
Automatic transcription of recorded music

Peter Grosche, Björn Schuller, Meinard Müller, Gerhard Rigoll

Angaben zur Veröffentlichung / Publication details:

Grosche, Peter, Björn Schuller, Meinard Müller, and Gerhard Rigoll. 2012.
“Automatic transcription of recorded music.” Acta Acustica united with Acustica
98 (2): 199–215. https://doi.org/10.3813/aaa.918505.

Nutzungsbedingungen / Terms of use:

Dieses Dokument wird unter folgenden Bedingungen zur Verfügung gestellt: / This document is made available under
these conditions:
Deutsches Urheberrecht
Weitere Informationen finden Sie unter: / For more information see:
https://www.uni-augsburg.de/de/organisation/bibliothek/publizieren-zitieren-archivieren/publiz/

licgercopyright

https://doi.org/10.3813/aaa.918505
https://www.uni-augsburg.de/de/organisation/bibliothek/publizieren-zitieren-archivieren/publiz/


Review ArticleACTA ACUSTICA UNITED WITH ACUSTICA
Vol. 98 (2012) 199 – 215

DOI 10.3813/AAA.918505

Automatic Transcription of Recorded Music

Peter Grosche1), Björn Schuller2), Meinard Müller1), Gerhard Rigoll2)

1) Saarland University and MPI Informatik, 66123 Saarbrücken, Germany. pgrosche@mpi-inf.mpg.de
2) Institute for Human-Machine Communication, Technische Universität München, D-80333 München, Germany.

schuller@tum.de

Summary
The automatic transcription of music recordings with the objective to derive a score-like representation from a
given audio representation is a fundamental and challenging task. In particular for polyphonic music recordings
with overlapping sound sources, current transcription systems still have problems to accurately extract the param-
eters of individual notes specified by pitch, onset, and duration. In this article, we present a music transcription
system that is carefully designed to cope with various facets of music. One main idea of our approach is to
consistently employ a mid-level representation that is based on a musically meaningful pitch scale. To achieve
the necessary spectral and temporal resolution, we use a multi-resolution Fourier transform enhanced by an in-
stantaneous frequency estimation. Subsequently, having extracted pitch and note onset information from this
representation, we employ Hidden Markov Models (HMM) for determining the note events in a context-sensitive
fashion. As another contribution, we evaluate our transcription system on an extensive dataset containing audio
recordings of various genre. Here, opposed to many previous approaches, we do not only rely on synthetic au-
dio material, but evaluate our system on real audio recordings using MIDI-audio synchronization techniques to
automatically generate reference annotations.
PACS no. 43.75.Xz, 43.75.zz

1. Introduction

Transcribing music recordings is the antipode of making
music: Listening to a piece of music and writing down its
musical notation. Various kinds of musical notation and
ways of representing music in a symbolic form exist. For
Western music, the musical score, or sheet music, is the
traditional form of notating music on a piece of paper. This
notation encodes a musical work using a universal and
well known language. Being able to “read" this notation
allows a musician to create a musical performance of this
piece by following the given instructions. In particular, a
score contains information on each note of the piece, such
as onset time, pitch, and durations. However, the informa-
tion given by the score is not a strict set of rules, but rather
a recommendation or guideline admitting individual influ-
ences and articulations. Due to this ambiguous nature of
this representation different recordings of the same piece
of music may exhibit very different characteristics.

The goal of automatic music transcription (AMT) is
to transform a music performance, given in the form of
an audio recording, into a symbolic representation by the
use of signal processing methods. In this context, the tran-
scription process can be seen as reverse-engineering the
source code of a music signal [1]. The waveform of an au-
dio signal encodes changes of the air pressure which are
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caused by some vibrating object such as the vocal chords
of a singer, the strings of a violin, or the standing wave
vibration in the air column of a trumpet [2]. In this physi-
cal representation, no note-level parameters such as onset
times, durations, or pitches are given explicitly. Playing
even a single note on an instrument results in a complex
mixture of sounds comprising components that correspond
to the fundamental frequency (or pitch) as well as harmon-
ics, i. e., integer multiple frequencies of the pitch [3]. For
music, one generally has several notes played at the same
time and even several instruments playing together. In this
scenario, the determination of note parameters is a very
challenging task.

Automatic music transcription systems typically pro-
ceed in three stages. In the first stage, pitch candidates
are estimated for each time position. Here, one generally
reverts to frequency domain approaches that analyze the
harmonic structure of the spectrum to determine the fun-
damental frequency. In the second stage, note onset posi-
tions within the music signal are estimated. Here, a typi-
cal approach is to capture changes of the signal’s energy
or spectrum deriving a so-called novelty curve. The peaks
of such a curve yield good indicators for note onset can-
didates. In the last stage, the information on note onsets
and fundamental frequencies is fused to determine notes
with the specific parameters onset time, pitch, and dura-
tion. Here, expert systems incorporating models of sound
characteristics or musical properties are employed. These
experts allow for solving otherwise ambiguous situations
and obtaining meaningful transcription results.
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Note onset detection and polyphonic pitch estimation
are well-studied problems and a variety of approaches
have been proposed that work well under specific condi-
tions. On the one side, pitch estimation algorithms exist
that perform well in the case of monophonic music (only
a single note is played at a time) and for instruments with
a pronounced fundamental and only slight temporal and
spectral variation, e. g., a piano. In the case of polyphonic
mixtures, however, pitch estimation becomes a very dif-
ficult problem. Even a single note results in a complex
sound with several harmonics, noise components, and vi-
brations. In this scenario, pitch estimation is a challeng-
ing task, especially when the number of simultaneously
sounding notes is unknown and different notes played by
different instruments are superimposed upon each other.
On the other side, note onset detection is a manageable
task when dealing with percussive instruments. In the case
of classical music, however, one typically has to deal
with instruments that feature weak onset information and
smooth note transitions, which is often the case for string
instruments. Here, the detection of relevant note onsets is
problematic.

In this article, we describe a framework for automatic
music transcription of audio recordings. Given an audio
recording, our goal is to derive a symbolic notation. More
precisely, we determine the properties of all notes con-
tained in this recording on the basis of the waveform rep-
resentation. We only focus on pitched instruments, leav-
ing the transcription of percussive instruments aside, but
percussive instruments may be present in the signal. Gen-
erally speaking, the system is carefully designed to cope
with any piece of Western music. In our framework, we
build on existing approaches to pitch estimation and note
onset detection. However, we modify these state-of-the-art
approaches leading to advantages under practical condi-
tions. More precisely, we introduce a spectrogram com-
puted using a combination of a multi-resolution Fourier
transform and an estimate of the instantaneous frequency,
which allows for obtaining a suitable time and frequency
resolution. From this, we derive a semitone spectrogram,
which accounts for the logarithmic properties of the equal-
tempered scale commonly used in Western music. This
representation is subsequently used as a basis for the tran-
scription system. We then use a state-of-the-art pitch es-
timator [4] that we adapt to work on the semitone spec-
trogram. As a result, we obtain for each time position
a number of pitch estimates as well as the respective
saliences. Furthermore, we use a state-of-the-art onset de-
tection method [5], which we adapt in such a way that
it delivers a novelty curve for each of the 88 semitone
bands. The peaks of this curves indicate likely positions
for note onsets as well as offsets. As one main contribu-
tion of this article, we then sketch methods for combining
the band-wise onset and pitch information. In particular,
we introduce an approach based on Hidden Markov Mod-
els (HMM). Here, each note is modeled as one event with
distinct temporal and spectral properties. The basic idea
of this approach is to segment each of the semitone bands

into regions where a note is active and regions where no
note is active.

Our algorithm delivers the parameter representation in
the form of a MIDI file which encodes the physical posi-
tions and properties of each note in the recording. As an-
other major contribution, we intensively evaluate the per-
formance of the transcription system on several large-scale
datasets. To cover a wide range of musical styles and vari-
abilities, we use 50 recordings of modern pop/rock mu-
sic and 50 recordings of classical music. As ground truth
transcriptions are not available for such extensive datasets,
we first evaluate our algorithm on the basis of synthesized
MIDI files. Then, we create a second dataset consisting of
real audio recordings of the pieces. In this case, we ob-
tain the reference transcription through force-aligning the
MIDI files to the audio recordings, which allows for eval-
uating the performance of our transcription system under
real-world conditions. In total, our evaluation datasets con-
tain over 10 hours of audio with more than 700,000 notes.

