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ABSTRACT Muraoka [4] developed a system to perform beat tracking indepen-
dent of drum sounds, based on detection of chord changes. This
system was not dependent on the drum sounds, but again limited to
simple rhythmic structures. Scheirer [5] took another approach, by
using a non-linear operation of the estimated energy of six band-
%ass filters as feature extraction. The result was combined in a dis-
crete frequency analysis to find the underlying beat. The system
Sorked well for a number of rhythms but made errors that related
to a lack of high-level understanding of the music. As opposed to
the approaches described so far Dixon [6] built a non-causal sys-
tem, where an amplitude-based feature was used as clustering of
inter-onset intervals. By evaluating the inter-onset intervals, hy-
potheses are formed and one is selected as the beat interval. This
system also gives successful results on simpler musical structures.

This paper presents a novel method for the estimation of beat in-
terval, and the exact location of the beats from audio files. As a
first step, a feature extracted from the waveform is used to iden-
tify note onsets. The estimated note onsets are used as input to
beat induction algorithm, where the most probable beat intervals
are found. The note onsets corresponding to the beat locations ar
then identified. Several enhancements are proposed in this work
including methods for identifying the optimum audio feature, a
novel weighting system in the beat induction algorithm and a sim-
ple robust method for identifying the beat locations. The resulting
system runs in real-time, and is shown to work well for a wide
variety of contemporary and popular rhythmic music.

1. INTRODUCTION There are a very large number of possible features to use in
segmentation and beat estimation. The approach adopted here
Beat estimation is the process of predicting the musical beat from consists of identifying promising audio features, and subsequently
a representation of music, symbolic or acoustic. The beat is in €valuating the quality of the features using error measures. Many
this work defined to represent what humans perceive as a binaryaudio features were found to be appropriate in beat detection sys-
regular pulse underlying the music. In western music the rhythm tems and one feature significantly better, although it is necessary
is divided into measures, e.g. pop music often has four beats pert© introduce a high-level model for beat induction from the se-
measure. The problem of automatically finding the rhythm include lected audio feature. The beat induction is done using a running
finding the time between beats, finding the time between measureshistogram, the beat induction histogram, which has been inspired
and finding the location of beats and measures. This work developstY the work of Desain [7]. The location of the beats, finally, is esti-
a system to find the time between beats and the location of the beafnated by a simple method that compares the weights of the peaks
from a sampled waveform in real-time. of the audio feature within one beat interval.
Beat estimation systems has many uses. Here we are primarily
interested irtontrolandsynchronizatiorof music. Specifically the
beat system has been implemented in the DJ software Mixxx [1],
where the tempo of the music can be controlled during playback
by tapping the beat, or using a conductors baton [2]. Furthermore 2. SYSTEM
synchronization of the beat of two tracks is supported, either auto-
matically or by visualization of the beat locations. For all of these
applications it is of primary importance to have a reliable output, Coupling the beat induction histogram with the beat location esti-
that is a beat interval measure which is slowly varying over time, mation results in a complete algorithm for finding the beat location
rather than jumping between integer multiples of the human per- and interval, as shown in figure 1. The algorithm consists of a fea-
ceived beat. ture extraction part, a peak detection algorithm, a beat induction
The beat in music is often marked by transient sounds, e.g. histogram for finding the beat interval, and finally the beat loca-
note onsets of drums or other instruments. Some onset positiondion estimation. It is implemented in the open source DJ applica-
may correspond to the position of a beat, while other onseteffall ~ tion Mixxx [1, 8] for automatic beat synchronization with external
beat By detecting the onsets in the acoustic signal, and using thisinput devices or other sound sources. The algorithm is applica-
as input to a beat induction model, the beat is estimated. ble not only to the beat synchronization of two audio files, but also
Goto and Muraoka [3] presented a beat tracking system, wheresynchronization of pre-recorded audio with live music, as the algo-
two features were extracted from the audio based on the frequencyithm operates in a causal way. The system requires little CPU time
band of the snare and bass drum. The features were matche@nd incorporates a minimum of adjustable parameters. It has been
against pre-stored drum patterns and resulted in a very robust sysdemonstrated to work well on wide variety of popular and contem-
tem, but only applicable to a specific musical style. Later Goto and porary music, including music with tempo changes or breaks.
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Sound input energy, but also relatively much high frequency energy.

