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Automatic Chord Estimation from Audio:
A Review of the State of the Art
Matt McVicar, Raúl Santos-Rodríguez, Yizhao Ni, and Tijl De Bie

Abstract—In this overview article, we review research on the
task of Automatic Chord Estimation (ACE). The major contribu-
tions from the last 14 years of research are summarized, with de-
tailed discussions of the following topics: feature extraction, mod-
eling strategies, model training and datasets, and evaluation strate-
gies. Results from the annual benchmarking evaluation Music In-
formation Retrieval Evaluation eXchange (MIREX) are also dis-
cussed as well as developments in software implementations and
the impact of ACE within MIR. We conclude with possible direc-
tions for future research.

Index Terms—Music information retrieval, machine learning,
supervised learning, knowledge based systems, expert systems.

I. INTRODUCTION

C HORDS are mid–level musical features which con-
cisely describe the harmonic content of a piece. This

is evidenced by chord sequences often being sufficient for
musicians to play together in an unrehearsed situation [1]. In
addition to their use by professional and amateur musicians as
lead sheets (succinct written summaries typically containing
chordal arrangement, melody, and lyrics [2]), chord sequences
have been used by the research community in high–level tasks
such as cover song identification (identifying different versions
of the same song e.g.[3], [4]), key detection [5]–[8], genre
classification (identifying style [9]), lyric interpretation [10]
and audio–to–lyrics alignment [11], [12]. A typical chord
annotation for a popular music track, as used in Automatic
Chord Estimation (ACE) research, is shown in Fig. 1.
Unfortunately, annotating chord sequences manually is a

time–consuming and expensive process: typically it requires
two or more experts and an average annotation time of eight
to 18 minutes per annotator per song [13] and can only be
conducted by individuals with sufficient musical training
and/or practice. Because of this, in recent years ACE has
become a very active area of research, attracting a wide range
of researchers from electrical engineering, computer science,
signal processing and machine learning. ACE systems have
been benchmarked in the annual MIREX (Music Information
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Fig. 1. Section of a typical chord annotation, showing onset time (first column),
offset time (second column), and chord label (third column).

Retrieval Evaluation eXchange) ACE subtask, which has seen
a slow but steady improvement in accuracy since its inception
in 2008, with the submissions in 2012 surpassing 72% accuracy
on unseen test data, measured in terms of percentage of cor-
rectly identified frames on a set of songs for which the ground
truth is known.
In the current paper, we conduct a thorough review of the

task of ACE, with emphasis on feature extraction, model-
ling techniques, datasets, evaluation strategies and available
software packages, covering all the aspects of ACE research
(diagrammed in Fig. 2). We begin by providing an account of
the chromagram feature matrices used by most modern systems
as audio representations in Section II. These features began
as simple octave and pitch–summed spectrograms, but have
steadily incorporated optimizations such as tuning, background
spectrum removal and beat–synchronization.
In parallel to audio feature design, decoding chromagrams

into an estimated chord sequence also begun with simple Viterbi
decoding under a Hidden Markov Model (HMM) architecture,
but has in recent years become more complex, making the pre-
diction of chords such as seventh chords and inversions possible
via the use of factorial–HMMs andDynamic Bayesian Networks
(DBNs). We will provide a detailed discussion on these models
and their structures in Section III.
This will lead us into a discussion of data–driven versus

expert knowledge systems and the amount of fully and par-
tially–labelled data available to the community for model
training and how this may be utilized. From early hand–crafted
sets of 180 songs by The Beatles, gradually the number of
fully–annotated datasets has been steadily increasing, with
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Fig. 2. Work flow normally associated with ACE research. Data are shown as
rectangles, processes as rounded rectangles. First, chromagrams are extracted
for the training data, which may be used to estimate model parameters. Either
expert knowledge or these model parameters are then used to infer chord se-
quences from the test chromagrams, sometimes with partially–labelled test data.
Predictions are then compared to hand-labelled examples to derive a perfor-
mance measure.

the recent announcement of the Billboard set of close to
1,000 chord and key annotations being the most significant
in recent years [13]. Some authors have also been exploring
the use of partially–labelled datasets as an additional source of
information [14], [15]. An investigation of these data and their
strengths and weaknesses will be presented in Section IV.
The wealth of information in chordal data available today

(currently available data sources include 4 and 5–note chords
beyond the octave including inversions) will prompt us to
investigate evaluation strategies for ACE systems (Section V),
including a discussion of the annual MIREX evaluations.
Section VI and VII then deal with software implementations
and the impact of ACE within the MIR domain. Finally, we
conclude in Section VIII.
This review is structured logically rather than chronologi-

cally. However, for reference a chronological list of key devel-
opments in ACE research is provided as an Appendix.

A. Chords and their Musical Function

An in–depth discussion of chords and their function in music
is beyond the scope of this paper (for detailed discussions, the
reader is referred to the theses of Harte [16] or Mauch [17]).
However, in this Subsection we provide a basic introduction to
the definition and construction of chords used in popular music
for those unfamiliar with music theory.

Broadly speaking, the tonal content of Western popular
music can be seen to occupy two dimensions: vertical move-
ment, which comprises relatively rapid changes in pitch
known as melody, and horizontal movement, consisting of
slower–changing sustained pitches played in unison, known as
harmony, or chords.
Loosely then, a chord is simply two or more notes held to-

gether in unison. Using the familiar pitch class set of (C, ,
D, , E, F, , G, , A, , B), chords com-
prise of a root (starting note chosen from the pitch class set) and
chord quality. The most common chord types used in ACE re-
search have qualitymajor orminor, comprising of a perfect fifth
(7 pitches above root) and a major third (4 pitches above root)
or minor third (3 pitches above root) respectively. The set of in-
tervals a chord contains is sometimes called a degree list, which
can be useful for describingmore arcane chords for which a con-
cise quality name is not available.
In many musical styles, a subset of chords containing notes

from an associated scale (a subset of the 12 possible pitches
in Western music), are more prominent. This collection of
chords defines a musical key, a global property characterizing
the entire piece from which the chords derive their pitches.
The methods by which the key is established are complex
and have changed over music history. For the purposes of our
discussion however it suffices to know that prior knowledge of
musical key makes certain chords more likely than others and
vice-versa. Key detection has also become a task unto itself in
recent years [5]–[7], [18].
In notating chords, we adhere to the suggestion of Harte [19]

and denote chords by their root note, degrees, (or shorthand)
and optional inversion (order in which the notes appear). For
example, a C major chord in first inversion will be written as
either C:(1,3,5)/3 or C major/3. Note that more complex chords
featuring four or more unique notes are also common, (see [16],
Section 6.6, up to 20% frequency) some of which will be dis-
cussed in Sub. V-A.