The remainder of this article is organized as follows. In
section 2, we give a detailed background on automatic mu-
sic transcription while discussing relevant work. Then, we
give a short overview of the proposed transcription system
in section 3. In section 4, we describe the computation of
semitone spectrograms on the basis of the multi-resolution
Fourier transform, which is subsequently used as the basis
for the pitch estimation algorithm described in section 5 as
well as for computing the novelty curves explained in sec-
tion 6. section 7 constitutes one main contribution of this
article. Here, we introduce a method for deriving the note
events by combining pitch and onset information. In par-
ticular, we introduce our approach to note event modeling
using Hidden Markov Models. In section 8, we report on
our experiments and discuss the transcription results of our
system. Finally, we conclude in section 9 with a summary
and an outlook on future work and possible enhancements
to the transcription quality.

2. Background

In this section, we give a detailed background on auto-
matic music transcription as well as the steps involved in
deriving a symbolic representation from audio recordings.

Automatic transcription of music recordings is an ac-
tive research topic, with early work starting in the mid
1970s [6]. Many different approaches have been proposed
since then. However, the transcription of real-world mu-
sic with an unknown number of coinciding notes, arbitrary
instrumentation, various musical genre and tempi, or per-
cussive accompaniment suffers from many unsolved prob-
lems. In restricted scenarios, however, the complexity of
the transcription problem is reduced and state-of-the-art
approaches deliver an acceptable performance. For exam-
ple, restricting the audio to certain musical genre or even
to only one specific class of instruments [7, 8] significantly
simplifies the transcription problem. In particular piano
music attracted a lot of attention due to its comparatively
limited spectral and temporal variations [9, 10, 11, 12].
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Other approaches are limited to obtain only a partial tran-
scription of complex musical signals, e. g., the dominant
melody or bass lines [13, 14]. Another common approach
to reducing the difficulty of the transcription problem is to
use synthesized MIDI files instead of real recorded perfor-
mances. However, the synthetic character of this data sim-
plifies the transcription task neglecting many variations of
real sounds. Drums and percussion transcription systems
were developed, too, (e. g., see [15]) but most of the har-
monic music transcription systems exclude drums from in-
put material, while others do allow the presence of drums
but do not transcribe them.

A music transcription system typically includes three
major stages: pitch estimation, note onset detection, and
a fusion stage where actual notes are derived from this
information. In the first stage, fundamental frequencies
of musical sounds are determined. This is a very chal-
lenging task and many efforts have been made to solve
this problem. In 1976, Rabiner et al. [16] compared vari-
ous monophonic fundamental frequency estimation meth-
ods, examining frequency domain, time domain, and hy-
brid algorithms for analyzing speech signals. For music
signals, exhibiting a wider bandwidth of fundamental fre-
quencies, most of these approaches are not applicable. In
1977, Piszczalski and Galler [6] proposed the first mono-
phonic music transcription system which is limited to cer-
tain types of instruments with strong fundamental frequen-
cies. This frequency domain approach simply chooses the
most pronounced spectral peak as the fundamental fre-
quency. A common approach to fundamental frequency
estimation in time domain is the autocorrelation method
[17], because it is simple, fast, and reliable [18]. Here, the
signal is compared with time shifted copies to reveal the
underlying periodicities. Time domain zero-crossings [19]
and cepstrum measurements [20] are further methods pro-
posed for monophonic fundamental frequency estimation.
Pitch estimation methods that work in frequency domain
analyze spectral patterns to detect fundamental frequen-
cies that best explain the harmonic structure [4, 21].

Monophonic pitch estimation is still challenging for sig-
nals with arbitrary temporal or spectral characteristics. For
music signals, the assumption of monophony does not
hold for the majority of musical pieces. Here, one gener-
ally has multiple notes that sound at the same time. In par-
ticular for Western music, the concept of chords plays an
important role. Typically, a combination of three or more
notes sound simultaneously and affect the harmony of a
piece. In general, the number of simultaneously sounding
notes is unknown. Even more challenging becomes the de-
tection of fundamental frequencies in the case of complex
mixtures of various different instruments exhibiting het-
erogeneous temporal and spectral characteristic. As a re-
sult, pitch estimation algorithms were proposed that are
able to estimate the pitches present in polyphonic mix-
tures. In 1977, Moorer [22] proposed the first polyphonic
music transcription system. This system focuses on duets
and is limited to two monophonic instruments playing at
the same time. Furthermore, no overlap between notes or

harmonics is allowed. Recent methods with the focus on
general music signals try to decompose the signal into
smaller elements to separate simultaneous notes. Here,
sinusoidal component tracking and grouping of sound
sources according to specific attributes [14] are used. Fur-
thermore, a sub-band decomposition allows for analyzing
periodicities in certain frequency regions [23, 24, 25]. An-
other typical approach to polyphonic pitch estimation is to
process the signal iteratively using a monophonic pitch es-
timation algorithm. Here, the spectrum of a detected note,
or predominant fundamental frequency, is first subtracted
from the signal and the pitch estimation is iteratively re-
peated on the residual, see [26, 27, 4, 28]. Classification
based pitch estimation has been proposed using different
classifiers. Support Vector Machines are used in [12, 29]
for frame level pitch classification. In [30, 31, 32, 12], hid-
den Markov models are used to account for the temporal
properties of a note and to classify sequences of features
representing specific states of a note.

In the second stage, physical starting times of notes
and other musical events in a music recording are deter-
mined. The general idea of this onset detection is to cap-
ture sudden changes in the music signal, which are typi-
cally caused by newly occurring events. As a result, one
obtains a so-called novelty curve, the peaks of this curve
yield good indicators for locating note onsets. Many dif-
ferent methods for computing novelty curves have been
proposed, see [33] for an overview. For example, play-
ing a note on a percussive instrument typically results in
a sudden increase of the signal’s energy, which allows for
determining note onsets [33].

Much more challenging, however, is the detection of on-
sets in the case of non-percussive music, where one of-
ten has to deal with soft onsets or blurred note transitions.
This is often the case for vocal music or classical music
dominated by string instruments. As a consequence, more
refined methods have to be used for computing the nov-
elty curves, e. g., by analyzing the signal’s spectral con-
tent [33, 34], pitch [34, 35], harmony [36, 37], or phase
[33, 38]. Furthermore, in complex polyphonic mixtures
of music, simultaneously occurring events may result in
masking effects, which makes it hard to detect individual
onsets. As a consequence, detection functions were pro-
posed that analyze the signal in a band-wise fashion to
extract transients occurring in certain frequency regions
of the signal [39, 40]. A widely used approach to on-
set detection in the frequency domain is the spectral flux
[33], where changes of pitch and timbre are detected by
analyzing the signal’s short-time spectra. Combining ap-
proaches to spectral change detection and phase analysis
results leads to onset detection in the complex domain [5],
which shows good onset detection quality for a wide range
of signals.

In the third stage, information from the pitch estima-
tion and onset detection stages is combined to create note
events which best explain the signal’s content. Blackboard
systems utilizing expert systems with certain knowledge
are widely used for combining the features in a prediction
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Figure 1. Flowchart of the proposed music transcription system.

driven way [41, 42, 43]. These experts carry knowledge
of physical and acoustical properties of tones or auditory
models [44]. In [45], the first system making use of mu-
sically high-level information, such as key, beat, and met-
ric structure extracted from the low level musical signal is
presented. Information on chords, musical intervals, key,
and rhythm can be used for enhancing the transcription re-
sult and resolve otherwise ambiguous situations [46]. A
speech recognition motivated musicological model defin-
ing note transition probabilities is proposed in [31] us-
ing hidden Markov models. A prediction-driven analy-
sis by synthesis system employing genetic algorithms is
proposed in [47]. Probabilistic matrix factorization [48]
or harmonic-temporal structured clustering [49] together
with complex probabilistic models of notes and higher-
level musical knowledge allow for further improving the
transcription results. In this context, Markov Chain Monte
Carlo methods [50], or Poisson point processes [51] were
proposed. See [52] for a general overview of statistical
methods in the field of music processing.

