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Abstract
In this paper, we introduce an automated procedure for segmenting a given folk song field recording into its constituent stanzas.
One challenge arises from the fact that these recordings are performed by elderly non-professional singers under poor recording
conditions such that the constituent stanzas may reveal significant
temporal and spectral deviations. Unlike a previously described
segmentation approach that relies on a manually transcribed reference stanza, we introduce a reference-free segmentation procedure, which is driven by an audio thumbnailing procedure in
combination with enhanced similarity matrices. Our experiments
on a Dutch folk song collection show that our segmentation results are comparable to the ones obtained by the reference-based
method.

1 Introduction
Generally, a folk song is referred to as a song that was sung by
the common people of a region or culture during work or social
activities. As a result, folk music is closely related to the musical
culture of a specific region. The understanding of the genetic relation between folk songs and entire folk song families has been
the subject of various research efforts, see, e. g., [1, 2]. Folk songs
have been mainly passed down by oral tradition and significant
efforts have been made to preserve the cultural heritage by assembling collections of folk song field recordings. Current folk song
research is mainly based on score-like symbolic representations,
which have been obtained by manually transcribing a representative stanza of the recorded tunes, see Figure 1a. The original
audio material, however, is rarely considered, even though it may
contain valuable information not reflected by the idealized transcripts.
One reason for folk song researchers to focus on symbolic
representations is that, due to its massive data volume and complexity, audio material is generally hard to deal with. Therefore,
computer-assisted analysis tools and intuitive user interfaces are
needed to make the original audio material more accessible. In
this paper, we address a first analysis problem with the objective
to automatically segment a given folk song field recording into its
constituent stanzas. More precisely, for most folk songs a tune is
repeated over and over again with changing lyrics. A typical field
recording therefore consists of a sequence A1 A2 . . . AK of stanzas
Ak , k ∈ [1 : K] := {1, 2, . . . , K}, where each Ak corresponds to the
same tune. Given a field recording, the segmentation task consists in identifying the temporal boundaries of the various stanzas. This task is more challenging than one may guess at first
sight since the sung stanzas often reveal significant temporal and
spectral deviations and deformations. For example, the elderly
non-professional singers often hesitate while performing a stanza,
deviate significantly from the expected pitches, and have serious
problems with intonation. Furthermore, the field recordings are
often of poor recording quality with significant background noise.
In [3], a reference-based segmentation algorithm is described
that relies on the availability of a manually transcribed reference
stanza. The segmentation is then achieved by locally comparing
the field recording with the reference stanza. In this paper, we
introduce a reference-free segmentation procedure that does not
rely on any reference transcript. Our idea is to apply a recent audio thumbnailing approach described in [4] to identify the most
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Figure 1: Representations of the beginning of the first stanza
of OGL27517. (a) Score representation (manual transcript). (b)
CENS features of the audio recording. (c) F0-enhanced CENS
features.
“repetitive” segment in a given recording. This so-called thumbnail then takes over the role of the reference. The thumbnailing
procedure is built upon suitable audio features and self-similarity
matrices (SSM). To cope with the above mentioned variations, we
introduce various enhancement strategies to absorb a high-degree
of these deviations and deformations already on the feature and
SSM level. We report on various experiments using challenging
field recordings taken from the collection Onder de groene linde
(OGL), which is part of the Nederlandse Liederenbank.1 Our
evaluation shows that the segmentation results of our approach
are comparable to the ones obtained from the reference-based
segmentation procedure [3].
The remainder of this paper is organized as follows. We first
describe the underlying audio features (Section 2) and then the
SSMs along with various enhancement strategies (Section 3). After summarizing the audio thumbnailing procedure (Section 4),
we report on our segmentation experiments (Section 5) and give
an outlook on future work (Section 6).