II. FEATURE EXTRACTION

The core representation of the audio used by most modern
ACE systems is the chromagram [20]. Although many variants
exist, they all describe how the pitch class saliences vary across
the duration of the audio. Here, the meaning of ‘salience’ can be
formalized in many different ways, as we will discuss below.
A chromagram can be represented by means of a real–valued

matrix containing a row for each pitch class considered, and
column for each frame (i.e. discretized time point) considered.
A vector containing the pitch class saliences at a specific time
point, corresponding to a specific column from , is known
as a chroma vector or chroma feature.
To our knowledge, the first mention of the chromagram

representation was by Shepard [21], where it was noticed
that two dimensions, (tone height and chroma) were useful in
explaining how the human auditory system functions. Here,
the word chroma is used to describe pitch class, whereas tone
height refers to the octave information. A typical chroma-
gram feature matrix, with accompanying ground truth chord
sequence, is shown in Fig. 3.
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Fig. 3. A typical chromagram feature matrix, shown here for the opening to let It Be (Lennon/McCartney). Salience of pitch class at time is estimated by
the intensity of entry of the chromagram. The reference (ground truth) chord annotation is also shown above for comparison, where we have reduced the
chords to major and minor classes for simplicity.

Early ACE methods were based on polyphonic note tran-
scription [22]–[27], although it was Fujishima [28] who first
considered ACE as a task unto itself. His chroma feature
(which he called Pitch Class Profile, or PCP) involved taking
a Discrete Fourier Transform of a segment of the input audio,
and from this calculating the power evolution over a set of
frequency bands. Frequencies which were close to each pitch
class were then collected and collapsed to form
a 12–dimensional chroma vector for each time frame.
Themain steps for the calculation of a chromagram are shown

in Fig. 4. In the remainder of the current section we will discuss
each of these steps in greater detail.

A. Transformation to Frequency Domain

Digital music is typically sampled at up to 44,100 samples
per second (CD–quality), meaning that a typical 210 second pop
song is represented by an extremely high–dimensional vector
for each audio channel. In this raw form, it is also not directly
informative of the harmonic content of the audio. There is ev-
idence that the human auditory system performs a transform
from the time to frequency domain and that we are more sen-
sitive to frequency magnitude than phase information [29], en-
dowing us with the ability to perceive melodic and harmonic
information. Mimicking this, the first step in the chromagram
computation is a transformation of the signal to a lower–dimen-
sional representation that is more directly informative of the fre-
quency content.
A simple Fourier transform magnitude of the waveform

would lead to a global description of the frequencies present in
our target audio, with loss of all timing information. Naturally,
ACE researchers are interested in the local harmonic variations.
Thus instead a Short Time Fourier Transform (STFT) of the
audio is often used, which computes the frequency magni-
tudes in a sliding window across the signal. These magnitude

spectra are then collected as columns of a matrix known as the
spectrogram.
One of the limitations of the STFT is that it uses a

fixed–length window. Setting this parameter involves trading
off the frequency resolution with the time resolution [30]: with
short windows, frequencies with long wavelengths cannot be
distinguished, whilst with a long window, a poor time reso-
lution is obtained. Since for ACE purposes frequencies that
are half a semi–tone apart need to be distinguishable, this sets
a lower–bound on the window–length and hence an inherent
limit on the time resolution. This resolution will be particularly
poor if one wishes to capture low frequencies with the required
semi–tone frequency resolution, meaning that the choice of fre-
quency range over which to take the transform is an important
design choice (although systems which utilize A-weighting are
less sensitive to this bias as frequencies outside the optimal
human sensitivity range will be de-emphasized, see Sub. II-D).
An alternative to the STFT that partially resolves this

problem by making use of a frequency–dependent window
length is the Constant–Q spectrum—first used in a musical
context by Brown [31]. In terms of ACE, it was used by Nawab
et al. [32]. This frequency representation has become very
popular in recent years [33]–[37]. For reasons of brevity, the
readers are referred to the original work by Brown [31] for the
details of the Constant-Q spectrum.

B. Preprocessing Techniques

When considering a polyphonic musical excerpt, it is clear
that not all of the signal will be beneficial in the understanding
of harmony. Some authors [38]–[40] have defined the unhelpful
part of the spectrum as the background spectrum, and attempted
to remove it in order to enhance the clarity of their features.
Removing the background spectrum has the potential advantage
of cleaning up the resulting chromagram, at the risk of removing
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Fig. 4. Common steps to convert a digital audio file into its chromagram rep-
resentation. The raw audio is converted from a time series to a frequency repre-
sentation, pre–processed (e.g. removal of background spectrum/percussive ele-
ments/harmonics), tuned to standard pitch, and smoothed by mean/median fil-
tering or beat synchronization before the pitch salience is calculated. Pitches
belonging to the same pitch classes ( ) are then summed and nor-
malized to yield a chromagram featurematrix which captures the pitch evolution
of the audio over time. Letters to the left of main processes refer to subsections,
discussed in more detail in Section II.

information which is useful for ACE. One must be therefore
ensure that the content removed is not relevant to the task at
hand.
1) Background Spectrum: One example of removing a gen-

eral background spectrum filtering is median filtering of the
spectrogram, as conducted by Mauch et al. [17]. A specific ex-
ample of background noise when working in harmony–related
tasks could be considered the percussive elements of the music.
An attempt to remove the part of the spectrum due to percussive
sounds was introduced in by Ono et al. [39] and used to increase
ACE accuracy by Reed and collaborators [40]. It is assumed
that the percussive elements of a spectrum (drums etc.) occupy
a wide frequency range but are narrow in the time domain, and
harmony (melody, chords, bassline) conversely. The spectrum is
assumed to be a simple sum of percussive and harmonicmaterial

and can be diffused into two constituent spectra, from which the
harmonic content can be used for chordal analysis. This process
is known as Harmonic Percussive Source Separation (HPSS). It
is shown by Reed and Ueda [40], [41] that HPSS improves ACE
accuracy significantly, and is now employed in some modern
feature extraction systems (see, for example, [36], [37]).
2) Harmonics: It is known that musical instruments emit not

only a pure tone , but a series of harmonics at higher frequen-
cies, and subharmonics at lower frequencies. Such harmonics
can easily confuse feature extraction techniques, and some au-
thors have attempted to remove them in the feature extraction
process [38], [42]–[44]. While we discuss it here, note that ac-
counting for the presence of harmonics can be done before but
also after tuning (see Section II-C).
Amethod of removing the background spectra and harmonics

simultaneously was proposed by Varewyck et al., based on mul-
tiple pitch tracking techniques [45]. They note that their new
features matched chord profiles and perform better than unpro-
cessed chromagrams, a technique which was also employed by
Mauch [44].
A more recent method introduced in the same work is based

on the assumption that each column in the spectrogram can be
approximated well by a linear combination of note spectra (each
of which includes harmonic frequencies above an frequency)
[17]. Each weight in this linear combination corresponds to the
activation of the corresponding note. The activation value of a
note can then be ascribed to the pitch corresponding to its
frequency. The activation vector can be estimated as the one
minimizing the 2–norm distance between the linear combina-
tion of the note profiles and the actual spectrum observed. Con-
sidering that a note cannot be negatively activated, this amounts
to solving aNon–Negative Least Squares (NNLS) problem [46].
Chromagrams computed in this way were shown to result in

an improvement of six percentage points over the then state of
the art system by the same authors [17] and are an interesting
departure from energy-summed chromagrams.