3. Overview of the Transcription System

In this section, we give an overview of the processing steps
of our transcription system. As mentioned in the intro-
duction, our goal is to derive a symbolic representation
of all notes contained in a recording, given as an audio
waveform. Here, we only regard pitched instruments leav-
ing percussive instruments aside. Furthermore, our aim is
not to create a traditional Western music score, but a sym-
bolic representation where all physical note parameters are
given explicitly.

Figure 1 shows the flowchart of the system. Starting
with the waveform of a music recording, we first compute
a multi-resolution (MR) spectrogram employing a combi-
nation of three Fourier transforms. This spectrogram ac-
counts for the non-stationary character of music signals
and the need for a high frequency resolution at the same
time. In the following, this representation is employed for
the pitch estimation and onset detection.

For the pitch estimation, we only consider notes played
by pitched instruments. Therefore, we suppress broad-
band, noise-like components typically caused by per-

cussive instruments and enhance harmonic parts of the
pitched instruments. To this end, we apply a RASTA pre-
processing on the magnitude MR-spectrogram and obtain
a noise suppressed MR spectrogram. In the next step, the
MR spectrogram is mapped to a musically meaningful fre-
quency scale. Here, the Fourier coefficients are grouped
to form a new spectrogram, whose frequency axis reflects
the logarithmically spaced pitches (each corresponding to
a semitone) of the equal-tempered scale. Because of this
property, the resulting representation is referred to a semi-
tone spectrogram and each of its bands corresponds to one
of the 88 musical pitches A0 to C8. In this step, a tuning
parameter is estimated and used to compensate for a pos-
sible detuning of the recording. Furthermore, an estimate
of the instantaneous frequency (IF) is used to enhance the
precision of the assignment of the frequency components
to the respective semitones. Then, we apply a pitch esti-
mator on this semitone representation. More precisely, we
adapt the state-of-the-art pitch estimator proposed in [4].
The general idea of this method is to iteratively determine
predominant pitch candidates by summing up amplitudes
of harmonics. As a result, we obtain for each time position
a number of pitch candidates together with a respective
salience value.

The goal of onset detection is to detect changes of the
signal evoked by note onsets. We compute a complex do-
main difference MR spectrogram, which encodes changes
of the signal’s phase and magnitude for each of the Fourier
coefficients [33]. Again, we map this representation to a
semitone frequency scale which results in 88 semitone
novelty curves, one for each of the pitches. The peaks of
these curves indicate likely positions for note onsets.

The approaches to pitch estimation and onset detection
used here are state-of-the-art yet basic variants. In our
framework, we focus on the post-processing step combin-
ing the (possibly noisy) pitch and onset information to ob-
tain distinct note events. Such note events are defined by a
pitch, onset, and duration. For determining the note events
that best explain the band-wise pitch saliences and nov-
elty curves, we use Hidden Markov Models that segment
each semitone band into regions where a note is active and
regions where no note is active. In particular, we model
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each note as a temporal event ranging from the onset to
the release. In the final step, the note events are converted
into a symbolic representation and provided in the form of
a MIDI file. This MIDI file can be regarded as an anno-
tation of the audio recording explicitly revealing all note
parameters of the specific performance.

4. Multi-Resolution Spectrogram

In this section, we introduce the multi-resolution spectro-
gram, which constitutes the first step in the transcription
system and provides an efficient time/frequency represen-
tation that fulfills certain requirements on time and fre-
quency resolutions in the different frequency regions.

The most common musical temperament in Western
music is the twelve-tone equal temperament. On this
scale, an octave represents a doubling of frequency and is
split into 12 (logarithmically) equally spaced semitones.
The frequency of each semitone p ∈ [21 : 108] :=
{21, 22, . . . , 108} is defined by

fp = 440 · 2 p−69
12 Hz (1)

where p is also referred to as the MIDI note number. ex-
plicitly identifies the pitch of a note. As a consequence,
the relation of adjacent semitones is always fp/fp−1 =
12
√

2 ≈ 1.059 or roughly 6%. This logarithmic frequency
scale is problematic for processing music signals, as it re-
sults in very small absolute frequency differences between
notes on the lower end of the scale. For example, the differ-
ence of the center frequencies of pitches p = 21 (A0) and
p = 22 (B�0) is only 1.64 Hz. Using a short-time Fourier
transform requires a long analysis window to obtain such
a fine frequency resolution [53]. However, music is highly
non-stationary, where quasi-stationarity can only be as-
sumed in very short durations of time. As a consequence,
an adequate time/frequency representation for analyzing
music signals needs to provide both, necessary time and
frequency resolution at the same time [54]. Constant-Q
transforms [55], wavelet transforms [56], or multirate fil-
ter banks [3] are used in the musical context to account for
this issue. Here, a long analysis window is used for low
pitches to provide the desired frequency resolution and a
short analysis window is used for high pitches to retain a
high time resolution.

Similar to [57, 53], we construct a multi-resolution
spectrogram which consists of three spectrograms of dif-
ferent time and frequency resolutions. Let x be a discrete
music signal. Then, we fix a window of N samples, use
a step size of M samples and apply a short-time Fourier
transform to obtain a spectrogram X = (X(t, k))t,k with
t ∈ [1 : T ] and k ∈ [1 : K]. Here, T determines
the number of frames, K = N/2 denotes the number of
Fourier coefficients, and X(t, k) refers to the kth Fourier
coefficient for time frame t. In our system, we use sig-
nals with a sampling rate Fs = 44100 Hz and compute
Fourier transforms for three Hann windows of different
sizes, N1 = 4096, N2 = 8192, and N3 = 16384 with
the step sizes M1 = N1/2, M2 = N2/4, and M3 = N3/8.

This results in three spectrograms X1, X2, andX3 with dif-
ferent time and frequency resolutions but corresponding
frames t. Using these settings, each time parameter t re-
flects r = 46 ms of the audio recording. Furthermore, zero
padding at the boundaries of the signal ensures that we
obtain the same number of frames T for each of the spec-
trograms. We then create a multi-resolution spectrogram
X = (X (t, q))t,q choosing the spectrogram which consti-
tutes the best compromise for the desired time/frequency
resolution for each frequency range and copying the re-
spective Fourier coefficients toX . X3 provides the best fre-
quency resolution and is used for the low frequency region
from 0 to 110 Hz (A3). Similarly, X2 is used from 110 to
220 Hz (A4) and the coefficients of X1 are used for fre-
quencies above 220 Hz. The multi-resolution spectrogram
provides adaptive time frequencies resolutions in different
frequency regions and constitutes an effective tool for rep-
resenting music signals.

5. Pitch Estimation

In this section, we explain the polyphonic pitch estima-
tion algorithm used in our transcription system. The multi-
resolution spectrogram as described in section 4 is first
processed to obtain a noise suppressed multi-resolution
spectrogram. Then, a semitone spectrogram is derived
which reflects the logarithmic characteristics of pitch. Fi-
nally, a multiple pitch estimation algorithm is applied to
this representation which estimates the pitches which are
active at a certain time position.

5.1. Noise Suppression

As mentioned in section 3, our transcription system is re-
stricted to transcribing pitched instruments, leaving per-
cussive instruments unconsidered. To reduce the effect of
noise-like signal components, we separate the signal into
harmonic (voiced) parts of pitched instruments and non-
harmonic (unvoiced) parts of percussive instruments.

Noise suppression has been widely studied in the speech
domain. In this context, noise typically has a stationary
character and can be estimated by statistics of the signals
over a period of time [58]. When dealing with music, how-
ever, the term “noise” usually refers to parts of the signal
that are unvoiced. Typically, these components result from
percussive instruments, but even pitched instruments may
produce noise components. For example, for instruments
with a strong attack phase, as the piano, the onset goes
along with a broadband noise event. While these parts are a
strong indicator for onset positions, the notions of a pitch,
or fundamental frequency only makes sense for harmonic
signals. Therefore, the noisy parts are removed in the pre-
processing step.

