] etc.

Although, pitch tracking and related tasks such as tran-
scription of singing voice [5] and score alignment [6] have
been given attention earlier, off late a lot of research has also
gone into the automatic evaluation of singing voice. Nakano
et. al. [7] present a system for automatic binary classifica-
tion of a vocal performance as “good” or “bad” based on vi-
brato analysis and pitch steadiness features. Pitch steadiness



Fig. 1. System Overview

is measured by measuring deviation from an equi-tempered
scale. The authors consider usage of vibrato as an “impor-
tant” singing technique and define a vibrato likeliness mea-
sure which is used as a feature for classification. Mayor et. al.
[8, 9] present systems for evaluating and scoring vocal perfor-
mances of reference songs. They use both note and intra-note
level analysis to rate the performance based on pitch accuracy,
volume accuracy, timing accuracy and expression categoriza-
tion in terms of note attacks, sustains and vibratos.

It is also worth noting that off-late a lot of products have
been made available commercially in the form of mobile apps
[10] and games [11, 12] which perform a similar task but use
them for entertainment purposes.

3. SYSTEM OVERVIEW

The system architecture is shown in Figure 1. There are 5
primary modules of the system namely:

1. Audio Engine: This module carries out all the audio
and buffer handling for the system. It reads the in-
put audio buffers returned by the device microphone
and creates overlapping windows from them based on
a specified block size and hop size. It also writes data
to the output buffers which are sent to the sound card
for playback. The audio engine also implemented a ba-
sic metronome which the user can toggle to get a better
sense of timing.

2. Pitch Tracker: The pitch tracker module receives the
input buffers from the audio engine and calculates the
fundamental pitch as a floating point MIDI note num-
ber. This detected pitch is used by the subsequent mod-
ules. The pitch tracking algorithm is described in detail
in Section 3.1.

3. Lesson Manager: This module reads vocal training
lessons which are in the form of single track MIDI files
and converts them into reference pitch values which are
used in the evaluation module. The user can select from
a list of available lessons for practise. The lessons cur-
rently are pre-loaded into the system and mostly com-

Fig. 2. GUI Screenshot for Lesson Selection

Fig. 3. Visual Feedback by displaying Pitch Contour

prise of fundamental vocal exercises. The lessons are
in the form of monophonic single-track General MIDI
standard files containing a single melody. The system
is capable of reading any MIDI file which satisfies this
criteria.

4. Performance Analyzer: This module takes the de-
tected pitch from the pitch tracker and the reference
pitch and timing information from the Lesson Manager
and performs the objective evaluation of the perfor-
mance. The algorithm is described in Section 3.2.

5. GUI: The GUI (graphical user interface) interfaces be-
tween the different modules and allows the user to se-
lect lessons for practice, playback the selected lesson
and view the real-time singing performance in the form
of a pitch contour and on a graphical piano keyboard
(see Figure 3). A few more snapshots of the GUI are
shown in Figure 2 and 3 .

3.1. Pitch Tracking Algorithm

The pitch tracking algorithm uses an ACF based method to
estimate the fundamental frequency. The different steps of
the algorithm are enumerated below:



1. First, a simple energy based threshold is used to im-
plement voicing detection. Only blocks which have an
RMS energy above a certain threshold E are consid-
ered for pitch extraction. The detected pitch for such
blocks is set to zero.

2. The ACF of the input audio signal xt is calculated for
each block n of size K as per the following equation:

rt(η, n) =

ie(n)−η∑
i=is(n)

x(i).x(i+ η) (1)

where is(n) and ie(n) are the indices corresponding to
the start and end samples of the block and η is the lag
ranging from 0 to K − 1

3. The ACF for each block is then normalized by dividing
the ACF at zero lag i.e. rt(0, n).

4. The normalized ACF function is then searched for lo-
cal maxima within a fixed search range determined by
the maximum and minimum expected frequency of the
input audio signal. This is done to avoid octave errors
and reduce the computational complexity.

5. Another additional criteria is imposed to improve the
accuracy which uses the previous detected pitch to fur-
ther narrow down the search region by looking at an in-
terval within ±1 octave of the previous detected pitch.
If the detected pitch for the previous block is zero, then
this condition is not imposed.

3.2. Performance Evaluation

The performance evaluation section uses a rudimentary pitch
comparison algorithm to classify each sung note as correct or
incorrect based on whether the note is within a certain thresh-
old T (0.50 cents) when compared to the reference pitch at
that particular time instant. The evaluation currently only
happens for regions where the reference pitch has a non-zero
value. Further a small window is ignored at either ends of
reference pitch note to ensure that deviations in pitch during
note transitions are not penalized.