C. Tuning

In 2003, Sheh and Ellis identified that some popular music
tracks are not tuned to standard pitch Hz [47]. To
compensate for this, they computed a spectrogram at twice the
required frequency resolution (i.e. at half semi–tone resolution),
allowing for some flexibility in the tuning of the piece. Harte
introduced a tuning algorithm which computed the spectrogram
over an even finer granularity of 3 frequency bands per semi-
tone, and searched for the tuning maximizing the in–tune en-
ergy [48]. The actual saliences can then be inferred by interpo-
lation. This method was also used by Bello and Pickens [34] and
in Harte’s own work [49] and is now a staple of most modern
algorithms.

D. Capturing Pitch Class Salience

Although the pre–processed and tuned spectrogram of a
signal is intuitively a good representation of the pitch evolu-
tion, some authors have been exploring ways of mapping this
feature to something which more closely represents the human
perception of pitch saliences.
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Fig. 5. Smoothing techniques for chromagram features. In 5a, we see a standard chromagram feature. Fig. 5b shows a median filter over 20 frames, 5c shows a
beat–synchronized chromagram.

Pauws made an early attempt to map the spectrum to the
human auditory system by re–weighing the spectrum by an
arc–tangent function in the context of audio key estimation [38].
A similar approach was taken by Ni et al., where the loud-

ness of the spectrum was calculated using A–weighting [50],
resulting in loudness–based chromagrams, considerably im-
proving ACE accuracy [36].

E. Octave Summation and Normalization

The final stage of chromagram calculation involves summing
all pitch saliences belonging to the same pitch class, followed
by a normalization. The first of these allows practitioners to
work with a concise, 12–dimensional representation of the pitch
evolution of the audio, disregarding the octave information
which is often seen as irrelevant in ACE (although note that
this implies that different positions of the same chord cannot be
distinguished). A subsequent normalization per frame makes
the result independent of (changes in) the volume of the track.
Common normalization schemes include enforcing unit ,
or norm on each frame [51].

F. Smoothing/Beat Synchronization

It was noticed by Fujishima that using instantaneous chroma
features led to chord predictions with frequent chord changes,
owing to transients and noise [28]. As an initial solution, he in-
troduced smoothing of the chroma vectors as a post–processing
step. This heuristic was adopted by other authors using tem-
plate–based ACE systems (see Section III).
In work by Bello, the fact that chords are usually stable

between beats [52] was exploited to create beat–synchronous
chromagrams, where the time resolution is reduced to that of
the main pulse [34]. This method was shown to be superior in
terms of accuracy, and had the additional advantage of reducing
the computation cost, owing to the reduction in total number of
frames.
Popular methods of smoothing chromagrams are to take the

mean [34] or median [44] salience of each of the pitch classes
between beats. In more recent work, Bello used recurrence
plots within similar segments and showed it to be superior to
beat synchronization or mean/median filtering [53]. Examples
of smoothing techniques are shown in Fig. 5.

Papadopoulus and Peeters noted that a simultaneous estimate
of beats led to an improvement in chords and vice–versa, sup-
porting an argument that an integrated model of harmony and
rhythm may offer improved performance in both tasks [54].
A comparative study of post–processing techniques was con-
ducted by Cho et al., who also compared different pre–filtering
and modelling techniques [55].

G. Other Work on Features for ACE Research

Worth noting are two further techniques that do not naturally
fit within the chromagram computation pipeline.
1) Tonal Centroid Vectors: An interesting departure from tra-

ditional chromagrams was presented by Harte et al., notably
a transform of the chromagram known as the Tonal Centroid
feature [49]. This feature is based on the idea that close har-
monic relationships such as perfect fifths andmajor/minor thirds
have large Euclidean distance in a chromagram representation
of pitch, and that a feature which places these pitches closer
together may offer superior performance. To this end, the au-
thors suggest mapping the 12 pitch classes onto a six–dimen-
sional hypertorus which corresponds closely to Chew’s spiral
array model [56]. This feature vector has also been explored for
key estimation [57], [58].
2) Integration of Bass Information: In some ACE systems

two chromagrams are used: one for the treble range, and one for
the bass range. The benefit of doing this was first recognized
by Sumi et al. [59]. Within this work they estimate bass pitches
from audio and add a bass probability into an existing hypoth-
esis–search–based method and discovered an increase in accu-
racy of, on average, of 7.9 percentage points when including
bass information [33]. Parallel treble and bass chroma exam-
ples are shown in Fig. 6.
Bass frequencies of 55–220 Hz were also considered in early

work byMauch, although this time by calculating a distinct bass
chromagram over this frequency range [60]. Using a bass chro-
magram has the advantage of allowing one identify inversions
of chords, which is used by the following two works: [36], [44].

III. MODELLING STRATEGIES

In this section, we review the next major step in ACE: as-
signing labels to chromagram (or related feature) frames. We
begin with a discussion of simple pattern–matching techniques.
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Fig. 6. Treble (6a) and Bass (6b) Chromagrams, with the bass feature taken over a frequency range of 55–207 Hz in an attempt to capture inversions.

Fig. 7. Template–based approach to ACE, showing chromagram feature vectors, reference chord annotation and bit mask of optimal chord templates.

A. Template Matching

Template matching involves comparing feature vectors
against the known distribution of notes in a chord, under the
assumption that the chromagram feature matrix will closely
resemble the underlying chords to the song. Typically, a
12–dimensional chroma vector is compared to a binary vector
containing ones where a trial chord has notes present. For
example, the template for a C Major chord would be [1 0 0 0
1 0 0 1 0 0 0 0]. Each frame of the chromagram is compared
to a set of templates, and the template with maximal similarity
to the chroma is output as the label for this frame (see Fig. 7).
This technique was first proposed by Fujishima, where he used
either the nearest neighbor template or a weighted sum of
the PCP and chord template as a similarity measure between
templates and chroma frames [28]. Similarly, this technique
was used by Cabral and collaborators who compared it to the
Extractor Discovery System (EDS) software to classify chords
in Bossa Nova songs [61].

An alternative approach to template matching was proposed
by Su and Jeng, who used a self–organizing map, trained using
expert knowledge [62]. Although their system perfectly recog-
nized the input signal’s chord sequence, it is possible that the
system is overfitted as it was measured on just one song in-
stance. A more modern example of a template–based method is
presented by Oudre and collaborators, who compared three dis-
tance measures and two post–processing smoothing types and
found that Kullback–Leibler divergence [63] and median fil-
tering offered an improvement over the then state of the art [64].
Further examples of template–based ACE systems can be found
in later work by the same author and De Haas [65], [66].