Here, we employ relative spectral (RASTA) processing
which has been proposed for the suppression of noise in
speech signals [59] and has been successfully applied to
music [60]. The general idea is that noise-like components
exhibit a high spectral bandwidth, while harmonic compo-
nents result in a spectral peak [61]. For each time position,
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the noise components are estimated by first converting the
MR spectrogram X in a spectrogram with logarithmic in-
tensitiesY (t, q) = ln(1+1/J ·|X (t, q)|). Here, J is a signal
dependent value which takes care of scaling noise compo-
nents to the quasi linear range of the logarithm, while spec-
tral peaks go through a logarithmic transform. Similar as
in [60], we define J as the average of the magnitude in the
frequency range of the pitches p = [21 : 108]. Then, the
noise in Y (t, q) is estimated by computing a moving av-
erage in octave wide windows. This musically meaningful
window is used instead of the of the ERB critical-bands
proposed in [60] to better reflect the frequency character-
istics of music signals by considering an equal amount of
musical information in each window. The estimated noise
spectrum is then subtracted from Y , resulting negative val-
ues are set to zero, and Y is converted back into a linear
intensities, see [60] for further details. In the following,
the resulting spectrogram is referred to as noise suppressed
multi-resolution magnitude spectrogram X .

5.2. Semitone Spectrogram

The noise suppressed multi-resolution spectrogramX is an
effective representation of the harmonic parts of the signal.
In the next step, the frequency scale of this spectrogram
is adapted to the logarithmically spaced equal tempered
scale. To this end, we group the Fourier coefficients into
semitone sub-bands, where each sub-band covers the fre-
quency range of a pitch. The frequency range assigned to
a pitch p ∈ [21 : 108] with center frequency fp is de-
fined by the upper frequency bound fp+0.5 and the lower
bound fp−0.5, see equation (1). We then assign all Fourier
coefficients q of X (t, q) with the frequency fq in the range
fq > fp−0.5 and fq ≤ fp+0.5 to this pitch. For determin-
ing the frequency fq we do not simply use the center fre-
quency of the coefficient, but compute an estimate of the
instantaneous frequency.

The instantaneous frequency (IF) refers to the actual ef-
fective frequency of a sinusoidal component in the spec-
trogram. The advantage of this methods is that it does not
depend on the frequency grid defined by the parameters of
the Fourier transform used for computing the spectrogram.
While each Fourier coefficient describes an entire range
of the spectrum the instantaneous frequency precisely de-
termines the most prominent frequency component within
this range. As a result, determining the IF allows for relo-
cating the time/frequency information of the spectrogram,
a task commonly referred to a time/frequency reassign-
ment, see [62, 61, 57]. A variety of methods exists for es-
timating the IF from Fourier spectrograms, see [63] for an
overview. We use the phase vocoder method [64] which
relies on the phase difference between adjacent frames of
the complex multi-resolution spectrogram X (t, q) to com-
pute the instantaneous frequency fq(t).

Let fq(t) now denote the frequency of the Fourier coef-
ficient q at time position t. Before mapping this coefficient
to the pitch representation, we compensate for detuning
effects. For example in classical music, solo instruments
or even complete orchestras are often not strictly tuned to

the concert pitch A4 with 440 Hz but to a sightly higher
frequency. Computing a pitch representation of such a de-
tuned signal would result in a very noisy representation. To
determine such a detuning, we compute a single Fourier
transform of the entire recording and specify the promi-
nent frequency fprom of the music recording, i. e., the fre-
quency of the coefficient that exhibits the highest magni-
tude in range A0 − C8. Then, we assign the fprom to the
center frequency of the semitone p� which is the closest
in terms of frequency. Finally, the global tuning factor T
of the recording is defined as T = fp�/fprom and used for
refining all instantaneous frequencies fq(t)� = T · fq(t).

The tuned instantaneous frequency fq(t)� is then used
for assigning the coefficient q of the MR spectrogram to
the corresponding pitch of the equal tempered scale. For
each MIDI pitch p = [21 : 108] (A0 − C8) of the piano
keyboard the sub-band magnitude is computed by sum-
ming all coefficients q of X (t, q) in the range fq(t)� >
fp−0.5 and fq(t)� ≤ fp+0.5 of the pitch p. More precisely,
the coefficients are weighted by a Gaussian window which
is centered at fp and gives higher weight to components
which are closer to fp. This results in a spectrogram repre-
sentation S(t, p) exhibiting a frequency axis which follows
the logarithmic semitone scale. Consequently, S is re-
ferred to as semitone spectrogram. Figure 2 shows a semi-
tone spectrogram S(t, p) (Figure 2b) as well as a spec-
trogram X (t, q) with linear frequency axis (Figure 2a) for
an A4 played by an piano. Note that both representations
cover the same frequency range: roughly 27.5 to 4185 Hz,
i. e. the range of semitone indexes 21 to 108.

5.3. Pitch Estimation Algorithm

The noise suppressed magnitude semitone spectrogram is
now used for detecting pitch candidates for each time posi-
tion. candidate can be seen as a note with a certain pitch, in
the signal at a specific time position. The method used in
our framework is based on a conceptually simple and com-
putationally efficient state-of-the-art approach [4]. How-
ever, we adapt this method to work on the semitone spec-
trogram in contrast to a linear spectrogram as proposed in
[4]. This multi-pitch algorithm iteratively processes each
time position to determine co-occurring notes with differ-
ing pitches.

Roughly speaking, the pitch estimator analyzes the har-
monic structure of a composite signal to determine the
pitch. Recall that a note played on a pitched instrument
results in a mixture of many harmonics or partials. Each
partial has a frequency that is an integer multiple of the
fundamental frequency (F0), which defines the pitch of the
note. Such a harmonic spectrum is shown in Figure 2a for
an A4 (F0 = 440 Hz). Note that coefficients at multiples
m ∈ [1 : M] of 440 Hz, i. e., 880, 1320, 1760, 2200 Hz, for
m = 2, 3, 4, 5 exhibit high intensity values, too. Because
of the logarithmic properties of the semitone spectrum, the
harmonics of a pitch p occur in the semitone bands p+d(m)
with d(m) = 12 log2(m) , where [ · ] denotes rounding
to the closest integer, see Figure 2b.
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Figure 2. Comparison of a linear and semitone spectrogram of an
A4 played by a piano. Dark colors indicate high intensities. (a)
Linear spectrogram X , (b) Semitone spectrogram S .

Exploiting this harmonic relation of the overtones, a
pitch salience spectrogram S∗(t, p) is computed, which de-
fines a salience value for each semitone p. The salience
expresses how dominant p is within the mixture. For each
time position t and each p, a weighted sum of the ampli-
tudes of all harmonics m in the semitone spectrogram S is
computed:

S∗(t, p) =
M

m=1

ge(t, p, m) · S t, p + d(m) . (2)

Here, ge(t, p, m) is a weighting function that defines the
weight of component m contributing to the salience of p.

Figure 3a shows a single time frame of a semitone spec-
trogram of an A4 played on a piano. Note the high inten-
sities of the fundamental as well as the harmonics. In gen-
eral, the fundamental does not necessarily correspond to
the highest peak. Actually, for many instruments the fun-
damental may be very weak. In the pitch salience spec-
trum, however, the fundamental is supported by the har-
monics showing a distinct peak, see Figure 3b.

From the pitch salience spectrogram S∗(t, p), the most
probable, or predominant, pitch candidate p̂t of a time
frame t is determined as the one with maximum salience:

p̂t = argmax
p

S∗(t, p) . (3)

21 69 81 88 93 97 108
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.8

1

Pitch

(a)

p

(b)

21 41 45 50 57 69 81 88 93 97 108
0

0.2

0.4

0.6

0.8

1

Pitch p

Figure 3. A single time frame of a semitone spectrogram S and
the corresponding pitch salience spectrumS∗ for a piano A4 (p =
69). (a) Semitone spectrum S , (b) Salience spectrum S∗.