2 Audio Features
Chroma-based audio features have become a widely used tool
in processing and analyzing music data [5–11]. Assuming the
equal-tempered scale, the term chroma refers to the elements of
the set {C, C♯ , D, . . . , B} that consists of the twelve pitch spelling
attributes as used in Western music notation. The resulting 12dimensional chroma vectors express how the short-time energy of
the audio signal is distributed over the twelve chroma bands [5].
There are many ways of computing chroma features, which results in a large number of chroma variants with different properties [5, 7, 8]. Following [5], we employ a multirate filter bank
technique to first decompose the audio signal into pitch subbands
that correspond to the semitones of the equal-tempered scale (intuitively, these semitones correspond to the keys of a standard
piano). Then, adding up the pitch values that belong to the same
chroma, one obtains a chroma representation (or chromagram),
1 www.liederenbank.nl
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Temporal Smoothing
As first matrix enhancement strategy, we apply a smoothing filter along the direction of the main diagonal, which results in an
emphasis of diagonal information in S and a denoising of other
structures, see also [7, 9–11] for similar strategies. This form
of filtering, however, typically assumes that the tempo across the
subsequent stanzas is more or less constant. In the presence of
significant tempo differences, however, simply smoothing along
the main diagonal may smear out important structural information. To avoid this, we use a strategy that filters the SSM along
various gradients as proposed in [9] covering tempo variations of
roughly ±30 percent. Obviously, choosing an appropriate value
for the smoothing length parameter constitutes a trade-off between enhancement capability and level of detail. A suitable parameter depends on the kind of audio material.4 See Figure 2c
for an illustration and [9] for details.
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3 In the following, we simply use the cosine measure, i. e., the inner
product between normalized chroma vectors. Since the chroma vectors
only have positive entries, this yields a value between 0 and 1.
4 In our folk song experiments, we use a smoothing length corresponding to 6 seconds. This also takes into account that the length of an individual stanza is above this value.
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for n, m ∈ [1 : N]. Introduced to the music context in [13], such
matrices have turned out to be a powerful tool for revealing repeating patterns of X. In particular, each diagonal path (or stripe)
of high similarity running in parallel to the main diagonal of S
indicates the similarity of two audio segments (given by the projections of the path onto the vertical and horizontal axis, respectively), see [14].
For example, Figure 2a shows an SSM for the first eight stanzas A1 A2 A3 A4 A5 A6 A7 A8 of the field recording OGL19101. The
highlighted path encodes the similarity between A2 and A3 . If
the eight segments would be close to being exact repetitions, one
would expect a “full” path structure as indicated by Figure 2f.
However, due to the mentioned spectral and temporal deviations
between the sung stanzas, the path structure is in general highly
distorted and fragmentary. We now introduce various enhancement strategies to improve on the path structure of the SSM.
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3 Self-Similarity Matrices
Let X := (x1 , x2 , . . . , xN ) be the feature sequence consisting of the
chroma features as described above. Furthermore, let s be a similarity measure that allows for comparing two chroma features.3
Then one obtains an N × N self-similarity matrix (SSM) by comparing the elements of X in a pairwise fashion:

(b)

1

A8 120

Time (sec)

