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ABSTRACT

In this paper, we present a novel approach to beat trackialg ev
uation, based on finding the error between automaticallggen
ated beat locations and ground truth annotations. The &rror
normalised to the current inter-annotation-interval hstiat the
greatest observable error can £1€50% of a beat. We form a
histogram of normalised beat error, from which we estimiage t

total number of correct beats. To reflect the metrical ambigu
ity of human subjects tapping in time to music, both measures
are re-evaluated to allow for beats to occur at double or half
the annotated metrical level. This leads to multiple measur
of beat accuracy, which can be harder to interpret than desing
all-encompassing value of accuracy.

The difficulties with beat evaluation are not limited to gexing
multiple measures of accuracy. The use of thresholds inidgfin

entropy as a measure of beat tracking performance, where lowgjiowance windows around ground truth annotations cankeso

entropy indicates accurate beat locations, with the caeveue

for high entropy. We evaluate the performance of a human tap-

per in conjunction with three published beat tracking althons

problematic. Dixon [1] defines a fixed window ©f70ms around
each annotation, in which a beat must fall for it to be aceurat
For songs with a fast tempo the70ms window will cover a

over an annotated test database and compare the results of oyyreater proportion of the current inter-annotation-wa(IAl),

entropy based approach to existing evaluation methods.
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1. INTRODUCTION

The task of beat tracking of musical audio is well known and
conceptually quite simple; the aim being to replicate thean
ability of foot-tapping in time to a piece of music [1]. Retign

as techniques have improved, automatically extractedtimes
have increasingly been used as a musically meaningful texhpo
segmentation for higher level analysis, for example in dhes-
timation [2], structural segmentation and thumb-nailiBydnd
rhythmic pattern classification [4].

While many approaches exist for beat tracking (e.g. [1, paB]
important related area which has received less attentitimais

of evaluation — the problem of defining a suitable measure of
beat accuracy. Given an agreed means of evaluation anatlyubli
available annotated test databases (containing handdetirdat
locations), the ability to reliably compare the performanédif-
ferent algorithms becomes much simpler. However, at ptesen
there are no freely available databases, nor an agreed dnetho
ology for beat tracking evaluation. As a result, reseachse
private databases [7, 5] and evaluate beat accuracy usging th
own metrics (e.g. [1, 5, 8, 9]), making comparative studiesim
harder to undertake.

For a given piece of music, where generated beat locatians ar
compared to ground truth beat annotations, most existirtg-me
ods (e.g. [1, 5, 9]) classify individual beats as correctnoor-
rect based on whether they occur within a pre-defined allogan
window around a particular ground truth annotation. Theale
accuracy for the piece is then given as the mean of the agcurac
of each beat. Similarly, the mean of each piece is taken te ind
cate the accuracy over a test database of many pieces.

Klapuri et al [5] adopt a continuity based approach, where a
given beat is only accurate if it falls within a specified alfmce
window and the same is true of the previous beat. Accuracy is
calculated in two ways, first as the ratio of the longest canti
ously correct segment to the length of the input and thenes th
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(the time between successive beat annotations) than feeslo
songs, and will therefore be biased towards music with &fast
tempo. This bias can be removed by defining a tempo-dependent
threshold, where beats are accurate if they fall within % d§

the current IAl, as in [5, 6, 9]. However this does not address
a more inherent problem of using thresholds, that a beateat th
edge of an allowance window would be deemed accurate, but
the same beat would be inaccurate if it occurred 1ms laten ev
though human listeners are incapable of discriminatingzéeh
events at this time scale [10, p.29].

The motivation for our approach to beat tracking evaluaiscio
provide a single measure of beat accuracy that is easy tpiste

and does not rely on a fixed threshold. We achieve this, not by
classifying individual beat accuracy, but by measuring e

error. We extract the time between each beat and the nearest
ground truth annotation and normalise it by the current tal (
give a maximum error of=50% of a beat). We then formulate

a histogram of normalised beat error and estimate its eptrop
High entropy will result from a uniform distribution, whebeats

are randomly distributed across the musical piece and geovd
information about the locations of the ground truth annotest
Conversely, an entropy of zero will arise when all beats are e
actly equal to all annotations. To permit comparisons ajain
other evaluation metrics, we invert and normalise the @gtto

give a beat accuracy measure between 0 and 100%. We evaluate
the performance of three published beat tracking algostand

a human tapper over a large annotated test database usieig-our
tropy based measure and compare results to existing eialuat
approaches.