We then obtain a pitch candidate spectrogram C that rep-
resents the determined pitch candidates along with the re-
spective salience:

C(t, p) =
S∗(t, p) for p = p̂t,

0 otherwise.
(4)

C now exhibits one entry for each time position, which
would be the final result in a monophonic or predominant
pitch estimation task. In a polyphonic context an iterative
estimation and cancellation technique is applied. Here, the
spectral shape SD(p) of a detected pitch candidate is esti-
mated and subsequently subtracted from the spectrogram
S(t, p):

SR(t, p) = max 0,S(t, p) − SD(p) . (5)

The pitch estimation process in equation (2) is then iter-
atively repeated using the residual SR instead of S. Fi-
nally, the algorithm is terminated when a certain number
of pitches is detected or the energy of the residual SR falls
under a suitable threshold. The resulting pitch candidates
spectrogram C(t, p) exhibits entries for all pitch candidates
with the salience value, see Figure 4.

The algorithm in equation (2) relies on a weighting
function ge which defines the contribution of a partial
to a pitch. As it turns out, the pitch estimation perfor-
mance crucially depends on ge, which needs to be op-
timized to account for the properties of the underlying
signal. Similar to [4], we employ a weighting function
that is a multiplication of three components ge(t, p, m) =
ge1(p) · ge2(m) · ge3(t, p + d(m)). The first component ge1
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Figure 4. Semitone spectrogram S and the corresponding pitch
candidate spectrogram C for a piano C4 (p = 60). (a) Semitone
spectrogram S , (b) Pitch candidate spectrogram C.

only depends on the semitone index p and ensures that
notes in each frequency range are detected with equal
probability. This constitutes a form of spectral whitening
[65, 4]. In our implementation, ge1 returns the same weight
for the twelve pitches within the same octave. The second
component, ge2 describes the importance of each compo-
nent in the harmonic series. and can be regarded to model
of the spectral shape of an average music instrument. As
for the third component ge3, note that the pitch estima-
tion algorithm processes each time position independently.
A note, however, is always a temporal event with certain
time-dependent parameters. In particular, only stationary
signal parts exhibit a stable harmonic structure whereas
transients exhibit an irregular harmonic structure. There-
fore, ge3 gives higher weight to stationary components of
S(t, p + d(m)). At this point, we refer to section 6 for the
definition of ge3(t, p + d(m)).

The components of the weighting function are opti-
mized independently through a cyclically brute-force es-
timation process to minimize the pitch estimation error
rates, see [4] for further details. Figure 5 shows the result-
ing optimized weighting functions ge1 (top) and ge2 (mid-
dle). Most noticeable, ge1 gives a higher weight to notes
of the lower two octaves and a lower weight to notes of
the higher two octaves. ge2 roughly linearly declines with
m (m = 1 corresponds to the fundamental), however, all

21 33 45 57 69 81 93 108
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Figure 5. Optimized weighting functions ge1(p) (a) and ge2(m)
(b) and the prototypical spectrum gs(m) (c).

odd numbered harmonics get a higher weight, than even
numbered.

The subtraction of a pitch candidate from the spectro-
gram in equation (5) has to meet two contradicting re-
quirements. On the one hand, all components belonging
to the predominant pitch have to be removed. On the other
hand, however, the spectra of the other notes must remain
unchanged. Here, we follow [4] and exploit some general
assumptions on the spectral shape of a note. We define
SD(p) as a prototypical spectrum of an average instrument
with specific spectral properties that are common between
all notes, played by arbitrary instruments. To this end, we
fix the magnitude S(t, p̂t) of p̂t as the anchor point and pre-
dict the magnitudes of the harmonics p̂t+d(m) by employ-
ing a general harmonic shape gs that is common between
all notes,

SD(p) =
gs(m) · S(t, p̂t) for p = p̂t + d(m),

0 otherwise.
(6)

The prototypical spectrum gs is learned from training data
consisting of notes played by different instruments, see
Figure 5 (bottom) for the result.

The multi-pitch estimation algorithm presented here
closely follows [4]. However, we apply the multi-pitch es-
timation algorithm to a pitch representation instead of to
a spectrogram with a linear frequency scale. Here, we ex-
ploit the knowledge that musical notes occur on frequen-
cies corresponding to pitches. Consequently, the computa-
tional complexity of the algorithm is drastically reduced.
Furthermore, the reduced frequency resolution avoids the
problem of inharmonicity, where harmonics are slightly
detuned. On the other side, the overall number of harmon-
ics that can be regarded for supporting the pitch estimation
is limited to M = 10, because higher harmonics can no
longer be captured by the pitch scale. However, as higher
order harmonics only have a minor contribution, this effect
is negligible.
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6. Onset Detection

A musical note occurring in a recording is not only defined
by the pitch, but also by the physical note onset time and
the duration. In this section, we introduce the approach
to onset detection which is employed in our transcription
system. Recall from section 2 that a note onset typically
goes along with a sudden change of the signal’s energy,
phase, or spectral content. The general idea is to capture
such changes of the signal to derive a novelty curve. The
peaks of this curve indicate likely candidates for note onset
positions.

In our framework, we employ the complex domain on-
set detection method [5] which combines both, the detec-
tion of magnitude and phase changes. This technique has
proven to yield a good detection performance for a wide
variety of signals, see [33]. Intuitively, jointly analyzing
the signal’s magnitude and phase allows for capturing per-
cussive note onsets (e. g. by drums) as well as smooth note
transitions (e. g. by string instruments). Typically, percus-
sive note onsets go along with a sudden change of the mag-
nitude spectrum. Smooth note transitions, however, are
hardly reflected in the magnitude spectrum. In this case,
however, one can still observe an unexpected behavior of
the phase resulting from changes of the pitch.

We again rely on the complex multi-resolution spectro-
gramX (t, q), see section 4. From this, we derive a complex
domain difference spectrogram X (t, q)�, by computing the
Euclidean distance between the complex spectrum X (t, q)
at time position t and a predicted spectrum X̂ (t, q)

X (t, q)� = X (t, q) − X̂ (t, q)
2
. (7)

The prediction X̂ (t, q) is created under the assumptions
that the magnitude between adjacent frames is constant
(no changes of the signal’s spectral content) and the phase
ϕ(t, q) exhibits a constant slope (no pitch changes),

X̂ (t, q) = X (t − 1, q) · e2ϕ(t−1,q)−ϕ(t−2,q). (8)

Consequently, the complex domain difference spectro-
gram X (t, q)� quantifies the non-stationarity of the signal
for each frame t and coefficient q, see [33] for details.

Small distances between the predicted and actual spec-
trum indicate small temporal changes, large distances indi-
cate large changes of the signal properties caused by note
onsets. However,X (t, q)� does not allow for discriminating
note onsets and note offsets. To circumvent these limita-
tions, we divide X (t, q)� into two components: the compo-
nent X (t, q)+ that only represents coefficients of X (t, q)�

where the magnitude is increasing, and the component
X (t, q)−, where the magnitude is decreasing,

X (t, q)+ =
X (t, q)� for |X (t, q)| > |X (t − 1, q)|,

0 otherwise,
(9)

X (t, q)− =
X (t, q)� for |X (t, q)| ≤ |X (t − 1, q)|,

0 otherwise.
(10)
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Figure 6. Semitone novelty curves for a piano C4 (p = 60).
(a) Δ+(t, p) exhibits high values (dark color) at the onset posi-
tion, (b) Δ−(t, p) exhibits high values in the release part of the
note.

Usually, one then computes the sum of all values of
X (t, q)�, (or X (t, q)+ and X (t, q)−) over all q to obtain
a global complex domain novelty curve. This curve ex-
hibits peaks at likely note onset/offset positions. However,
when computing just one global novelty curve, one loses
the link between the onset and the pitch information. In
our system, we rely on determining the onset and offset
positions of specific notes with a specific pitch. Conse-
quently, we do not compute a global novelty curve, but
retain the spectral information of X (t, q)�. Again, we em-
ploy a semitone based representation and compute a nov-
elty curve for each of the semitones. Here, we are closely
following the computation of the semitone spectrogram
explained in section 5.2. Using the same instantaneous fre-
quency and tuning factor information, we sum all entries
q of X (t, q)�, X (t, q)+, and X (t, q)− which correspond to
the same pitch p, see section 5.2. This results in 88 nov-
elty curves Δ(t, p) (Δ+(t, p) and Δ−(t, p)), each represent-
ing the temporal properties of a specific semitone band
[66] and allows for determining onset and offset times in a
polyphonic context, see Figure 6.

