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ABSTRACT sider this approach the current state of the art for downbeat
We introduce a method for detecting downbeats in musicatstimation.

audio given a sequence of beat times. Using musical know|n this paper we introduce a spectral difference approach to
edge that lower frequency bands are perceptually more imgownbeat estimation. Although related to Goto’s approach
portant, we find the spectral difference between band<ithit [2] we propose that percussive events and harmonic change
beat synchronous analysis frames as a robust downbeat indtan be used implicitly within a single spectral represéoiat
cator. Initial results are encouraging for this type of &/t tg infer downbeats. We require a sequence of beat times and
the time-signature of the input signal to be known a priori —
1. INTRODUCTION both of which are detected within our previously developed

eros aproacne i r v o of bt kP36 S [, e prion ot sl i
(e.g.[1, 2, 3, 4]), that of replicating the human ability apt g

ping in time to music. However much less attention has beefd9€ that lower pitched events are perceptually more impor-

; ; i ; -tant [4] by preserving spectral information within the rang
given to higher level metrical analysis. One such problem isa" . .

the extraction of downbeats from musical audio i.e. finding?—1-4kHz. We c;alculate the KuIIback—Le|bIerdlvergence be
thefirst beat of each bar. ween successive beat frames to form a spectral difference

A robust downbeat extractor could be of considerable usfinction. Downbeats are selected as those beats which glob-
within the context of music information retrieval: to enabl ally 1ead to most spectral change.

fully automated rhythmic pattern analysis for genre classi We evaluate our downbeat model against that of Klapuri et

cation [5]; to indicate likely temporal boundaries for stru  al [7], with initial results indicating better performantar

tural audio segmentation [6]; and to improve the robustnesgur model. However, current analysis is restricted to cases
of beat tracking systems by applying higher level knowledgevhere the time-signature does not change and the tempo is
[7]. approximately constant.

The principal difficulty appears not in finding the number of
beats per bar, théme-signaturebut resolving the phase of

the bar-level periodicity [7]. While this might appear a sim W Audio Input

ple task, very few techniques have been found effective for

solving this particular problem.

Goto [2] presents two approaches to downbeat estimation:

for percussive music, automatically detected kick andesnar

drum events are compared to pre-defined rhythmic tem- Onset
. . Detection

plate patterns; for non-percussive music, short-termtsglec Function

frames (band-limited to 1kHz) are peak-picked and then his-

togrammed into beat length segments, where chord changes

are used to infer higher level metrical structure. The two | Beat

methods are combined within a single rhythm tracking sys- tracker

tem [2] which is shown to be highly accurate and operates in EERREY

real-time. Goto’s system however, has only been fully teste

on a popular music database and restricted to music in 4/4

time with a constant tempo between 61 and 120 beats per Lol

minute (bpm). Downbeat extractor
Klapuri, Eronen and Astola [7] propose a meter tracking 1 |

system which uses comb filter analysis within a probabilis-
tic framework to simultaneously track three metrical level
thetatum tactusand measure. The phase of measure-level
events, i.e. downbeats, are identified by matching rhythmic
pattern templates to a mid-level representation calcdilise The remainder of this paper is structured as follows. In sec-
four parallel sub-bands, where most emphasis is given to th#on 2 we describe our approach to downbeat extraction. Sec-
lowest of these bands. Klapuri et al present results over #ion 3 contains results from an objective and subjectivé-eva
more varied test database than Goto’s algorithm [2] and inuation of our system with discussion and conclusions in sec-
clude cases which exhibit tempo variation. We therefore contions 4 and 5.

Figure 1:Overview of downbeat extraction model



2. APPROACH We derive a spectral difference functi@{m) using the In-
Our approach requires that the beat locations and timesi nformation Theoretic measure, Kullback-Leibler (K-L) dive
pp q 9 gence [9] (fig 2(d)). To ensure a real-valued output we add a

g;rguorfgzgt'?r%%tki'gggltﬁ;ef:?&vgg fo”glrj'} \s/vitlésrﬁ (t][i]e f)UtgrL]‘ egligible non-zero constant to each spectral frame amd the
y 9-) ormalise it to sum to unity

provide a brief overview in the following section. A more

detailed description can be found in [1]. N/2 N
D(m) = 3 (1) logy o2 ©)