$ Note onsets can be considered new information in the audio
file. Therefore the running entropy is also evaluated. The esti-
mation of the probability used in the entropy calculation is error
O TINEND T NSO WS prone, though, and this feature is rather noisy.
The note-onsets generally occur in the middle of the attacks,

but the features generally peak at the end of the attacks. To com-
No ,:iﬁ:T:éFﬁbE7(555/!;)76&59};\? pensate for this delay the time derivative is taken on the features.
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Feature extraction ‘

———————————— ’ The derivative of the amplitude has also been shown to be impor-
tant in the perception of the attack location [11].
Update Beat g The_features considered in the previous section all exhibit Iq-
Induction Histogram Mﬂ\/\/\ B cal maximums at most. of the perceptual note ongets. To |Qent|fy
terval i a note onset from a given feature_ a peak detection algorithm is
needed. The peak detection algorithm used here chooses all local

Beat Probability Vector:

\ | e maximums, potentially using a threshold,
Beat location? i .‘
E— = Time p=(Fn1 < Fn> Fupa) A(Fn 2 th) @

Yes
e eI where F' is an arbitrary audio feature and the threshold. In
,,,,,,,,,,,, o addition to the peak detection, a corresponding weightis also
calculated at each pedk corresponding to the time stépwhere
Figure 1:Block diagram of the complete system. pis true. This weight is later used in the beat induction histogram,
and in the detection of the beat locations.
To compare features, different pieces of music have been an-
3. AUDIO FEATURE SELECTION alyzed manually by placing marks at every perceptual note onset.
These manual marks are used in the comparison of the different
The basis of the beat estimation is one audio feature that respond$eatures. In all eight pieces were used, with an average of 1500
to the transient note onsets. Many features have been introducedound note onsets per piece. To select the optimum feature, three
in research of audio segmentation and beat estimation. This in-different error measures are used, based on matched peaks, that is
cludes parameters previously used in segmentation, discriminationpeaks located within a time threshold (20 msec) to a manual mark.
and auditory perception research. Some of the considerations emAn unmatched peak is located outside the time threshold from a
ployed in the choice of the features are processing speed, real-timenanual mark.
behavior, robustness and precision. The features considered in  The error measures used are the signal to noise ratio, the missed
this work are: amplitude, spectral centroid, high frequency energy, ratio and the spurious ratio. Generally the missed ratio rises when
high frequency content, spectral irregularity, spectral flux and run- the spurious ratio fall, and vice-verse. It is thus difficult to select
ning entropy, all of which have been found in the literature, apart the optimum audio features, and feature calculation parameters,
from the high frequency energy and the running entropy. since both low missed and spurious ratio is the optimization goal
In the following, a number of features are reviewed, a peak de- and they are mutually exclusive.
tection algorithm is described, and considerations for the selection ~ Aninitial analysis of the error values for all features and pieces
of the optimal feature are given. gives no clear indication of the best feature. However, it is clear
The features are all, except the running entropy, computed us-that several parameters perform poorly, in particular the amplitude,
ing the magnitude of a short time Fourier transform with a sliding the spectralirregularity, and the entropy. The best parameters seem
Kaiser window. All the features are calculated with a fixed block to be the spectral centroid, the high frequency content and the spec-
and step size. More information on these features can be found intral flux. An alternative evaluation method, involving determining
[9]. the signal to noise ratio for a predefined percentage of matched
The amplitude feature is useful for percussive instruments, Peats [9] demonstrates that the high frequency content (HFC) per-
such as the piano or guitar. However, it is often very noisy for forms significantly better than the other features, in particular for
other instruments and for complex music. Fundamental frequencythe block size2048 and4096 samples, which has the best over-
is difficult to use in complex music, since it is dependent on the es- all signal to noise ratio. The HFC is calculated as the sum of the
timation method. It has been used in segmentation of monophonicamplitudes and weighted by the frequency squared,
audio [1O]fWit:h good results, thougtg). A | Ny /2
One of the most important timbre parameters is the spectral _ n;2
centroid (brightness). The spectral centroid is a measure of the HFCn = Z (ai'") @)
relative energy at the high frequencies. Therefore it seems appro-
priate in transient detection, which contain relatively much high wheren is the current blockg, is the magnitude of FFT bih and
frequency energy. The spectral irregularity (SPI) and the spectral Vs is the block size. The block size is set2048 samples, and
flux (SPF) are two other features known from the timbre percep- the step size is set 24 samples.
tion research. These features react to the noise level and the tran-
sient behavior that often are indicators of beats. 4. BEAT ESTIMATION
An absolute measure of the energy in the high frequencies
(HFE) and the frequency weighted high frequency content (HFC) The analysis of the audio features has permitted the choice of fea-
are two interesting audio features because they indicate both highture and feature parameters. There is, however, still errors in the
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detected peaks of the chosen features. As described in other beat Current
estimation systems found in the literature, a beat induction system, | beat \:
that is a method for cleaning up spurious beats and introducing
missing beats, is needed. This could be based on artificial neu-
ral nets, as in [10], but this method demands manual marking of a
large database, potentially for each music style. Another alterna- o
tive is the use of frequency analysis on the features, as in [5], but k3