4. EVALUATION

4.1. Pitch Tracker

A total of 3 pitch trackers were initially considered to be used.
These included the ACF based algorithm described in the pre-
vious section, the YIN algorithm [3] (a MATLAB implemen-
tation made available online by the author at [13] was used)
and a wavelet based algorithm [14]. For ease of implemen-
tation and testing, all the 3 algorithms were implemented in
MATLAB and were tested using the TONAS dataset ([15],

Fig. 4. Estimated Pitch v/s Ground Truth for a sample audio
in the Tonas Dataset using ACF Algorithm

Fig. 5. Performance of different Pitch Tracking Algorithms
on the TONAS Dataset

Fig. 6. Sung Pitch v/s Reference Pitch (Sung Pitch is in red
color, Reference Pitch is in green color)



[16]). The dataset contains 72 excerpts of monophonic tradi-
tional flamenco singing within annotations covering the fun-
damental pitch for each time block. The results of the eval-
uation are tabulated in Figure 5. The following parameters
were used for evaluating the pitch trackers:

1. Average RMS Error in Cents: This metric was com-
puted for audio blocks which are both classified as
voiced (or pitched) in the estimate as well as the ground
truth.

2. Average % of false positives: The average % of blocks
which were classified by the pitch tracker as pitched but
were unvoiced in the annotations.

3. Average % of false negatives: The average % of the
blocks which were classified as silent but where actu-
ally pitched in the annotations.

A sample plot of estimated pitch v/s ground truth is shown in
Figure 4. Although the average error was the least for the
wavelet based algorithm, it had higher % of false positives
and false negatives. The yin algorithm on the other hand had
the lowest % of false positives but had a very high % of false
negatives. The ACF algorithm had acceptable performance
on all the 3 metrics.

4.2. Overall System

The real-time system was developed using the JUCE frame-
work [17] which is C++ based cross platform framework for
developing audio, interactive, embedded and graphical appli-
cations. The current version of the system has been tested on
a MacBook Pro (running a 2.7Gz processor with 8GB RAM).
The block size was chosen as 1024 and the hop size was cho-
sen as 512. The sampling rate of the device was 44100Hz.
Different modules of the program were tested individually to
verify their performance.

1. The audio engine was tested to ensure that it is able to
handle all possible block size and hop size combina-
tions. This was done by passing a ramp signal through
the system and checking the blocks returned by the au-
dio engine.

2. The pitch tracker was tested using sine waves for
known frequency as input. As as additional check
to compare the implementation, the pitch contour re-
turned by the system for a test signal was compared
with the MATLAB implementation to check if the C++
implementation was accurate.

A sample plot of the sung pitch v/s the reference pitch is
shown in Figure 6. The system is able to accurately determine
the sung pitch and is able to evaluate the performance against
the reference pitch as per the evaluation algorithm. The extent
of the accuracy of the evaluation is not verified currently. This

would require the system to be used by several individuals
in a controlled environment and the evaluation results would
have to be compared with those of human judges who rate the
performances. A strong correlation between the two would
confirm the effectiveness of the system.

5. CONCLUSION & FUTURE WORK

This paper presents a system which can be used for automatic
real-time evaluation of vocal performance. Considering the
simplicity of the performance evaluation algorithm, the cur-
rent evaluation is an extremely basic estimation of the per-
formance of the user and scores only on whether the right
pitch was sung at the right time. It doesn’t take into account
the modulations or note transitions as in some of the earlier
works. However, the system can be scaled to include more
complex performance descriptors for getting more insights
into the performance and that is the major area over which
the future work would be directed. As mentioned earlier, the
aim would be to objectively evaluate the performance based
on note accuracy, timing accuracy, modulations and transi-
tions. Attempts to include articulations and expression can
also be made.

A few other areas for improvement would be the follow-
ing:

1. ACF is a time-based pitch tracker. A frequency based
pitch-tracker such as HPS could be used in conjunction
with ACF to further increase the accuracuy of pitch de-
tection. The ACF can also be computed using the FFT
(Fast-Fourier Transform) to reduce computational com-
plexity.

2. The current GUI design ensures functionality but is
pretty basic. More work is needed on the GUI to im-
prove the overall user experience which can later be
developed into a full-fledged application.

Further work would include packaging the system in the
form of easy-to-use tool which can be used by students and
teachers. The structure of the lessons should allow the users
as well as the teachers to author their own lessons. These
lessons can be shared in a “cloud based” community learning
environment where all users should be able to access them
and use them to improve their vocal skills.
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