B. Hidden Markov Models

Individual pattern matching techniques such as template
matching fail tomodel the continuous nature of chord sequences.
This can be combated either by using smoothing methods as
seen in Section II or by including some notion of duration in
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Fig. 8. Visualization of a first order Hidden Markov Model (HMM) of length
T. Hidden states (chords) are shown as circular nodes, which emit observable
states (e.g. rectangular nodes and chroma frames).

the underlying model. One of the most common ways of incor-
porating smoothness in the model is to use a Hidden Markov
Model (HMM). HMMs have become the most common method
for assigning chord labels to frames in the ACE domain (see
summary of MIREX submission in Section V-E).
An HMM is a probabilistic model for a sequence of observed

variables, called the observed variables. The particular structure
of the HMMmodel embodies certain assumptions on how these
variables are probabilistically dependent on each other. In par-
ticular, it is assumed that there is a sequence of hidden variables,
paired with the observed variables, and that each observed vari-
able is independent of all others when conditioned on its cor-
responding hidden variable. Additionally, it is assumed that the
hidden variables form a Markov chain of order 1.
Fig. 8 depicts a representation of the dependency structure of

an HMM in the form of a probabilistic graphical model, applied
to the ACE problem setting: the hidden variables are the chords
in subsequent frames, and the observed variables are the chroma
(or similar) features in the corresponding frame.
We briefly discuss the mathematical details of the HMM for

ACE. For more details in HMMs in general, the reader is re-
ferred to the tutorial by Rabiner [67], whereas the HMM for
ACE is covered in detail in e.g. [36].
Recall that we denote the chromagram of a particular song as
with 12 rows and as many columns as there are frames. Let

us use the symbol to denote a sequence of chord symbols (the
chord annotation), with length equal to the number of frames.
Each chord symbol comes from an agreed alphabet of chords
considered (see Section V). HMMs can be used to formalize a
probability distribution jointly for the chromagram
and the annotation of a song, where are the parameters

of this distribution.
In this model, the chords are modelled as a first–order Mar-

kovian process, meaning that future chords are independent
of the past given the present. Furthermore, given a chord,
the 12–dimensional chromagram feature vectors in the cor-
responding time window is assumed to be independent of all
other variables in the model. The chords are referred to as the
hidden variables of the model and the chromagram frames as
the observed variables.
Mathematically, the Markov and conditional independence

assumptions allow the factorization of the joint probability of
the feature vectors and chords of a song into the fol-
lowing form:

(1)

Fig. 9. Two–chain HMM, here representing hidden nodes for Keys and
Chords, emitting Observed nodes. All possible hidden transitions are shown in
this figure, although these are rarely considered by researchers.

Here, is the probability that the first chord is equal to
(the initial distribution or prior), is the proba-

bility that a chord is followed by chord in the subsequent
frame (the transition probabilities, corresponding to the hori-
zontal arrows in Fig. 8), and is the probability den-
sity for chroma vector given that the chord of the th frame is
(the emission probabilities, indicated by the vertical arrows

in Fig. 8).
It is common to assume that the HMM is stationary, which

means that and are independent of . Furthermore, it
is common to model the emission probabilities as a 12–dimen-
sional Gaussian distribution, meaning that the parameter set
of an HMM used for ACE are commonly given by

(2)

where it is convenient to gather the parameters into matrix form:
are the transition probabilities, is

the initial distribution, and , and
are mean vectors and covariance matrices for a multivariate
Gaussian distribution respectively.
Although HMMs are very common in the domain of speech

estimation [67], we found the first example of an HMM in the
domain of music transcription to be by Martin, where the task
was to transcribe piano notation directly from audio [24]. In
terms of ACE, the first example can be seen in the work by
Sheh and Ellis, where HMMs and the Expectation–Maximiza-
tion algorithm [68] are used to train a model for chord boundary
prediction and labelling [47]. Although initial results were quite
poor (maximum accuracy of 26.4%), this work inspired the sub-
sequently dominant use of the HMM architecture in ACE.
A real–time adaptation of the HMM architecture was pro-

posed by Cho and Bello, who found that with a relatively
small lag of 20 frames (less than 1 second), performance is
less than 1% worse than an HMM with access to the entire
signal [69]. The idea of real–time analysis was also explored by
Stark and collaborators, who employ a simpler, template–based
approach [70].

C. Incorporating Key Information

Simultaneous estimation of chords and keys can be obtained
by including an additional hidden chain into an HMM architec-
ture. An example of this can be seen in Fig. 9. This two–chain
HMM clearly has many more conditional probabilities than the
simpler HMM, owing to the inclusion of a key chain, whichmay
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Fig. 10. Mauch’s DBN, the Musical Probabilistic Model. Hidden nodes
represent metric position, key, chord and bass annotations,

whilst observed nodes and represent treble and bass chromagrams.

Fig. 11. Ni et. al.’s Harmony Progression Analyzer. Hidden nodes
represent key, chord and bass annotations, whilst observed nodes and
represent treble and bass chromagrams.

be used model, e.g. dominant chords preceding a change in key.
This is an issue for both expert systems and data–driven sys-
tems, since there may be insufficient knowledge or training data
to accurately estimate these distributions. As such, most authors
disregard the diagonal dependencies in Fig. 9 [6], [36], [44].

D. Dynamic Bayesian Networks

A significant advance in modelling strategies came in 2010
with the introduction of Mauch’s Dynamic Bayesian Network
model [17], [44], shown in Fig. 10. This sophisticated model has
hidden nodes representing metric position, musical key, chord,
and bass note, as well as observed treble and bass chromagrams.
Dependencies between chords and treble chromagrams are as in
a standard HMM, but with additional emissions from bass nodes
to lower frequency–range chroma features, and interplay be-
tween metric position, keys and chords. This model was shown
to be extremely effective in the ACE task in the MIREX eval-
uation in 2010, attaining performance of 80.22% chord overlap
ratio on the MIREX dataset (see MIREX evaluations III).
In 2011, Ni et al. designed a DBN–based ACE system named

the Harmony Progression Analyzer (HPA) [36]. The model ar-
chitecture has hidden nodes for chord, inversion and musical
key and emits a bass and treble chromagram at each frame (see
Fig. 11). This model was top-performing in the most recent
MIREX evaluation of 2012 (see Section V).

E. High-order HMMs

A high-order model for ACE was proposed by Scholz and
collaborators [71], based on earlier work [72], [73]. In partic-
ular, they suggest that the typical first–order Markov assump-
tion is insufficient to model the complexity of music, and in-
stead suggest using higher–order statistics such as second-order
HMMs. They found that high-order models offer lower perplex-
ities1 than first-order HMMs (suggesting superior generaliza-
tion), but that results were sensitive to the type of smoothing
used, and that high memory complexity was also an issue.
This idea was further expanded byKhadkevich andOmologo,

where an improvement of around 2% absolute was seen by
using a -order ( ) model [74], and further in [75] where
chord idioms similar to Mauch’s findings [73] are discovered,
although within this work they use an infinity–order model
where a specification of is not required.

F. Discriminative Models

In 2007, Burgoyne et al. suggested that generative HMMs
are suboptimal for use in ACE, preferring instead the use of
discriminative Conditional Random Fields (CRF) [76].
During decoding, an HMM seeks to maximize the overall

joint distribution over the chords and feature vectors .
However, for a given song example the observation is always
fixed, so it may be more sensible to model the conditional

, relaxing the necessity for the components of the
observations to be conditionally independent. In this way,
discriminative models attempt to achieve accurate input (chro-
magram) to output (chord sequence) mappings.
An additional potential benefit to this modelling strategy is

that one may address the balance between, for example, the
hidden and observation probabilities, or take into account more
than one frame (or indeed an entire chromagram) in labelling
a particular frame. This last approach was explored by Weller
et al. [77], where the recently developed SVM struct algorithm
was used as opposed to CRF, in addition to incorporating infor-
mation about future chroma vectors to show an improvement
over a standard HMM.

