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ABSTRACT

Musical recordings, when performed by non-proficient (amateur)

performers, include two types of tempo fluctuations—intended Professional player Amateur player

“tempo curves” and non-intended “mis-played components’-due

to poor control of instruments. In this study, we propose a method 140
for estimating intended tempo fluctuations, called “true tempo 2 120
curves,” from mis-played recordings. We also propose an au- & 100
tomatic audio signal modification that can adjust the signal by 80
time-scale modification with an estimated true tempo curve to re- 8%

Note

move the mis-played component. Onset timings are detected by an
onset detection method based on the human auditory system. The
true tempo curve is estimated by polynomial regression analysis

using detected onset timings and score information. The powerFig. 1. Examples of actual tempo fluctuation from monophonic

spectrograms of the observed musical signals are adjusted usingiolin recordings played by professional and amateur musicians.
the true tempo curve. A subjective evaluation was performed to The musicians played a violin phrase from “Tannhauser Act Il

test the closeness of the rhythm, and it was observed that the meafGrand March’ ” by R. Wagner.

opinion score values of the adjusted sounds were higher than those

of the original recorded sound, and significant differences were
observed for all tested instruments. pose a tempo-curve estimation method for monophonic audio sig-
nals (with included performance errors) by polynomial regression
analysis to prevent over-fitting. Here we define the interpreted
tempo fluctuation as thertie tempo curvé

User-generated content (UGC) publishing through the internet e @IS0 propose an automatic audio signal modification that
has been increasing, since this easy method of publishing insmrescanadmstthe signal by time-scale modification with the estimated
many musicians. However, most musicians need to fix and/or true tempo curve. The estimation method requires accurate onset
modify their performance before publishing their creation. Al- detection. We also propose an onset detection method based on
though the performances may be of poor quality, many of the the human auditory system to cover the various sound generation
notes are roughly performed as intended but with erroneous de-Mechanisms of musical instruments. _

viances in the rhythm (tempo and timing), amplitude, timbre, and Recently, attempts have been made to analyze intended tempo

1. INTRODUCTION

pitch of a few notes. In the case of rhythm, the only way by
which the error can be automatically modified is by timing with a
metronome, making the result too artificial. If we want to modify
it more naturally, we have to manually adjust by trial and error.
Automatic tempo detection from a tempo-varying piece of mu-
sic is one of the most important issues in music information re-
trieval (MIR). Note onset timings are detected [1, 2], and then the
tempo fluctuation, called theempo curve,” is analyzed to detect

recurring patterns and quasi-periodic pulse trains [3, 4]. Recently,

a novel “tempogram” that uses musically meaningful local pulse
information has been presented [5].

These studies for MIR target only recordings that are per-
formed as intended by sophisticated players. Low-proficiency per-

formances have not only fluctuations from the intended tempo but

fluctuation separately intmicro—andmacro- [6]. Macro—tempo

is the tempo experienced by listeners; it can change rather slowly.
Micro-Tempoconsists of slight anticipations of note events fol-
lowed by a deferral of the subsequent events in such a way that
the result does not contribute to macro-tempo changes. Since this
study focus on the separation of the performance error, it does not
discuss separation of the intended fluctuations.

2. MODELING AND ADJUSTMENT OF DEVIANCE
FROM MUSICAL SCORES

In this paper, the method, which corrects audio that has been
recorded as interpreted by the player, is discussed.
In an actual performance, the tempo is not constant. Sophis-

also deviances caused by erroneous notes being played. We praticated players control the tempo “smoothly” to convey their in-
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Input data rest note, these are treated as a quarter note. This enables the note
. Note numbers duration to be expressed using a note value and a tempo as follows:
Audio signal d 1 .
i and note values 60 (s/mln)

duration (s)=

i< notevalue (beats) (1)

¥ ~ e i
| Onset candidate set | -| Fy contour | tempo (beats/min

Hence, the:'" note onset timing without mis-playing becomes the

| Score alignment | note duration sum of*t through(n — 1)*" as follows.

| Onset selection | n—1
2 onset timingn] = ————— x note alue[m].  (2)
| Tempo curve estimation and audio adjustment | mZ:1 tempo[m]

I
{ Output data ¥ ] Here the onset timing vector is definedas- (y[1], ..., y[N])”

Adjusted audio signal whose components denote observed onset time¥ abtes in-
cluding mis-played components as follows:

n—1
60
Fig. 2. Flowchart of the proposed method ylnl =Y Bm] h[m] + e[n] 3)
m=1

whereh[m] is the note value of thex'" note, b[m] is the value

terpretation of a musical score during a performance (Fig.1 left). of the true tempo curve of thet" note,e[n] is the value of mis-
This means that a “tempo curve” exists, which has been describedplayed deviance of the" note. To Simplify of regression issue,
in many previous studies. Meanwhile, in the performances of low- we assume that{n] has a normal distribution/ (0, 02)_
proficiency players, the tempo is not smoothly changed; in other
words, it is changed _“discretely” (Fig. 1 right). 2.2. Musical signal adjustment