2.1 Beat Tracker Overview o wzl e Xms1(w)

The first stage in the beat tracking algorithm is the transfor ] ]

mation of an input audio signal (fig 2(a)) into a mid-level Initial experiments showed K-L divergence to be more effec-

representation from which beat times can be robustly identiive than using Euclidean distance, a result also obseryed b

fied. We use theomplex spectral differenaenset detection Hainsworth and Macleod [10] who detect harmonic change

function [8] (fig 2(b)). A sequence of beat timggis recov-  for note onset detection. .

ered by passing the autocorrelation function of the deacti Given the number of beats per bgrwe calculate a signal

function through a shift-invariant comb filterbank to extra 1(¢) as the measure of spectral change at each downbeat

the beat period. This is then used to identify the phase dgfandidatep =1,....1

the beats by cross-correlating the detection function aith

impulse train with impulses at beat period intervals. _ M
We classify the time-signature of the input by comparing n)= Z D(T(m-1)+4¢) 6)
. ) . . m=1

the energy at integer multiples of the beat period in the-auto

correlation function of the detection function whereM is the number of complete bar length segments. We
then extract the beat leading to most spectral changas

r(2T) + 1 (4T0) > 1 (3To) +1(61p) (1) the index of the maximum value im(¢)
wherer is the autocorrelation function arrg is the beat pe-
riod. If the above condition holds, we infer duple time and ¢g =arg rr‘})am(qb) (7

sett = 4, else we assume triple time and set 3.

Our model is able to follow local expressive timing variaiso  Assuming a steady tempo, we may then extract the down-

and detect tempo changes, and uses context-dependent infpeatsy, from the beat indiceg, by setting

mation to enforce contextual continuity with a single tempod — (m— 1)1+ ¢q.

hypothesis. Results in [1] indicate comparable beat tragki

performance to the current state of the art [7]. (a) Input Audio Signal
1F T T

2.2 Detecting Downbeats 0

Given the beats and time-signature, we partition an injtsi -2 -
nalx(n) sampled affs = 44.1kHz into beat length segments
Xm(n). To retain the perceptually important lower end of the ‘ :
spectrum we resample the beat segments at (fs/16) ~ ol

2.8kHz. Experiments suggest that the precise spectral range MMM\/\JMW
is not critical, so for convenience we downsample the audio™, 5 4 6 s 10 12 time (s)
by a factor of 16. We then find the spectrim(w) of the (c) Beat length spectral frames

m" band-limited beat segment

2 4 6 8 10 12 time (s)
(b) Onset detection function with beat locations
1r : : . . :

N/2 i 2w

Xon(@) = 3 winsn(nje R @

(d) Beat spectral difference function with downbeats
1 . . . .

N = 512. To reduce the contribution of the least signif- *°
icant spectral components we apply an adaptive threshold.% 5 0 5
The threshold is defined as the convolution of the magnitude

spectrum of then" beat frameXm(w)| with an empirically ~ Figure 2: Top to bottom: (a) input audio signal; (b) onset detec-

Ny

25 beats

where, to account for varying beat length segments, we fix \ \ /
20

derived smoothing kernel, tion function with vertical lines indicating beat locat®n(c) band-
limited spectrum beat frames and (d) spectral differencetfan
H (02 w=1,...,5 3 with extracted downbeat indices.
() _{ 0  otherwise 3)
This is then subtracted fronXm(w)| to leave a modified 3. RESULTS

spectral framé&m(w) (fig 2(c
P () (flg 2(c)) We evaluate our approach to downbeat estimation in two

Xm(w) = [Xm(w)| = [Xm(w)| * H(w) (4) stages. First we present results from objective analysis,

R where extracted downbeats are compared to manually an-

« refers to the convolution operatofm(w) is half-wave rec-  notated values from a test database [3]. We then perform
tified to set any negative valued elements to zero. a subjective evaluation (on cases where the beat tracking is



Downbeat| Accuracy | Accuracy Table 1, confirm that accurate beat tracking significantly in
Algorithm | (181 files) | (72 files) creases downbeat accuracy.
KEA 40.8 % 69.9 %
DP B 52.6 % 81.2% 3.2 Subjective Analysis
[DPA | 724% | 764% |