G. Genre–Specific Models

Lee [7] has suggested that training a single model on a wide
range of genres may lead to poor generalization, an idea which
was expanded on in later work [58], wherein it was found that if
genre information was given (for a range of six genres), perfor-
mance increased almost ten percentage points. Also, they note
that their method can be used to identify genre in a probabilistic
way, by simply testing all genre–specific models and choosing
the model with largest likelihood.

H. Emission Probabilities

When considering the probability of a chord emitting a fea-
ture vector in graphical models, as is commonly required [47],
[60], [78] one must specify a probability distribution for a chro-
magram frame, given a list of candidate chords. A common

1the perplexity of a probability distribution with entropy is defined
as
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TABLE I
GROUND TRUTH DATASETS AVAILABLE FOR RESEARCHERS IN ACE, INCLUDING NUMBER OF UNIQUE TRACKS AND UNIQUE ARTISTS

method for doing this is to use a 12–dimensional Gaussian dis-
tribution, i.e. the probability of a chord emitting a chromagram
frame is set as , with a 12–dimensional
mean vector for each chord and a collection of covariance
matrices for each chord. One may then estimate and from
data or expert knowledge and infer the emission probability for
a (chord, chroma) pair.
This technique has been very widely used in the literature

(see, for example [34], [47], [74], [79]). A slightly more sophis-
ticated emission model is to consider a mixture of Gaussians, in-
stead of one per chord. This has been explored in, for example,
the work by Sumi, Bello and Reed [40], [53], [59].
A different emission model was proposed in early work by

Burgoyne [80], that of a Dirichlet model. Given a chromagram
with pitch classes , each with probability

and , , a Dirichlet distri-
bution with parameters is defined as

(3)

where is a normalization term. Thus, a Dirichlet distribution
is a distribution over numbers which sum to one, and a good
candidate for a chromagram feature vector. This emissionmodel
was implemented for ACE by Burgoyne et al., with encouraging
results [76]. One final development in emission modelling came
when Ni and collaborators trained emission probabilities over a
range of genres, allowing for parameter sharing between genres
which fell under the same ‘hyper genre’ [81].

IV. MODEL TRAINING AND DATASETS

Ground truth chord data in the style of Fig. 1 are essential for
testing the accuracy of an ACE system; for data–driven systems,
they also serve as a training source. In this section, we review
the data available to ACE researchers, how the data can be used
for training, and discuss the benefits and drawbacks of systems
based on expert knowledge versus data–driven systems.

A. Available Datasets

The first dataset made available to researchers was released
by Harte and collaborators in 2005, which consisted of 180 an-
notations to songs by the pop group The Beatles, later expanded
to include works by Queen and Zweieck [19]. In this work they
also introduced a syntax for annotating chords in flat text, which
has since become standard practice.
This dataset was used extensively within the community [36],

[37], [82] but one concern was that the variation in chord labels
and instrumentation/style was limited. Perhaps because of this,
other researchers began working on datasets covering a wider

range of artists, although mostly within the pop/rock genre. A
195 song subset of the ‘USpop’ dataset ([83], 8,752 songs total)
were hand–annotated by Cho [37] and released to the public.
Around the same time, research from McGill university [13],
[84] yielded a set of 649 available titles, with at least a further
197 kept unreleased for MIREX evaluations (see Section V-E).
A summary of the three main datasets available to researchers
is shown in Table I.

B. Training Using Expert Knowledge

In early ACE research, when training data was very scarce, an
HMMwas used by Bello and Pickens [34], where model param-
eters such as the transition probabilities, mean and covariance
matrices were set initially by hand, and then enhanced using the
Expectation–Maximization algorithm [67].
A large amount of knowledge was injected into Shenoy

and Wang’s key/chord/rhythm extraction algorithm [6]. For
example, they set high weights to common chords in each key
(see Sub. I-A), additionally specifying that if the first three
measures of a bar are a single chord, the last measure must
also be this chord, and that chords non–diatonic to the current
key are not permissible. They noticed that by making a rough
estimate of the chord sequence, they were able to extract the
global key of a piece (assuming no modulations) with high
accuracy (28/30 song examples). Using this key, ACE accuracy
increased by an absolute 15.07%.
Expert tuning of key–chord dependencies was also explored

by Catteau and collaborators [5], following the theory set out in
Lerdahl [85]. A study of expert knowledge versus training was
conducted by Papadopoulus and Peeters, who compared expert
setting of Gaussian emissions and transition probabilities, and
found that expert tuning with representation of harmonics per-
formed the best [43]. However, they only used 110 songs in the
evaluation, and it is possible that with the additional data now
available, a data–driven approach may be superior.
Mauch and Dixon also opted for an expert–based approach

to ACE parameter setting, defining chord emission and emis-
sion models according to musical theory or heuristics (such as
setting the tonal key to have self–transition probability equal to
0.98 [44]). More recently, De Haas and collaborators employed
a template–based approach to chose likely chord candidates and
broke close ties with musical theory [66].

C. Training Using Fully Labelled Datasets

Recall that the parameters for an HMM are referred to as .
We now turn attention to learning . To infer a suitable value for
using a set of fully labelled training examples , Max-

imum Likelihood Estimation can be used [67]. In order to make
the most of the available training data, some authors exploit
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Fig. 12. HMM parameters, trained using Maximum likelihood on the MIREX dataset. Above, left: initial distribution . Above, right: transition probabilities
. Below, left: mean vectors for each chord . Below, right: covariance matrix for a C major chord. In all cases to preserve clarity, parallel minors for

each chord and accidentals follow to the right and below.

symmetry in musical harmony by transposing all chord types
to the same tonic before training [86], [87]. This means that one
may learn a generic ‘major chord’ (for example) model, rather
than individual C major, major, models, effectively in-
creasing the amount of training data for each chord type by a
factor of 12. These parameters may then be transposed 12 times
to yield a model for each pitch class.
We show example parameters (trained on the ground truths

from the 2011MIREX dataset, without transposition) in Fig. 12.
Inspection of these features reveals that musically meaningful
parameters can be learned from the data, without the need of
expert knowledge. Notice, for example, how the initial distribu-
tion is strongly peaked to starting on no chord, as expected (most
songs begin with silence). Furthermore, we see strong self–tran-
sitions in line with our expectation that chords are constant over
several beats. The mean vectors bear close resemblance to the
pitches present within each chord and the covariance matrix
is almost diagonal, meaning there is little covariance between
notes in chords.

D. Learning From Partially–labelled Datasets

Some authors have been exploring the use of readily–avail-
able chord transcriptions from guitar tab websites to aid in
testing, training, ranking, musical education, and score fol-
lowing of chords [78], [88], [89].

Such annotations are of course noisy and, lacking any chord
timing information other than their ordering, they are harder to
exploit for training ACE systems. Even so, in work by McVicar
it is shown that they represent a valuable resource for ACE,
owing to the volume of such data available [90]. A further help
in using them is the fact that a large number of examples of
each song are available on such sites. For example, Macrae and
Dixon found 24,746 versions for songs by The Beatles, or an
average of 137.5 tabs per song [15].