this system reacts poorly to tempo changes. Added with )

Some of the demands of a beat estimation system are stability weight ww,, .-~
and robustness. Stability to ensure that the estimation is yielding ;
low errors for music exhibiting stationary beats and robustness to t-t¥ )

. . X . . K ket / Added with
ensure that the estimation continues to give good results for music 1 ; " weight w.w
without stationary beats. In addition, the system should be causal, | tt S
and instantaneous. Causal to ensure real-time behavior, and instan-
taneous to ensure fast response. Finally, a tempo range is needed |
to avoid the selection of beat intervals that do not occur in the mu-
sic style. The tempo is chosen in this work to lie between 60 and
200 BPM.

These demands are fulfilled by the use of the memory-based
beat induction histogram that is based on the model of rhythm per- Figure 2: Selection of beats in the beat induction histogram. For
ception by Desain [7]. each new peak, a number of previous intervals are scaled and
added to the histogram. The maximum of the beat induction his-
togram gives the current beat interval.

Time Interval

interval

4.1. Beatinduction histogram

The beat induction histogram is a dynamic model of the beat inter-

vals that permits the identification of the beat intervals from noisy wherewy, is the weight of the peak. For simplicity, the time

features. Itis a histogram of note onset interval, as measured  weight W is omitted in this formula.

from the previous note onset. For each new note onset the his-  This simple model gives a strong indication of note boundaries

togram, H (At) is updated (along with its neighboring positions)  at common intervals of music, which permits the identification of

by a Gaussian shape at the intervals corresponding to the distancehe current beat interval.

to the previous peak. To maintain a dynamic behavior, the beat  an illustration of the calculation of the beat induction his-

induction histogram is scaled down and updated at each peak lotogram can be seen in figure 2. It consists of the estimated audio

cation, feature (top), the estimation of the current beat interval and the
 yrrtk—tr_1 B _ updating of the running beat induction histogram (bottom). The

H(At) =W H(At) + Gty —tr—1,At),At =0.. g;; current beat interval is found as the peak interval closest to the

where W is the time weight that scale down the weights of the maximum in the beat induction histogram, or at the maximum it-

older intervals, and- is a Gaussian shape which is non-zero at a self.