see also Figure 1b. The resulting chroma features are further processed by applying suitable quantization, smoothing, downsampling, and normalization operations resulting in enhanced chroma
features referred to as CENS (Chroma Energy Normalized Statistics) [5].2 In the following, we use a feature resolution of 2 Hz
(two feature per seconds).
Chroma features capture information that closely correlates
to harmonic and melodic properties of the audio recording [5].
Since in our scenario we are dealing with monophonic music
(one note at a time sung by a single voice), we exploit this fact by
adding a fundamental frequency (F0) estimation and quantization
step. More precisely, we estimate for each time frame the fundamental frequency as in [12] and then determine the pitch whose
center frequency is closest to the fundamental frequency. Then,
in the pitch decomposition, we assign energy only to the subband
that corresponds to the determined pitch. Doing so, the features
gain in robustness towards deviations caused by the singers’ intonation problems, vibrato effects, as well as background noise,
see also Figure 1c.
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Figure 2:
Self similarity matrices for the first eight stanzas of the folk song OGL19101. (a) SSM computed from
CENS features. The highlighted path encodes the similarity of
A3 and A2 . (b) SSM computed from F0-enhanced CENS features. (c) Path-enhanced SSM. (d) Thresholded and normalized
SSM S.6 (e) Transposition-invariant SSM Strans . (f) Fluctuationinvariant SSM Sfluc .
Thresholding and Normalization
We further process the SSM by suppressing all values that fall
below a given threshold. Using normalized chroma features and
the cosine measure as similarity measure, all values of the SSM
are between 0 and 1. Using a suitable threshold parameter τ > 0
and a penalty parameter δ ≤ 0, we first set the score values of
all cells with a score below τ to the value δ and then linearly
scale the range [τ : 1] to [0 : 1], see Figure 2d. The thresholding introduces some kind of denoising, whereas the parameter δ
imposes some additional penalty on all cells of low score. Intuitively, we want to achieve that the relevant path structure lies in
the positive part of the resulting SSM, whereas all other cells are
given a negative score. Note that different methods can be used
for thresholding such as using a predefined threshold or using a
relative threshold to enforce a certain percentage of cells to have
positive score [11].7 Again we denote the resulting matrix simply
by S.
Transposition and Fluctuation Invariance
As mentioned above, the non-professional singers of the folk
songs often deviate significantly from the expected pitches and
6 For visualization purposes, to make the effects clearer, we have used
an absolute threshold τ = 0.8 in (d), (e), and (f).
7 In our experiments, we choose the threshold in a relative fashion by
keeping 40% of the cells having the highest score and set δ = −2. These
values were found experimentally. Slight changes of the parameters’ values did not have a significant impact on the final segmentation results.
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Figure 3: Path families and induced segment families for two
different segments α for OGL19101. (a) α = [83:98] (thumbnail,
maximal fitness, corresponding to stanza A6 ). (b) α = [66 : 98]
(corresponding to stanzas A5 A6 ).
have serious problems with the intonation. Even worse, their
voices often fluctuate by several semitones downwards or upwards across the various stanzas of the same recording. For example, in the case of the OGL19101 recording, the singer’s voice
constantly increases in pitch while performing the stanzas of this
song. As a result, many expected paths of the resulting SSM are
weak or even completely missing as illustrated by Figure 2d.
Note that one can simulate transpositions (shifts of one or
several semitones) on the feature level simply by cyclically shifting a chroma vector along its twelve dimensions [15]. Based on
this observation, we adopt the concept of transposition-invariant
self-similarity matrices as introduced in [16]. Here, one first computes the similarity between the original feature sequence and
each of the twelve cyclically shifted versions of the chromagram
resulting in twelve similarity matrices. Then, the transpositioninvariant SSM, denoted by Strans , is calculated by taking the
point-wise maximum over these twelve matrices. As indicated
by Figure 2e, many of the missing paths are recovered this way.
The cyclic chroma shifts account for transpositions that correspond to the semitone level of the equal-tempered scale. However, when dealing with the folk song field recordings, one may
have to deal with pitch fluctuations that are fractions of semitones. One strategy may be to introduce an additional tuning estimation step to adjust the frequency bands used in the chroma
decomposition [6, 8] and then to compute the SSM from the resulting features. This strategy only works, when one has to deal
with a global de-tuning that is constant throughout the recording. For the field recordings, however, one often has to deal with
local pitch fluctuations. Actually, for many recordings such as
OGL19101, the singer continuously drops or raises with her voice
over the various stanzas. This leads to local path distortions and
interruptions (see Figure 2e). To compensate for such local detunings, we further sample the space of semitones using different
multirate filter banks corresponding to a shift of 0, 1/4, 1/3, 1/2,
2/3, and 3/4 semitones, respectively, see [6]. Using the resulting six different chromagrams together with the twelve cyclically
shifted versions of each of them, we compute 72 similarity matrices as above and then take the point-wise maximum over these
matrices to obtain a single fluctuation-invariant SSM, denoted by
Sfluc . This strategy leads to further improvements as as illustrated
by Figure 2f, which now shows the expected “full” path structure.

4 Thumbnailing Procedure
In view of our folk song segmentation task, the enhancement of
the self-similarity is one main step in order to achieve robustness
to spectral deviations. To deal we temporal deviations, we apply a
segmentation approach as proposed in [4]. Since in our scenario
the recording basically consists of repetitions of a single tune,
the segmentation problem reduces to a thumbnailing problem. In
general, the goal of audio thumbnailing is to find the most representative and repetitive segment of a given music recordings, see,
e. g., [7, 17, 18]. Typically, such a segment should have many (approximate) repetitions, and these repetitions should cover large

Table 1: Precision, recall, and F-measure values for the
reference-based segmentation method [3] and the reference-free
approach described in this paper.

parts of the recording. Let α = [s : t] ⊆ [1 : N] denote a segment specified by its starting point s, end point t, and length
|α | := t −s+1. In [4], a fitness measure is introduced that assigns
to each audio segment α a fitness value ϕ (α ) ∈ R that simultaneously captures two aspects. Firstly, it indicates how well the
given segment explains other related segments and, secondly, it
indicates how much of the overall music recording is covered by
all these related segments. The audio thumbnail is then defined
to be the segment α ∗ having maximal fitness ϕ over all possible
segments.
In the computation of the fitness measure, the main technical
idea is to assign to each audio segment α a so-called optimal path
family over α that simultaneously reveals the relations between α
and all other similar segments. One main point is that each path
family projected to the vertical axis induces a family of segments,
where each element of this family defines a segment similar to α .
The induced family of segments defines a segmentation of the
audio recording.
As an example, Figure 3 shows path families and induced
segment families (vertical axis) for two different segments (horizontal axis) for our running example OGL19101. In Figure 3a
the segment is α = [83:98], which corresponds to the sixth stanza
A6 . The induced segment family consists of eight different segments, which correspond to the eight stanzas A1 , A2 , . . . , A8 . Figure 3b shows the path family and induced segment family for
α = [66 : 98], which corresponds to the two subsequent stanzas
A5 A6 . Here, the induced segment family consists of four segments corresponding to A1 A2 , A3 A4 , A5 A6 , and A7 A8 . The fitness value of a given segment is derived from the corresponding
path family and the values of the underlying SSM. It is designed
to slightly favor shorter segments to longer segments, see [4]
for further details. In our example, it turns out that the fitnessmaximizing segment is indeed α ∗ = [83 : 98]. The induced segment family is taken as final result of our segmentation problem.