E. Discussion of Expert vs Data–driven systems

With the two classes of ACE systems now clear (expert and
data–driven), we discuss the strengths and weaknesses of each
in the current subsection. The first thing to note is that both
systems employ some musical and psychoacoustic knowledge
in their implementation. For example, all modern systems are
based on modifying the spectrogram to match the equal–tem-
pered scale, and most search for deviations from the standard

Hz. Further to this, summing pitches which belong
to the same pitch class to form a chromagram is now standard
practice, derived from the human perception of sound. Musical
theory is also injected into choice of hidden nodes in HMMs or
DBNs.
However, the inference of model parameters is where the two

systems begin to differ. The performance attained using either
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system variant is upper–bounded by the quality and quantity
of the knowledge contained within, and the choice over which
paradigm should be used depends on the availability and trust-
worthiness of the sources. Considering an extreme example, if
there is no training data available, an expert system is the only
choice. As the number and variation of training examples in-
creases, more can be learned from ground truth annotations. At
the other extreme, in the case of an infinitely large corpus of an-
notations, the parameters estimated will converge to the ‘true’
values and be more refined than a subjective notion of musical
theory.
It is possible for both types of training to overfit data and

attain poor generalization. The case for data–driven systems
is clearest to see, since the maximum likelihood solution to
the model training problem assumes that the test distribution is
identical to that of the training. However, the same can be said
for expert systems. There is no universally agreed–uponmusical
theory of chord transitions, or how chords interact with beat
position, keys or basslines. As such, designers of expert sys-
tems may pick and choose particular musical facets which pro-
duce favorable results on their test set. Publication bias towards
positive research results will have the same hard–to–quantify
effect.
Since the training and test data are typically known to re-

searchers in order to evaluate their systems, it is particularly
difficult to estimate to what extent researchers are overfitting
their data. This in theory can be solved by having a held–out test
set which is used solely for evaluation and not used for training
in any way. However, this is difficult to do in practice since re-
viewing which mistakes are being made on the test set can often
yield improvements, and it is impossible to tell to what extent
this has happened in a particular research paper. The same can
be said for most iterations of the MIREX ACE task, since all
candidates have had access to the test data, except in the most
recent incarnation in 2012 (see Section V-E).

V. EVALUATION STRATEGIES

Given the output of an ACE system and a known and trusted
ground truth, methods of performance evaluation are required to
compare algorithms and define the state of the art. We discuss
strategies for this in the current section, focusing on frame-based
analysis (an overview of alternative evaluation strategies can be
found in the work by Pauwels [91] or Konz [92]). We will begin
by reviewing the different chord alphabets used by researchers
in the domain of ACE. We then discuss how one might compare
a single predicted and trusted ground truth and chord alphabet,
before moving on to a single song instance and finally a corpus
of songs. In the current Section we will assume that there exists
a predicted and ground truth chord corpus sampled at the
same resolution for songs given by:

where indicates the number of samples in the ’th song. Each
predicted chord symbol , comes from a chord alphabet .

A. Chord Detail

Considering chords within a single octave, there are 12 pitch
classes which may or may not be present, leaving us with
possible chords. Such a chord alphabet is clearly prohibitive
for modelling (owing to the computational complexity) and
also poses issues in terms of evaluation. For these reasons,
researchers in the field have reduced their reference chord
annotations to a subset of workable alphabet.
In early work, Fujishima considered 27 chord types, in-

cluding advanced examples such as A:(1, 3, , 7)/G [28]. A
step forward to a more workable alphabet came in 2003, where
Sheh and Ellis [47] considered seven chord types (maj, min,
maj7, min7, dom7, aug, dim), although other authors have
explored using just the four main triads: maj, min, aug and
dim [33], [76]. Suspended chords were identified by Sumi and
Mauch [59], [60], the latter study additionally containing a ‘no
chord’ symbol for silence, speaking or other times when no
chord can be assigned.
A large chord alphabet of ten chord types including inver-

sions were recognized byMauch [44]. However, by far the most
common chord alphabet is the set of major and minor chords in
addition to a ‘no chord’ symbol, which we collectively denote
asminmaj [42], [43]. Note that as the sophistication of ACE sys-
tems improve, it is important to realize that retaining the sim-
plistic minmaj alphabet will result in overfitting and a plateau in
performance and so the publication of results on more complex
chord types in future articles and MIREX evaluations should be
encouraged.

B. Evaluating a Single Chord Label

Given a predicted and ground truth chord label pair ( , ) we
must decide how to evaluate the similarity between them. The
most natural choice is to have a binary correct/incorrect score
indicating if the chord symbols are identical. This might seem
appropriate for simple chord sets such as the collection of major
and minor chords where there is little ambiguity, although for
more complex chord alphabets this assumption is less clear.
Consider for example a chord alphabet which consists of

major and minor chords with inversions. What should the eval-
uation of major against major/3 (i.e. a C major
chord in first inversion) be? The pitch classes in both cases are
identical (C,E,G) but their order differs. To combat this, Ni et al.
have defined note precision to score equality between two chord
labels if they share the same pitch classes, and chord precision
to score equality only if the chord labels are identical [36].
A further complication occurs when dealing with chords with

different pitch classes. Take major and major7
as representative examples. Clearly this prediction is more accu-
rate than a prediction of, say, Bbmajor. However, this subtlety is
not currently captured in any of the prevailing evaluation strate-
gies. We are however aware of two other methods of evaluation,
both of which have featured in theMIREX evaluations. The first
method considers a predicted chord label to be correct if it shares
the tonic and third with the true label. In this evaluation, which
we refer to as the MIREX evaluation, labelling a C7 (C domi-
nant 7th) frame as C major is considered correct. Finally, in the
early years of ACE, a generous evaluation which only matched
the tonic of the predicted chord was employed (see Sub. V-E)
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TABLE II
MIREX SYSTEMS FROM 2008–2009, SORTED IN EACH YEAR BY TOTAL RELATIVE CORRECT OVERLAP IN THE MERGED EVALUATION.

THE BEST–PERFORMING PRETRAINED/EXPERT SYSTEMS ARE , BEST TRAIN/TEST SYSTEMS ARE IN BOLDFACE.
SYSTEMS WHERE NO DATA IS AVAILABLE ARE SHOWN BY A DASH (-)

C. Evaluating on a Song Instance

Fujishima first introduced the concept of the ‘Relative Cor-
rect Overlap’ measure for evaluating ACE accuracy on a song
level, defined as the mean number of correctly identified frames
[28]. Letting be an evaluation strategy for single chord
labels such as those mentioned in Sub. V-B, we may define the
Relative Correct Overlap (RCO) for the ’th song in terms of
the notation in Eqn. (4) as:

(4)

D. Evaluating on a Song Corpus

When dealing with a collection of more than one song, one
may either average the performances over each song, or con-
catenate all frames together and measure performance on this

collection. The former treats each song equally independent of
song length, whilst the latter gives more weight to longer songs.
We define these global and local averages as the Total Rela-

tive Correct Overlap and Average Relative Correct Overlap re-
spectively. Letting be the total number of frames
in the corpus,

(5)

is the Total Relative Correct Overlap, and

(6)

is the Average Relative Correct Overlap.
Finally, worth mentioning is that human experts do not al-

ways agree on the correct chord labels for a given song, as in-
vestigated experimentally by Ni [93].
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TABLE III
MIREX SYSTEMS FROM 2010–2011, SORTED IN EACH YEAR BY TOTAL RELATIVE CORRECT OVERLAP. THE BEST–PERFORMING PRETRAINED/EXPERT SYSTEMS