limited range centered aroumg — ¢t 1. The current beat interval

is set to the maximum in the beat induction histogram, or alter- 5. BEAT LOCATION

natively, tot, — tx—1 if the interval is located at the vicinity of

the maximum in the beat induction histogram. The memory of the Even though the selected audio feature (HFC), described in section

beat induction histogram allows the detection of the beat interval 3, gives a strong indication of the note onsets, and the beat induc-

in breaks with missing or alternative rhythmic structure. tion histogram indicates the most probable beat interval, there are
In [7] and in earlier work [9], multiples of the intervals are still many spurious and systematic peaks in the HFC in between

also increased. Since the intervals are found from the audio filethe beats. This corresponds to rhythmic information (nhote onsets)

in this work, the erroneous intervals are generally not multiples of that does not fall on the beat locations, and noise. Therefore, the

the beat. Another method must therefore be used to identify thebeat interval may be known, but the absolute position of the beat

important beat interval. is unknown.
In order to locate the peaks that correspond to the current beat
4.2. Update with multiple intervals location, the weight of the peaks are used. At every new peak, if

. o . . _ an interval to a previous peak corresponding to the current beat
To avoid a situation where spurious peaks create a maximum in thejnterval is found then the weight of this and all the shorter peak
histogram with an interval that does not match the current beat, itintervals are calculated. If the current peak is the strongest in the

is updated in a novel way. By weighting each new note and taking peat interval, it is assumed to be the beat location. Otherwise it is
multiple previous note onsets into account the beat induction his-jgnored.

togramH (At) is updated withV previous weighted intervals that The estimation of the beat locations is shown in figure 3. It
lie within the allowed beat interval, is clear that the correct beat onset (beat location) is larger than
N the other peaks in the current beat interval, as opposed to the ig-

H(At) = H(At)+z wrwi—i Gty —te_1,At), At =0...00 nored peaks, that all have larger beat onset within the interval. This
method avoids the use of a threshold, potentially dependent on the
4) music material or recording situation. There are, however, still

i=1
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Figure 3:Locating the absolute position of beats. The current beat
intervals are found using the beat induction histogram. A beat
location is identified when no larger peaks are within the current
beat interval. Beat locations are indicated by 'X’ on the time axis.

some potential problems, in case tifebeatpeaks are as strong as
theon beatpeaks, or if theon beatsare missing. These problems
are avoided by the use of a multiplication threshold; the current
peak is multiplied with a constant factor in case it is situated one
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7. CONCLUSIONS

This paper presents a complete system for the estimation of beat
interval, including the estimation of the exact location of the beat
in music. The system consists of the calculation of an audio feature
that has been selected from a large number of potential features.
A number of error measures have been calculated, and the best
feature has been found, together with the optimum block size, from
the analysis of the error measures. The selected feature is further
enhanced in a beat induction histogram. This histogram, which
keeps in memory the previous most likely intervals, renders an
indication of the current interval.

An extensive evaluation on 2164 songs has shown that the beat
estimation is robust and finds the correct beat before 6.7 seconds
on half the songs. The deviations of the beat location intervals to
the estimated beat interval were found to lie betwe&h msec.

The paper has presented several new features, a novel approach
to the feature selection, and a versatile beat estimation. In addi-
tion, the beat locations are estimated using a simple and reliable

beat interval later than the previous beat location. This enhancesyethod. It is computational relatively inexpensive and it is imple-

the probability that the right beat is selected.

6. EVALUATION

The tempo and beat estimation has been implemented in Mixxx

[8], and tested using a database of 2164 songs. The database con-

sist mainly of popular music, but it contains also classical and
techno music.
The performance of the system is satisfactory, although we

have found several cases where the result deviations from the ex-
pected. It seems, for instance, for some songs, that the correct 3]

tempo is easier found in the start of the song and a shift occur,
to an incorrect value, in a later part of the song, where more in-

struments are introduced. Some of the errors thus introduced can
be removed using a hysteresis function that puts more weight on (4]
the current beat interval in the histogram. Nevertheless, the tempo

shifts to e.g. 4/3 of the correct tempo in BioBas / Learning Tennis

3. Other tempo deviations, such as tempo octave errors, are not [5]

mented in the open source software DJ system Mixxx [8].
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