Furthermore, we exploit that Δ quantifies the non-
stationarity of the signal for the weighting factor ge3(t, p+
d(m)) of the pitch estimation algorithm, see section 5.3. In
order to give higher weight to stationarity signal compo-
nents, we define ge3(t, p + d(m)) = 1/|Δ(t, p + d(m))|.
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7. Note Event Modeling

The pitch candidate spectrogram C(t, p) indicates the ac-
tive pitches for each time position. Similarly, the novelty
curves Δ+(t, p) (and Δ−(t, p)) encode likely note onsets
(and offsets) for each of the 88 semitones. In this section,
we describe a method for combining this information to
define the explicit set of notes with the parameters onset,
duration, and pitch occurring in a recording.

In general, the number of simultaneously sounding
notes in a complex mixture is unknown and needs to be
estimated. Here, the iterative pitch estimation algorithm
described in section 5.3 needs to be terminated when a
newly detected pitch candidate does not contribute to the
overall result in a significant way, see [4] for details. How-
ever, such a polyphony detection step is error prone, fre-
quently introducing additional notes (false positives) or
omitting notes (false negatives). Likewise, using a peak
picking strategy on the basis of fixed or adaptive threshold-
ing on the novelty curves introduced in section 6, one can
determine note onset positions [33]. The novelty curves,
however, tend to be rather noisy and exhibit many spuri-
ous peaks. As a result, the selection of relevant peaks cor-
responding to true note onset positions remains difficult,
especially in the case of non-percussive music with soft
note onsets.

The determination of note events from these two inde-
pendent representations is further complicated in the case
when the information is not consistent or even contradict-
ing. For example, the pitch estimator may exhibit a pitch
candidate with a high salience for a certain time position.
The novelty curve for this semitone, however, may not in-
dicate any likely note onset position in the proximity. On
the other hand, there may be a high peak in the novelty
curve indicating a likely note onset, but no pitch candidate
that is related to this onset. In these cases, the determi-
nation of a note is problematic. For this reason, we avoid
the error prone step of determining note parameters inde-
pendently and propose a method which takes the temporal
and spectral structure of a note into account. The idea is
to model the note as a continuous event from the onset to
the offset with distinct time-dependent properties. These
note events are described using Hidden Markov Models
(HMM).

An HMM is a probabilistic model and a powerful
tool for modeling time-varying statistical processes, see
[67] for a detailed introduction. First proposed for speech
recognition tasks, HMMs are frequently used for music
analysis tasks in general [68, 69, 70, 71, 72, 73, 74] and
for music transcription in particular [75, 76, 77, 30, 31]. In
the transcription context, the idea is to describe each note
event as a sequence of states. This state sequence may, in
an abstract from, reflect the onset, attack, decay, sustain,
offset, or release parts of a note. The state sequence, how-
ever, is hidden and can only be observed through another
stochastic process that produces a sequence of observa-
tion (feature) vectors. By combining spectral and temporal
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Figure 7. Schematic illustration of the topology of the two mod-
els used for note on/off segmentation of each semitone band.
(a) Note on model, (b) Note off mode.
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Figure 8. Schematic diagram of the recognition network used for
note on/off segmentation of the semitone bands.

information, instead of determining pitch and onset/offset
independently, a robust recognition system is obtained.

We propose a segmentation approach based on HMMs,
which segments each semitone band into regions where a
note is active and regions where no note is active. Each of
the 88 semitones is then represented as a sequence of alter-
nating note on and note off regions. In our case, we model
the properties of notes using the pitch candidate spectro-
gram C as well as the semitone novelty curves Δ, Δ+, and
Δ−. Both representations supply information on the semi-
tone level. The feature space for all semitones is the same,
which allows for sharing the models for all semitones. Fur-
thermore, all semitone bands can be processed indepen-
dently.

We use two models for segmenting the semitone bands.
An on model that captures properties of sounding notes
and an off model which captures regions where no note
is active, as depicted in Figure 7. The on model exhibits
three states with a left-right topology. This reflects the as-
sumption that a note consists of an attack, decay, and sus-
tain part. Furthermore, we add a pre-onset state as well
as two release states that take signal properties before and
after the on state into account. Similarly, the off model
exhibits three states in left-right topology for modeling re-
gions where no note is active. The three states adapt for
silence periods of varying length. Then, a recognition net-
work is generated that allows for detecting note events.
Here, a simple two class segmentation into a sequence of
alternating on and off regions can be obtained by a net-
work that allows arbitrary transitions between the note on
and note off model, see Figure 8.

The recognition network is trained by estimating opti-
mal model parameters from training data using the Baum-
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Welch algorithm. More precisely, we train the transition
probabilities as well as emission probabilities. Here, four-
component Gaussian mixture models turned out to be op-
timal for all states. All features are always normalized to
have zero mean and standard deviation one. Furthermore,
we add first and second order derivatives. In the recogni-
tion step, the Viterbi algorithm [67] is used for determining
the most probable state sequence for each of the semitone
bands independently.

As a result, one obtains a representation which – for
each of the semitone bands – encodes the time positions
with active notes. Here, the transition from the pre-onset
state to the attack state defines the onset time. Likewise,
the transition from the sustain to the first release state in-
dicates the offset. This allows for deriving a transcription
of the music recording, which encodes pitch and physical
timings for each note. Furthermore, this transcription can
be visualized in form of a piano-roll representation, see
Figure 9.

8. Experiments

In this section, we report on the experimental results of
our music transcription system. We employ a large scale
dataset of musical pieces of various genre. For evaluat-
ing the transcription quality one requires reference tran-
scriptions to compare the computed results with. In par-
ticular, reliable and accurate annotations of all physical
note parameters are absolutely essential. We use two dif-
ferent ways of obtaining reference data. On the one hand,
we construct a database by synthesizing MIDI files to au-
dio. On the other hand, we use the MIDI files to obtain
reference data for real music recordings.

8.1. MIDI-Audio Synchronization

For obtaining reference transcriptions for real audio re-
cordings, we employ a MIDI-audio synchronization tech-
nique [78, 3, 79]. The idea is to temporally align the MIDI
note events with their corresponding physical occurrences
in the audio recording [80]. The warped MIDI file can then
be regarded as an annotation of the audio recording with
the note events given by the MIDI file.

Most synchronization algorithms rely on some vari-
ant of dynamic time warping (DTW) and can be sum-
marized as follows [3]. First, the MIDI file and audio
recording are transformed into suitable feature sequences
V := (v1, v2, . . . , vN ) and W := (w1, w2, . . . , wN ). In our
implementation we employ chroma features [81]. Then,
an N × M similarity matrix S is computed by evaluat-
ing a suitable similarity measure s: S(n, m) = s(vn, wm)
for 1 ≤ n ≤ N and 1 ≤ m ≤ M , see Figure 10. Fi-
nally, the similarity maximizing alignment path is deter-
mined from S by dynamic programming. The alignment
path assigns to each time frame in the MIDI file one or
more time frames in the audio recording. This information
is then used for temporally warping the MIDI files so that
each MIDI note event corresponds to the physical position
in the audio recording.
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Figure 9. Example of the transcription of a recording visualized
as a piano-roll representation. The rectangles encode time posi-
tions where a pitch is determined as active.
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Figure 10. Similarity Matrix S of a MIDI (horizontal axis) and
audio version (vertical axis) of Beethoven’s Für Elise, with
alignment path (white) and detected segment boundary (black).
Dark colors indicate high similarity.

This method allows for obtaining reference transcrip-
tion for the audio recordings. However, one drawback of
this approach is that it force aligns any two feature se-
quences. Especially in complex classical music different
representations often do not contain the same segment of
the whole piece [82]. Only parts of the composition may
be present in a recording, repetitions are inserted or left
out. Here, we introduce criteria which allow for automat-
ically expressing measures of the quality of the synchro-
nization. First, regions with mainly diagonal steps are lo-
cated on the best path. The underlying assumption is that
identical parts in both sequences lead to diagonal steps in
majority, while structural differences result in many hori-
zontal or vertical steps. To discard such unstable areas, a
sliding median of the slope of the alignment path is com-
puted. Then, segments are determined where the median
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slope stays within certain bounds. For the upper bound of
the slope, 5 proved a good choice, and 0.2 for the lower
bound. Figure 10 shows a similarity matrix S for a MIDI
and an audio version of Beethoven’s Für Elise. Here, the
structural difference between the two representations is
obvious. While the first part of the signals aligns well (di-
agonal steps of the alignment path), the acoustic recording
contains an additional repetition that is not reflected in the
MIDI file (vertical steps). However, the boundary (black)
between these two segments is detected, which allows for
recovering the consistent first segment.