ARE , BEST TRAIN/TEST SYSTEMS ARE IN BOLDFACE. FOR 2011, SYSTEMS WHICH OBTAINED LESS THAN 0.35 TRCO ARE OMITTED

E. The Music Information Retrieval Evaluation eXchange
(MIREX)

Since 2008, ACE systems have been compared in an annual
evaluation held in conjunction with the International Society for
Music Information Retrieval.2Authors submit algorithms which
are tested on a dataset of audio and ground truth. For ACE sys-
tems that require training, the dataset is split into a training set
for training and a test set for evaluating the performance. We
present a summary of the algorithms submitted in Tables II-III.
1) MIREX 2008: Ground truth data for the first MIREX eval-

uation was provided by Harte and consisted of 176 songs from
The Beatles’ back catalogue [19]. Approximately 2/3 of each
of the 12 studio albums in the dataset was used for training and
the remaining 1/3 for testing. Carrying out the split in this way
avoided particularly easy/hard albums to end up primarily in ei-
ther the training or test set, ensuring that the training and test sets
are maximally can be regarded as independently sampled from
identical distributions. Chord detail considered was either the
set of major and minor chords, or a ‘merged’ set, where parallel

2http://www.music-ir.org/mirex/wiki/MIREX_HOME

major/minor chords in the predictions and ground truth were
considered equal (i.e. classifying a C major chord as C minor
was not considered an error).
Bello and Pickens achieved 0.69 overlap and 0.69 merged

scores using a simple chroma and HMM approach, with
Ryynnen and Klapuri achieving a similar merged performance
using a combination of bass and treble chromagrams. Inter-
estingly, Uchiyama et al. obtained higher scores under the
train/test scenario (0.72/0.77 for overlap/merged). Given that
the training and test data were known in this evaluation, the fact
that the train/test scores are higher suggests that the pretrained
systems did not make sufficient use of the available data in
calibrating their models.
2) MIREX 2009: In 2009, the same evaluations were used, al-

though the dataset increased to include 37 songs by Queen and
Zweieck. Unfortunately, 7 songs whose average performance
across all algorithms was less than 0.25 were removed, leaving
a total of 210 song instances. Train/test scenarios were also eval-
uated, under the same major/minor or merged chord details.
This year, the top performing algorithm in terms of both

evaluations was Weller et al.’s system, where chroma fea-
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TABLE IV
:MIREX SYSTEMS FROM 2012, SORTED IN EACH YEAR BY TOTAL RELATIVE CORRECT OVERLAP ON THE MCGILL DATASET

tures and a structured output predictor which accounted for
interactions between neighboring frames was their method of
choice. Pretrained and expert systems again failed to match the
performances of train/test systems, although the OGF2 submis-
sion matched WEJ4 on the merged class. The introduction of
Mauch’s Dynamic Bayesian Network (submission MD) shows
the first use of a complex graphical model for decoding, and
attained the best score for a pretrained system, 0.712 overlap.
3) MIREX 2010: Moving to the evaluation of 2010, the eval-

uation database stabilized to a set of 217 tracks consisting of
179 tracks by The Beatles (‘Revolution 9’, Lennon/McCartney,
was removed as it was deemed to have no harmonic content),
20 songs by Queen and 18 by Zweieck. We shall refer to this
collection of audio and ground truth as the ‘MIREX dataset’.
Evaluation in this year was performed using major and minor
triads with either the Total Relative Correct Overlap (TRCO) or
Average Relative Correct Overlap (ARCO) summary.
This year saw the first example of a state of the art pretrained

system–Mauch’s MD1 system performed top in terms of both
TRCO and ARCO, beating all other systems by use of an ad-
vanced Dynamic Bayesian Network and NNLS chroma. Inter-
estingly, some train/test systems performed close to MD1 (Cho
et al., CWB1).
4) MIREX 2011: Data included in this year’s evaluation was

the again the standard MIREX dataset of 217 tracks. By now,
performance had steadily risen from early work in 2008, but
the possibility of models overfitting these data were signifi-
cant. This issue was highlighted by the authors of the NMSD2
submission, who exploited the fact that the ground truth of all
songs is known. Given this knowledge, the optimal strategy is to
simply find a map between the audio of the signal to the ground
truth dataset. This can be obtained by, for example, audio finger-
printing [94]. They did not achieve 100% because they shifted
the ground truth data to match their audio collection.
This year, the expected trend of pretrained systems outper-

forming their train/test counterparts continued, with system
KO1 obtaining a performance of 0.8285 TRCO, compared to
the train/test CB3, which reached 0.8091.

F. MIREX 2012

The ACE task changed significantly in 2012, with the inclu-
sion of an unknown test set of songs from McGill [13]. Par-
ticipants submitted either expert systems or pretrained systems
(there was no train/test evaluation this year) and were evaluated
on both the known MIREX dataset of 217 songs and an addi-
tional 197 unknown billboard tracks. Results for both test sets
are shown in Table IV.
The first thing to notice from Table IV is that performances on

the McGill dataset are lower than on the MIREX dataset. This
effect is due either to the McGill dataset being more varied and
challenging, or because authors have overfitted on the MIREX
dataset in previous years (and most likely a combination of the
two). Top performance (73.47% TRCO, McGill dataset) was
attained by Ni et al., by using a complex training scheme which
takes advantage of multiple genres in the training stage [87].
The same authors claimed the next three spots, with differing
training schemes. Interestingly, it seems that the training scheme
and data did not make much difference in overall performance,
with hyper–genre training offering just 1.08 percentage points
more than simple training on the MIREX data.
Submissions PMP1–PMP3 performed the best of the expert

systems, reaching between 65.32% and 65.95% TRCO on
the McGill dataset using bass and treble chromagrams and
a key–chord HMM. A clear separation of expert vs knowl-
edge–based systems emerges on consulting Table IV, showing
that machine learning systems are not in fact overfitting the
MIREX dataset as has been claimed [66]. It also seems that
more complex models such as DBNs or Key–HMMs thrive in
the unseen data test setting, with just 4 of the 11 systems now
deploying a simple HMM.

G. Summary and Evolution of MIREX Performance

We show the evolution of MIREX performances as a series
of box and whiskers plots in Fig. 13. From this figure, we see
a slow steady improvement in performance from 2008 to 2011,
although the rate of improvement diminishes as the years pass. It
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Fig. 13. Box plots and whiskers showing performance in the MIREX ACE task from years 2008 to 2012. Median performances are shown as the centers of
the boxes, with height defined by 25th and 75th percentiles. Outliers which fall more than 1.5 times the Interquartile range are shown as crosses. Performance
is measured using TRCO on the MIREX dataset (Beatles, Queen and Zweieck annotations) as they became available. Merged evaluations in 2008/2009 and
performance on the McGill dataset in 2012 are shown offset to the right of their corresponding year.

is also clear from the figure that evaluation on the hiddenMcGill
data now offers researchers an extra 10% ‘headroom’ to aim for
before performance on this varied dataset reaches that on the
MIREX dataset (recall that songs in this collection are heavily
biased towards the pop group The Beatles).