2. APPROACH

To pursue an objective approach to beat tracking, a sequence
of ground truth beat annotations is required against whieh t
output of a beat tracker can be compared. The first step in our
evaluation method is to find the error between the beats and th
annotations. For each ground truth annotatigrwe could mea-
sure the distance to the nearest bgatowever this would limit

us to analysis of the annotated metrical level [8, 6]. Towallo
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Figure 1. Calculation of beat erraf; , from beat annotations; and beat locations;.

us to measure each metrical level simultaneously we partiti

variance, the entropy gives a measure of peakiness of the

the input signal into beat length segments, each centred on adistribution, therefore rewarding beats that are consilstee-

ground truth annotation, and extract all beajghat fall within
this range,

Ya =T a;j —Aj_1 <y <a; +Aj @)
where A, = 2—i= and A} = 21-% represent the

boundaries of the beat length segment aroundWe now find
the beat erro(; , as the distance between eaghanda;, nor-
malised to the current IAl. The furthest any begatcan be from
the nearest annotation is bounded betwe&0% and50% of a
beat as shown in figure 1,
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If beats are tapped at a metrical level above the annotated lo
tions, e.g. every other beat is close to an annotation, thene t
will be instances where no beagg occur within each annotation
centred beat segment. To overcome this missing data, wgnassi
the error valu€; ;, = U, whereU is a uniformly distributed ran-
dom variable in the range-0.5, 0.5), equivalent to a beat error
between—50% and50%.

To provide a visual insight into the performance of a beatkra
ing system, we can formulate a histogram of beat error. If we
believe that the beats are accurate (i.e. close to the aiorsh

then we can expect to observe a histogram that resembletaa del

function, with a strong peak &t error. In the worst case, where
beats are randomly distributed, and bear no relevance tarthe
notations, we can expect a wide, uniform-like distribution

lated to the ground truth annotations, but is blind to thericeit
level or phase shift at which the beats occur. We calculate th
entropy as

o 1
H= ;log — 3
;xk 0g - 3)
where there ardS bins andz;, are the heights of the bins. The
histogram bins are normalised such thaf_, z;, = 1 and to
maintain a real-valued output, > 0 for all k. As shown in [11]
the entropy is non-negative and bounded between 0 in the best
case, where beats exactly equal the annotationdagid) for
the uniform case. We can invert and normalise the entropyeval
to give a measure of beat accura@ybetweerd and100%,

~  H lo%(K) @)
log(%)

The normalisation removes any dependency on the number of
bins used in the beat error histogram, however we empiyicall
set K = 40. To give an overall measure of accuracy for a test
database of multiple files we have two options. First, we @ c
culate the normalised entro;fyn for each filen in the database,
and find theMean entropy H,, as

N

S A
n=1
Alternatively, we can form a single histogram of beat eriar f

all files in the database (as shown in figure 2) with the entropy
calculated once using eqn. (3) but replacingwith the mean

* 100%.

i 1

n=% (%)

Figure 2 shows four example beat error histograms, those of apin heightz,, over all N files,

human tapper and three beat tracking algorithms, geneiratad
the test database used in section 3. In addition to a straalg pe
centred at0% error, we can also observe significant peaks at

+50% of a beat. These outer peaks occur either as result of

tapping consistently on the off-beat (in anti-phase to tieoa
tations) or tapping at twice the annotated rate, where Hateo
beats will be close t6% error and the remaining beats split be-
tween+50% and—50% error.

When looking to extract a quantitative measure of beat aoyur
from a beat error histogram, we might first consider the veéa
expecting it to be inversely proportional to beat accur&tyw-
ever the outer peaks of the distribution, which must be abnsi
ered at least partially correct, would distort the varianebere
as erroneous beats that were closed% error would not. As
an alternative we extract the information theoretic measir
entropy [11] from the beat error histogram. In contrast ® th

(6)

After which we can normalise the entropy using eqn. (4) tegiv
a measure oBlobal entropy H,.

3. RESULTS

We include results for our evaluation measures over a beat an
notated test database containing 222 files, each one minute i
length over six musical genres: Dance, Rock, Jazz, Cldssica
Folk and Choral. For further details see [7, 6]. For comuaris
against our entropy based approaches, we include the tealua
method used by Dixon [1] as well as the continuity based ntetho
of Klapuri et al [5] also used in [6].
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Figure 2. Beat error histograms. Clockwise from Top Right: Dixon [K]apuri et al [5] labelled KEA, Davies and Plumbley [6]

labelled DP, and a Human tapping performance.