5 Experiments
We now report on our segmentation experiments using the same
dataset as used in [3] containing 47 field recordings of the OGL
folk song collection with a total runtime of 156 minutes and their
manually annotated segment boundaries. The results obtained by
the reference-based method [3] serve as baseline in our experiment.
For the evaluation, as in [3], we use standard precision, recall and F-measures expressing the accuracy of the segmentation
boundaries. To this end, we check to what extent the 465 manually annotated stanzas of the evaluation dataset have been identified correctly by the segmentation procedure. More precisely, we
say that a computed starting boundary is a true positive, if it coincidences with a ground truth boundary up to a small tolerance
of ±2 seconds. Otherwise, the computed boundary is referred to
as a false positive. Furthermore, a ground truth boundary that is
not in the tolerance window of a computed boundary is referred
to as a false negative. We then compute precision P and recall R
values and define the F-measure as F := 2 · P · R/(P + R).
Table 1 shows the results obtained for our reference-free segmentation procedure as well as the results of the reference-based

method for comparison. Using the original self-similarity matrix S derived from the original CENS features to determine
the fitness maximizing segment α ∗ , our reference-free method
yields an F-measure value of F = 0.652. Using our F0-enhanced
CENS features to increase the robustness against background
noise and small local pitch deviations, the F-measure increases
to F = 0.717. As mentioned before, dealing with field recordings performed by non-professional singers under poor recording
conditions, the matrix enhancement strategies as introduced in
Section 3 are extremely important for obtaining robust segmentations. In particular, because of the continuous intonation and
pitch shifts of the singers, the concepts of transposition and fluctuation invariance significantly improve the segmentation results.
For example, using the transposition-invariant SSM Strans , the Fmeasure value increases to F = 0.821. Furthermore, when using
the fluctuation-invariant SSM Sfluc that even accounts for shifts
corresponding to fractions of a semitone, the F-measure value
further increases to F = 0.860.
Assuming some prior knowledge on the minimal length of
a stanza, the results can be further improved. For example, to
avoid over-segmentation [19], one may consider only segments
α satisfying |α | ≥ 10 seconds, which results in F = 0.872, see
Table 1. This result is still worse than the results obtained from
the reference-based approach (F = 0.926). Actually, a manual inspection showed that this degradation was mainly caused by four
particular recordings, where the segmentation derived from α ∗
was “phase-shifted” compared to the ground truth. Employing a
boundary-based evaluation measure resulted in an F-measure of
F = 0 for these four recordings. Furthermore, we found out that
these phase shifts were caused by the fact that in all of these four
recordings the singer completely failed in the first stanza (omitting and confusing entire verse lines). In these cases, the stanza
transcript used in the reference-based approach corresponds to
the remaining “correct” stanzas. As a result, the reference-based
approach can better deal with this issue and is able to recover at
least the boundaries of the remaining stanzas.
In a final experiment we simulate a similar behavior by replacing the four recordings using a slightly shortened version,
where we omit the first stanzas, respectively. Repeating the previous experiment on this modified dataset produced an F-measure
of F = 0.949, which is already exceeding the quality obtained by
the baseline method. However, there are still some boundaries
that are incorrectly detected by our approach. A further investigation revealed that most errors correspond to boundaries that
are slightly misplaced and do not fall into the ±2 seconds tolerance. In many of these cases, there is a short amount of silence
between two stanzas, which also introduces some uncertainty to
the manually annotated ground-truth boundaries.

6 Conclusions
In this paper, we presented an approach for automatically segmenting folk song field recordings in a robust way even in the
presence of significant temporal and spectral distortions across
repeating stanzas. One crucial step in the overall segmentation
pipeline was to employ various enhancement strategies that allow
for dealing with theses distortions already on the feature and SSM
levels. Our experiments showed that one obtains good segmentation results having a similar quality as the ones obtained from
a previously suggested reference-based method. The described
segmentation task is only a first step towards making the audio
material more accessible to performance analysis and folk song
research. For the future, it would be interesting to develop further tools that allow a folk song researcher to conveniently screen
a large number of field recordings in order to detect and locate
interesting and surprising features worth being examined in more
detail by domain experts. This may open up new challenging
and interdisciplinary research directions not only for folk song
research but also for music information retrieval and music cognition.
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