VI. SOFTWARE PACKAGES

A number of online resources and software packages have
been released in the past few years to address ACE. In this sec-
tion we gather a non–comprehensive list of some of the most
relevant contributions.
Since the turn of this century there has been gradual but

steady improvement regarding available ACE implementations.
For instance, Melisma Music Analyzer,3 first released in 2000,
offers in its last version C source code that uses probabilistic
logic to identify metrical, stream and harmonic information
from audio [95].
More recently, the labROSA ACE repository4 compiled a

collection of MATLAB algorithms for supervised chord esti-
mation that were submitted to MIREX 2008, 2009 and 2010,
from a simple Gaussian–HMM chord estimation system to an
implementation of an advanced discriminative HMM. They
perform chord estimation on the basis of beat–synchronous
chromagrams.
Another useful piece of software is Chordino.5 It provides an

expert system based on NNLS Chroma [82]. This software has
been used by web applications such as Yanno,6 which allows
users to extract the chords of YouTube videos.

3http://theory.esm.rochester.edu/temperley/melisma2/
4http://labrosa.ee.columbia.edu/projects/chords/
5http://isophonics.net/nnls-chroma
6http://yanno.eecs.qmul.ac.uk/

At present, the state of the art ACE software is the aforemen-
tioned Harmony Progression Analyzer7 (HPA). This is a key,
chord and bass simultaneous estimation system that purely re-
lies on machine learning techniques [36]. Included in the soft-
ware are a pretrained model and scripts for retraining the model
given new ground truth.
Other general purpose music software have become very

relevant to chord estimation. Vamp8 is an audio processing
plugin system for plugins that extract descriptive information
from audio data. Based on this technology, Sonic Annotator9

offers a tool for feature extraction and annotation of audio
files. It will run available Vamp plugins on a wide range of
audio file types, and can write the results in a selection of
formats. Finally, Sonic Visualiser10 provides an application for
viewing and analyzing the contents of music audio files [96].
Sonic visualiser and Chordino have the advantage of allowing
predicted chord sequences to be visualized, allowing users to
play along intuitively with the analyzed music.

VII. IMPACT WITHIN MUSIC INFORMATION RETRIEVAL

Many of the modelling techniques presented in this paper are
of interest not only for ACE, but also for MIR tasks that involve
sequence labelling. We briefly discuss some of these options in
the current Section.
Chords define the tonal backbone of western music, and as

such it is likely that any MIR task which is based around pitch
classes will benefit from an understanding of chords. Existing/

7https://patterns.enm.bris.ac.uk/hpa-software-package
8http://vamp-plugins.org/
9http://omras2.org/SonicAnnotator
10http://www.sonicvisualiser.org/
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Fig. 14. Major publications in the field of ACE. Publication year increases along the horizontal axis, with research theme on the vertical axis. Main contributions
are also annotated under publication year. Numbers in brackets ( ) refer to reference number.

proposed ways in which estimated chord sequences may be used
in example tasks are discussed below.
The development of tonal key estimation has proceeded in

parallel to ACE, which is unsurprising given their intertwined
nature. This was verified in Section II and III, where we showed
that chromagram feature matrices and HMM architectures were
developed simultaneously in both domains through the years.
Recently, sophisticated approaches have begun to incorporate
both chords and keys into a single model [97], further blurring
the lines between the two domains [36], [82].
Structural segmentation (identifying verse, bridge, chorus

etc) is another MIR task which has seen many advances as a
result of the developments of ACE, although here the focus is
generally on the use of chromagram features and not modelling
techniques [98]. Briefly, the distance between all pairs of chro-
magram frames can be collected in a self–similarity matrix,
where it is hoped that high–similarity off–diagonal stripes will
correspond to repeated sections of a piece of music (see [99]
for an excellent review).
One area in which ACE could have a major impact is in the

detection of mood from audio. Major chords are often thought
of as ‘happy–sounding’, minor chords as ‘sad–sounding’ with
diminished chords indicating tension or unpleasantness, which
was verified in experimental work on both musicians and non-
musicians by Pallesen et al. [100]. However, most mood de-

tection work is conducted at the song level, the notable excep-
tion being the work by Schmidt et al. [101]. A fruitful area of
research may therefore be the investigation of correlations be-
tween predicted chord sequences and dynamic mood modelling
and indeed, results by Cheng and collaborators [102] indicate
that chordal features improve mood classification.
Music recommendation and playlisting are two MIR tasks

which have music similarity at their core. The task is to con-
struct novel song recommendation or songs, given a query in-
stance. Two approaches have dominated the literature in these
tasks: collaborative filtering [103], which ranks queries based
on a database of users who have made similar queries; and con-
tent–based retrieval, where the goal is to find songs with sim-
ilar audio features to the query [104]. Many existing techniques
are based on Mel–Frequency Cepstrum Coefficients, which at-
tempt to capture the instrumentation and/or timbre of the pieces.
However, we have yet to see an application of chord sequences
in this research challenge. To account for the time–varying na-
ture of the predicted sequences, one would have to use summary
statistics such as percentage of major chords, or a more general
distribution over chord types.

VIII. CONCLUSIONS AND FUTURE WORK

In this article, we discussed the task of Automatic Chord
Estimation (ACE) from polyphonic western pop music. We
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TABLE V
CHRONOLOGICAL SUMMARY OF ADVANCES IN ACE FROM AUDIO, YEARS 1999–2012, SHOWING YEAR OF PUBLICATION,

REFERENCE NUMBER, TITLE AND KEY CONTRIBUTION(S) TO THE FIELD

listed the main contributions available in the literature, concen-
trating on feature extraction, modelling, evaluation, and model
training/datasets. We discovered that the dominant set up is
to extract chromagrams directly from audio, and label using a
Hidden Markov Model with Viterbi decoding.
Several advances have been made in the feature extraction

and modelling stage, such that features now include aspects
such as tuning, smoothing, removal of harmonics and loud-

ness perceptual weighting. Models extend beyond the 1st order
HMM to include duration–explicit HMMs, key–chord HMMs,
and Dynamic Bayesian Networks. Training of these models is
conducted using a combination of expert musical knowledge
and parameter estimation from fully or partially–labelled data
sources.
Upon investigating the annual benchmarking system

MIREX, we found that a slow and steady increase in per-
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formance from 69% to 82.85% on a set of (up to) 217 tracks
by The Beatles, Queen and Zweieck, although there is some
evidence that overfitting on this dataset is occurring. In the most
recent evaluation, we saw scores above 73% for completely
unseen data.
In suggesting areas for future work, we believe that a more

towards a more inclusive evaluation strategy including the eval-
uation of complex chords will be fruitful. This will present some
challenges, as it is not immediately obvious how one should
score a prediction of, say Cmajor7/E against a ground truth of C
major. However, given the sophistication of current models and
the amount of data available for training and testing, we think
this will yield valuable results. In addition to this, major/minor
ACE systems are competent enough we feel that they are ready
to be fedmore readily into application areas such as mood detec-
tion, cover song analysis, music recommendation and structure
analysis.

APPENDIX

A concise chronological review of the associated literature
together with the main contributions of each work is shown in
Table V. We also provide a visualization of the advances made
in various aspects of ACE in Fig. 14.
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