Furthermore, we propose a measure of the overall qual-
ity of the alignment. The mean best path similarity is com-
puted of all frame pairs on the best path. This value, how-
ever, is highly influenced by the timbral differences caused
by different instrumentations. Therefore, we normalize the
mean best path similarity with the mean overall similar-
ity of the matrix S. This accounts for overall low similar-
ity caused by timbral differences and quantifies the syn-
chronization quality. Together with the segmentation, this
measure allows for preselecting candidates of well aligned
MIDI-audio pairs. The final selection of audio recordings
for the dataset, however, was done manually to guaran-
tee reference transcription with a reasonable accuracy. Al-
though errors in the reference remain and the temporal
accuracy is limited, this approach allows for evaluating
the performance of the transcription system on real au-
dio recordings. For enhancing the temporal accuracy of the
reference transcription, high-resolution audio features that
combine the high temporal accuracy of onset features with
the robustness of chroma features [83] could be used.

8.2. Dataset Statistics

In our evaluation, we use a collection of 50 classical and
50 Rock/Pop music pieces. Covering such a broad range
of musical types allows for evaluating the transcription
quality under real world conditions. The Rock/Pop pieces
are taken from the MTV Europe Most Wanted 1990–2000,
the classical pieces from 100 Meisterwerke der klassis-
chen Musik (i. e. 100 Masterpieces of Classical Music).
In the following, these datasets are referred to as MTV

and Classic, respectively. For the 100 pieces, an audio
recording and a MIDI file is available. The MIDI files ex-
plicitly encode a parameter representation of the piece and
are now employed in two different ways. On the one hand,
we use a software synthesizer1 to obtain a synthesized au-
dio version from the MIDI files. The ground truth of this
audio is explicitly given by the MIDI files in high accu-
racy. The synthetic audio files are referred to as syn in
the following. The synthesized audio files, however, lack
some acoustic variance present in real recordings, such as
different instruments, room conditions, or noise. There-
fore, we create another dataset which contains the real
audio recordings and is referred to as real in the fol-
lowing. As ground truth annotations are not available for
these recordings, we employ the MIDI files for obtaining

1 http://timidity.sourceforge.net

Table I. Statistics on the datasets MTV and Classic used for eval-
uating the performance of the transcription system. syn notates
the synthesized MIDI files and real the audio recordings with
aligned transcriptions. Furthermore, the number of segments, the
duration, number of notes, and mean note duration is given.

Corpus #(Seg) dur #(Notes) ?(note dur)
(min) (sec)

MTVsyn 50 216 191933 0.53
Classicsyn 50 202 234208 0.59

MTVreal 59 118 116949 0.52
Classicreal 87 151 183294 0.60

overall 687 726384

A0 A1 A2 A3 A4 A5 A6 A7
Pitch

(a)

Pitch

(b)

A0 A1 A2 A3 A4 A5 A6 A7

Figure 11. Histograms of pitch distributions (a) MTV and (b)
Classic.

reference transcriptions through MIDI-audio synchroniza-
tion, see section 8.1. Recall that structural differences be-
tween audio recordings and MIDI files are common. Here,
only reliable segments are incorporated into the dataset.
For some pieces, even more than one reliable segment is
kept.

Altogether, our evaluation dataset consists of four parts.
On the one hand we have MTVsyn and Classicsyn, each
consisting of 50 audio files synthesized from the MIDI
files. On the other hand we have MTVreal and Classicreal,
which contain real audio recordings of the same musical
pieces, as well as temporally warped MIDI files providing
the reference transcriptions. Statistics of the datasets are
shown in Table I and the histograms of pitch distributions
for MTV and Classic are shown in Figure 11. Some dif-
ferences between the two datasets are obvious: the mean
note duration of MTV database is shorter than in Classic

indicating higher average tempo. Furthermore, the overall
variance of the pitch distribution is lower for MTV than for
Classic. However, there is a larger amount of notes with
very low pitches indicating the common use of bass in this
dataset.
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8.3. Evaluation Measures
To evaluate the performance of the transcription system,
evaluation measures are employed which express the qual-
ity of a transcription result. Following [31] we evaluate the
accuracy in terms of pitch and timing individually. First, a
detected note is assigned to a reference note, when both
have the same pitch and partly overlap in time. In the case
that multiple detected notes overlap with one reference
note, the detected note with minimal onset distance is as-
signed to the reference note. Each detected note can only
be assigned to one reference note. A reference note is then
considered a correct detection (CD) if there is a detected
note assigned to it, otherwise a false negative (FN). All de-
tected notes which are not assigned to any reference note
are considered a false positive (FP). From this one obtains
precision P and recall R,

P =
#(CD)

#(CD) + #(FP)
, R =

#(CD)
#(CD) + #(FN)

. (11)

From these the F-measure F = 2 · P · R/(P + R) is de-
rived. All values are computed separately for each musical
piece and the final values are obtained by averaging over
all pieces of the respective dataset.

Furthermore, we define the overlap ratio OR which de-
scribes the ratio of temporal overlap between all reference
notes considered a correct detection and the assigned de-
tected notes. To this end, we determine the onset times ton

ref
/ ton

det and offset times toffref / toffdet for the reference / detected
notes. The overlap ratio OR is then defined as

OR =
min toffref , t

off
det − max ton

ref , t
on
det

max toffref , t
off
det − min ton

ref , t
on
det

. (12)

for each reference note of the respective dataset and fi-
nally averaged. In other words, the overlap ratio expresses
the temporal accuracy of the notes with a correct pitch es-
timate.

8.4. Results and Discussion
We now summarize and discuss our experimental result.
Recall from section 7 that our transcription system exhibits
components that require a training step. Therefore, we em-
ploy a three-fold cross validation in the evaluation. To this
end, the overall dataset (consisting of 100 pieces) is sepa-
rated into three parts with an equal number of pieces from
MTV and Classic. The three parts contain both, the syn

and real versions of the songs.
We start with discussing Table II. Here, we compare the

results one can obtain from the pitch estimator described in
section 5.3 and from the HMM based note event modeling
described in section 7. For Pitch estimation we simply de-
termine continuous notes from the pitch candidate spectro-
gram C introduced in section 5.3. Exclusively relying on a
pitch estimator, without any further post-processing of the
pitch estimates, we obtain an F-measure of F = 0.618.
This indicates that roughly 60% of all detected notes are
correct. The mean overlap ratio of the correct notes is only
OR = 0.210. This indicates that the temporal accuracy of

Table II. Results for the pitch estimation algorithm and the note
event modeling approach.

Method F P R OR

Pitch estimation 0.618 0.639 0.597 0.210
Note event modeling 0.613 0.633 0.592 0.425

Table III. Comparison of the results of the note event modeling
using different combination of features: the pitch candidate spec-
trogram C, the semitone spectrogramS , and the semitone novelty
curves Δ+ and Δ−.

Feature set F P R OR

C 0.506 0.583 0.480 0.231
C S 0.554 0.684 0.464 0.337
C Δ+ Δ− 0.613 0.633 0.592 0.425

the transcription is rather low. The reason for this is that
C typically contains errors, see Figure 4. In the case of
the proposed Note event modeling, however, the overlap
ratio significantly increases to OR = 0.425. Obviously,
a pitch estimation alone is not sufficient for obtaining a
robust transcription. Incorporating temporal aspects as a
post-processing, the HMMs introduce a kind of context-
dependent smoothing that greatly enhances the transcrip-
tion results and in particular the temporal accuracy of the
note events. Note that the overall F-measure could be fur-
ther improved using a more advanced pitch estimator. In
our framework, however, we use a basic (and computa-
tionally efficient) variant, focusing on the proposed HHM-
based approach to note event modeling.