Dixon’s [1] measure of beat accuracy is calculated as fallow

hits

s
T B p - 0%

Dixonace = (7
where a ‘hit’ is defined as a beat that occurs withirvOms of

an annotated beat locatiorF'™ refers to the number of false

tapper to be the highest performing, and as shown in [6] the hu
man is more successful in finding the correct metrical level a
the on-beat than the algorithmic approaches, but that beal-I
isation is often poorer. We can confirm this by inspectionhef t
beat error histograms in figure 2. Very few beats occu#1%

for the human but the main peak, centred0$f error, is wider

positives, i.e. the number of beats which are not matched to than that of KEA and DP. In order for the Mean entropy for the

any annotation and’~ which refers the number of unmatched
annotations, or false negatives.

The continuity based beat evaluation approach [5, 6] diffierm
Dixon’s [1] method as it requires beats to dmmtinually correct.
Beats must be within7.5% of the nearest annotaticand the
local tempo must not differ by more tharr.5%. In all, four

human to be lower than KEA and DP, we infer that a greater
proportion of very accurate cases with high normalisedogmtr

H,,, outweigh the more consistent, but generally less accurate
human performance. This suggests that the human beat error
histogram is a more realistic representation of the perémce

for a given file, but the algorithmic histograms will vary ifinan-

measures of beat accuracy can be calculated. These allow fo2ccurate uniform-like up to accurate delta-like distrions. We

continuous tracking at the correct metrical level (CML Qotite
total number of correct beats at the correct metrical |e@&I(
total). Both measures can then be recalculated allowinghfor
beats to be tapped at twice or half the annotated level,rezfer
to as the allowed metrical levels, giving AML cont. and AML
total. We retain only the strictest, CML cont. and the letritts
AML total. A more detailed description may be found in [6].
Results for our entropy based approach and those deschbbed a
are given in Table 1 illustrating the performance of a human
tapper and three published beat tracking algorithms: D[gdn
Davies and Plumbley [6] (labelled DP) and Klapuri et al [}(1
belled KEA).

4. DISCUSSION

The first observation about the results is that the entroggda
measures appear much stricter than the other evaluatidm met
ods. The principal reason for this being th@b% accuracy is
not possible unless the beats are equal to the annotatibesew
as with the Dixon [1] and continuity based approaches [6] per
fect tracking is possible if beats are consistently witlhia &l-
lowance windows. We should also note that the relative arder
the algorithms is not consistent across all evaluation oreas

therefore believe the Global entropy measure to be more-info
mative than the Mean entropy.

To further inspect the differences between the evaluatiea-m
sures, we analysed each evaluation method with artificpaltin
data. To create the artificial data we took the ground trutit be
annotations and gradually degraded the performance rpartu
beats with uniform distributions of increasing width. Figu8
shows the effect of increasing the width of the uniform distr

tion from a relative error o2.5% of a beat, in2.5% steps, up

to totally random with100% beat error. We can observe that
all but the entropy approaches remaii0% accurate even for a
beats perturbed by a uniform distribution of width2f% (i.e.
+10% around each annotation). We also note that none of the
approaches are linear. Therefore observing an accuragy%6f

for algorithm A would not be twice as good as algorithm B at
40%, as the numbers alone might suggest. It can be shown that
the entropy of an exactly uniform distribution with a fixednmu

ber of bins is equal tdog(n), where there are bins of height
1/n. Although the Global entropy curve is not linear, it is at
least log-linear, so some meaningful relative comparissombe
made between competing algorithms. The Mean entropy curve
is always greater than or equal to the Global entropy curse, a
the two can only be equal when every beat error distributgon i

The Mean entropy and CML cont. place the human tapper as lessperfectly uniform, as any irregularities in bin height widduce
accurate than KEA and DP, although for the remaining measure the entropy and therefore increase the normalised beataaycu
the human is most accurate. Under all measures the Dixon [1] A current limitation of our approach is that the entropy ocalc
approach is weakest. Intuitively we should expect the human lation is shift-invariant with respect to the ordering of the his-



Beat Mean Global CML AML Dixon
Tracker || Entropy (%) | Entropy (%) | Cont. (%) | Total (%) | Acc. (%)
Human 33.7 20.1 52.8 87.7 77.2

DP[6] 36.8 14.2 54.8 78.7 61.5
KEA[5] 38.3 15.5 55.8 80.1 64.6
Dixon[1] 23.2 5.5 21.9 52.0 354

Table 1. Beat accuracy results. The performance of a human tapphrtiiée published algorithms are compared over our two
proposed entropy measures, two continuity based measora€Xavies and Plumbley [6] and Dixon’s [1] approach.
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