An unexpected outcome of the objective evaluation (shown
in Table 1) revealed the downbeats to be more accurate in the
. ; ; lly automatic case (DP B) than when using the annotated
Table 1:Results for proposed approach using manual annotatlongu y . -
(DP A), beat tracker output: (DP B) and the Klapuri et al [7] al data (DP A), 81.2% compared to 76.4%. This was confirmed
gorithm: (KEA). Column 2 contains results across the full i through subjective audition of the 72 subset files in which we
database, with results for a subset of 72 accurately beemidiles ~ identified accurate downbeat assignment in 55, 61 and 53 in-
in column 3. stances for the DP A, DP B and KEA respectively. A graphi-
cal representation of the successes and failures of thelmode

. are shown in fig 3, where ‘1’ indicates a correct downbeat,
accurate) to characterise the types of errors made by the S¥5' 3' and ‘4’ represent the perceived location of erronso

tem. In both stages we compare the output of our algorithiy,ynpeats and ‘W’ refers to an incorrect time-signature es-
in a fully automatic setting, using our beat tracker [1] to-pr timate.

vide the r?%a; Z‘d'f}‘?sﬁ Iabeller? DP B, VYltgh a semi-automatiG o 55 many cases we also observed perceptually more con-
approac which uses the manual beat annotations. Wegient heat timing for the automatic models than for the an-
also include results from the Klapuri et al model [7], which

notated data, most evident in cases where the tempo was con-
we refer to as KEA. stant. From this we infer that inaccuracies in the localisa-
R . tion of the beats (the result of human annotation) are signifi
31 ObjectiveAnalysis cant when comparing beat length analysis frames, as spectra
The objective approach to evaluation compares the outpwuhanges can become blurred across beat boundaries, making
downbeat indicegy to downbeats; annotated by a trained them harder to detect, thus explaining why DP A was less
musician from a beat tracking test database [3]. The comsuccessful than DP B. We intend to investigate this in greate
plete database contains 222 files across six musical genrdstail within our future work.
(rock, dance, jazz, folk, classical and choral). Each eptcer
is between 30 and 60 seconds, mono and sampled at 44.1kt
with 16 bit resolution. We listened to the annotations farrea 70
example and removed those cases where the downbeat ¢
notations were ambiguous (predominantly the classical an
choral examples) or contained changes in time-signature ¢
tempo. We retained a total of 181 files upon which we testec
our algorithm.
For the automatic approaches (DP B and KEA) we define ¢
downbeatyy to be accurate if it falls within a specified al-
lowance window around the annotated vadyesuch that

I keA
Blo-:
[ Jopa

Number of Files

aj— 00 <yy<aj+6A (8)

WhereAJ-’ and AJ-+ are the previous and subsequent inter-

annotation intervals ané is the allowance window. In these
experiments we sél = 0.1 as used by Klapuri et al in their
recent study [7]. We recognise that when using the annotate
beats and time-signature for DP A, the accuracy for each fil¢
will either be 0 or 100%, results are included to indicate an
upper limit for accuracy of DP B. Results comparing DP B,

DP A and KEA are shown in column 2 of Table 1. . — I )
Figure 3: Subjective classification of downbeat locations. KEA
An accuracy of 72.4% for the proposed system DP A sug- I?Iapuri et al 1[7], DP B - proposed model using beats, DP A -

gests that spectral difference is an appropriate measure fgyoposed model using annotations. W refers to incorrea ig-
extracting the downbeat. The overall accuracy is lower fohature.

the fully automatic system DP B. This is as expected, since
errors in beat tracking and time-signature extraction ate n
urally carried over. However our approach is still more suc-
cessful than that of Klapuri et al [7]. 4. DISCUSSION

An intuitive observation from the results across the 181 fileOur initial results have shown that, for the test databasd,us
database is that the downbeat accuracy is only as good asr spectral difference approach is able to correctly itifer

the beat tracking performance. To further analyse the awdownbeat more reliably than Klapuri et al's [7] rhythmic tem
tomatic approaches we extracted a subset of files from thglate approach. We should note, however, that the most com-
test database retaining only those in which our algorithch anmon error made by the KEA method is in selecting the down-
Klapuri et al's [7] were found to bboth95% accurate in beat beat as the ‘3’ rather than the ‘1’, i.e. the downbeat offset
tracking (further details comparing the beat tracking perf by two beats. This behaviour is not replicated by our ap-
mance can be found in [1]). Results shown in column 3 ofproach which has a more uniform distribution of bad down-

2 3 4 w
Downbeat position



beat choices (fig 3). While selecting the ‘3’ is clearly not Matthew Davies is supported by a college studentship. This
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