In a second experiment, we investigate the performance
of different features sets for the note event modeling ap-
proach. More precisely, the features we use are the semi-
tone spectrogram S (see section 5.2), the pitch candidate
spectrogram C (see section 5.3), as well as the novelty
curves Δ+ and Δ− (see section 6). Table III summarizes
the results one obtains for different combinations of these
features. Obviously, exclusively relying on C does not al-
low for obtaining an accurate transcription (F = 0.506,
OR = 0.231). The reason for this is that the pitch can-
didate spectrogram C is only a sparse representation of
the pitch candidates that typically exhibits errors. These
errors cannot be corrected through note event modeling
without further information. When combining C with sub-
band magnitude information from the semitone spectro-
gram S, the F-measure already increases from F = 0.506
to F = 0.554. Likewise, the overlap ratio improves from
OR = 0.231 to OR = 0.337. Intuitively, by combining
pitch information supplied by C and information about the
magnitude in the respective semitone band supplied by S,
the robustness of the transcription is enhanced. One no-
tices even further improvements when combining C with
the complex domain novelty curvesΔ+ andΔ− (F = 0.613
and OR = 0.425). This result shows that the combination
of magnitude and phase information even better captures
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Table IV. Detailed results of the four parts of the dataset using
the note event modeling approach.

Corpus F P R OR

MTVsyn 0.629 0.643 0.610 0.361
Classicsyn 0.683 0.732 0.628 0.513

MTVreal 0.527 0.525 0.549 0.312
Classicreal 0.604 0.650 0.568 0.471

the temporal properties of notes than relying on the mag-
nitude alone.

Finally, we investigate the transcription quality on dif-
ferent types of audio data. Table IV shows detailed results
for the four different parts of our evaluation database. One
observes a noticeable difference in the transcription qual-
ity between the synthetic files syn and the original record-
ings real. For example, for MTVsyn one obtains F = 0.629
and OR = 0.361. For MTVreal, however, the F-measure
decreases to F = 0.527 and the overlap ratio drops to
OR = 0.312. The main reason for this effect is that the
synthesized audio files lack many of the acoustic varia-
tions of the real audio recordings. For example, distorted
electric guitars are a great challenge for a music transcrip-
tion system because the resulting sounds contain many in-
harmonic components. Similarly, singing voices typically
exhibit spectral/temporal variations such as tremolo or vi-
brato. As a result, the transcription of such recordings is
problematic. In the case of synthetic audio files, however,
these sounds are not reproduced with all the variations.
Thus, the transcription of synthetic audio is less problem-
atic. Similar effects lead to the decline from Classicsyn
(F = 0.683, OR = 0.513) to Classicreal (F = 0.604,
OR = 0.471).

At this point one has to address the problem of the ac-
curacy of the reference annotations. In the case of syn, the
annotations are perfectly aligned to the audio. For real,
however, there remain uncertainties. Naturally, a lower ac-
curacy of the annotations may have an influence on the
evaluation. A manual inspection of the annotations re-
vealed that the accuracy is sufficient for the pitch based
evaluation (F-measure values), where the temporal accu-
racy is not crucial, see section 8.3. However, synchroniza-
tion inaccuracies may have an impact on the OR values for
real.

Continuing the discussion of Table IV, we notice a sig-
nificantly lower quality for MTV music than for Classic.
e. g., F = 0.604 for Classicreal and F = 0.527
for MTVreal. In other words, the transcription of classi-
cal music seems to be “easier” than the transcription of
Pop/Rock music. This is somehow surprising, as classi-
cal music tends to be more complex in terms of harmony
and melody. In fact, this effect leads to a low transcription
quality for complex orchestral music. On the other hand,
however, our datasets contains a variety of solo instrument
recordings. Especially piano pieces are of limited com-
plexity, exhibiting only slight temporal and spectral varia-
tions. For these recordings, the transcription quality is sig-

nificantly higher than for orchestral pieces. The situation
is different with popular music. These recordings typically
exhibit pronounced percussive instruments such as drums.
Furthermore, the concepts of harmony and melody play a
less important role in popular music. As a result, the signal
contains more inharmonic and noise-like components that
mask harmonic parts and make a transcription difficult.
Also, OR is significantly lower for MTVreal (OR = 0.312)
than for Classicreal (OR = 0.471). A further inspec-
tion showed a dependency between OR and the tempo of a
piece. Here, for faster pieces with a shorter mean note du-
ration, the exact determination of note onsets/durations is
problematic. The mean tempo of MTVreal is higher than the
mean tempo of Classicreal. Consequently, OR is lower
for this kind of music.

9. Conclusion

In this article, we presented an automatic music transcrip-
tion system for deriving a symbolic representation from
a given music recording. In particular, our system is de-
signed to cope with a wide range of Western music based
on the equal tempered scale. Throughout the framework,
we employ an effective music signal representation that
accounts for the logarithmic properties of the pitch scale.
As one main advantage, this representation constitutes a
musically meaningful data reduction.

Pitch estimation is the most important step in music
transcription. However, as our evaluation reveals, this step
is not sufficient for obtaining meaningful transcription re-
sults. Here, the introduced post-processing on the basis of
HMMs incorporates a context-dependent smoothing and
significantly improves the transcription accuracy. In this
context, modeling the temporal properties of notes in the
complex domain using magnitude and phase information
further improves the quality of the transcription. As an-
other important result, we showed that evaluating a tran-
scription system on the basis of synthetic audio data is not
a realistic assumption. Using real audio data, the quality
one can expect from a transcription is significantly lower.
Obtaining ground truth annotations for music recordings,
however, is problematic. Here, our approach of using a
MIDI-audio synchronization procedure for creating ref-
erence transcriptions turned out to be a valuable alterna-
tive to using synthetic audio material. Furthermore, our
results showed that the transcription quality drastically dif-
fers between musical genre. For classical music of limited
complexity, such as piano music, one can obtain a reason-
able transcription quality. For popular music with percus-
sive instruments, however, one gets unsatisfying results in
many cases. Here, source separation techniques [84, 85]
for separating harmonic and percussive instruments may
be beneficial. Specialized transcription systems may ac-
count for various aspects of music. For example, one might
first employ a drum transcription to handle percussive in-
struments [86, 87] and then a pitch-based transcription of
the harmonic components.

As the quality of our transcriptions shows, there is still
room for improvements. More refined approaches to pitch
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estimation [24] and onset detection [34] may enhance the
transcription quality. Another approach to further improve
the results is to equip the system with high-level musi-
cal knowledge. example, certain pitches are more likely to
occur, than others. To account for such information, one
straight forward way is to give higher weights to these
pitches in the computation of the weighted sum in equa-
tion (2). In our experiments, however, this modification
only led to marginal improvements. One reason for this
is that the majority of pitch estimation errors are actually
octave confusions that do not benefit from the key infor-
mation. musical piece is another valuable information. For
example, the pitch distributions shown in Figure 11 indi-
cate different characteristics for popular and classical mu-
sic. This observation may be exploited by adaptively ac-
centuating certain pitches that are frequently used in music
of the respective genre. In our experiments, this approach
lead to slight improvements of the transcription quality.
Finally, knowing the tempo and beat positions is valuable
information for the transcription. Typically, musical events
do not occur randomly in time but are highly structured
and aligned to an underlying rhythmic grid. Using an auto-
matic beat tracker [39, 88, 61, 37] for extracting the beats
one can emphasize note onset and offset positions in the
note event modeling. In our experiments, such information
lead to a reasonable improvement of temporal accuracy.

Although such musical knowledge is beneficial for mu-
sic transcription, the automatic extraction of such high-
level information is problematic itself. Beat tracking, for
example, is robust for popular music exhibiting percussive
instruments and a steady tempo. For classical music, how-
ever, without percussive instruments and with changing
tempo, current beat tracker still have significant problems
in accurately capturing the beats [89]. On the other hand,
having a robust transcription of a recording, such musical
knowledge can be easily extracted from the symbolic rep-
resentation. For the future, one might consider a transcrip-
tion system which jointly estimates note parameters and
musical knowledge, where both parts support each other
for enhanced robustness [90]. Similarly, one may exploit
melodic or harmonic models defining likely note progres-
sions [31]. Further adapted to rhythm [91] or genre [92],
these models could lead to a significant improvement of
the quality of automatic music transcription.
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