We assume that if the composer does not notate extreme tempo
changes in a phrase, then the amateur player as described abovEhe intended note duratioiin] can be written using the estimated
tries to smoothly control the tempo. However, in reality, these true tempo curvé = (b[1], ...,b[N])" as follows:
musicians cannot control their instruments as intended; thus, de- 60
viances from the interpretation are included, as seen in Fig. 1 right. Z[n] = mh[n]- 4
We consider these deviances to be one of the factors that makes a
listener interpret “poor playing” and removes a sense of rhythm. The obsered note duration of the!” note can also be calculated
Here we define this deviance awmis-played components fromy[n + 1] — y[n]. Herey[N + 1] = L.,/ fs, whereL, denotes

In the following sections, the “note onset timing” of mis- the data length of an acoustic signal, afids the sampling rate.
played performances in monophonic recordings is modeled. The  Note duration adjustment is achieved by stretching the note
“true tempo curve,” which is the interpreted tempo, is fitted as a duration using an expansion—contraction factpwhich is defined
smooth curve (as undertaken by Takeda et al. [7]) by polynomial as follows:

regression analysis. The mis-played recordings are adjusted by an] = z[n] ] (5)
time-scale expansion and contraction using the true tempo curve. yln +1] — y[n]

Fig. 2 shows the overview of the proposed method. First, a
mis-played audio signal and the “note numb®rand “note val- 3. ONSET DETECTION

ues®” are used as score information inputs. Next, onset timing

candidates and the fundamental frequengy) (contour are ana-  Many acoustic features can be used for onset detection, for exam-
lyzed from the audio signal. Then, brief onset timing is detected ple, changes in phase [8], complex spectra [9], and spectral flux
by score alignment to th&, contour. Accurate onset timing is  [10]. An appropriate acoustic feature depends on the type of in-
selected from the candidates using the brief onset timing. Finally, strument and the playing style [2]. Especially difficult is onset de-
the true tempo curve is estimated using accurate onset timing, andection from recordings of bowed string instruments played with a
the audio signal is adjusted by stretching. legatostyle.

Other approaches consider the alignment between the ob-
servedF, contour and note numbers using dynamic time warping
(DTW) [11, 12] for aligning the audio signal and the score. How-
Although there are various definitions of note duration depending ever, accurate onset detection by DTW is difficult, because an
on the type of instrument, here we define note duration as the in-accuratef contour is often not calculated around the onset time
terval between an onset time of the target note and the next onseflue to an inharmonic spectrum.
time of a following target note; more correctly, we do not consider In this study, to adjust diverse types of recordings, an acous-
rest notes. Namely, if the score shows an eighth note and an eighttiic feature that is valid for many types of instruments and playing
. ) ) ~ styles must be used. Moreover, accurate alignment between the

“N9te_ numbe”rs’are the unique numbers assigned to each note. In this gnget timing and the score is required.
study, "Middle C” (261.6 H2) is defined as note number 60, and note A3 To cover the various sound generation mechanisms of differ-
(440 Hz) is number 69. These definitions are the same as the MIDI note . . . .
numbers. ent musical instruments, complex mel spectra, which can consider

24Note values” are the normal length of notes. Here for example, a aural characteristics, are used to detect candidate onset times. In
note value of a quarter note is defined as 1, that of half note is 2, and thataddition, for accurate onset detection, a DTW alignment method
of eighth note is 0.5 is used to select the best onset time from the candidates.

2.1. Onset timing modeling for mis-played audio signals
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3.1. Detecting candidate onset times

In any performance of a musical score, the onsets of notes are rec-

2000 Observed FO .

ognizable to the audience. Therefore, the modeling of an acoustic % _NWVMMm—j
feature for aural characteristics, complex mel-spectrum KL diver- © M :
gence, is used for onset detection. The mel scale is a perceptual g 6500 1 1
scale of pitches based on a log-frequency scale [13]. 0 1 2 3 4

For the cognitive modeling of sharp changes in the spectra, : :
the difference between an observed mel spectflym at a target = 7000] DTW score FO | ] —
time framek and a predicted spectru:ﬁw,k from the previous § [\5_/\__/
short time frame- is calculated, where is the mel-log frequency. ey

For a auditory difference scale based on signal features, Kullback- & 65000 1 > 3 21
Leibler Divergence (KLD) for onset detection [14] is extended to
the complex frequency domain. t[1] | [t[2] t[3]

Each mel spectrum is calculated using

S —mell [ Xerl+C 1 imele,.] © | CMKLD and candidates of onsct time |
oF . Xkl +C ! q 2 I
N :
S, p = mel | AXekr[£C T mels, ] SRR L R B | ,j(“
Sy, = mel [Zw Xor o[+ C e , ) 5 |

0 ;
0 3 4
where 7 is the time used for spectrum predictian, is the lin- |y[1] |iy[2] iy[3] iy[4] ||Y[5] | |Y[6] | Y[7]

ear frequency} X, x| and¢,,  are an amplitude spectrum and a
phase spectrum, respectively, obtained by the short-time Fourier
transform (STFT);;BW,k is a predicted phase spectrum by a previ-
ous method [8]( is a constant that reduces the uncertainty of the
white noise spectrum, and njé¢ldenotes the spectral transforma-
tion to the mel-scale [15]. Here to detect the onset time with high
resolution, the step size of the STFIHO1 x f, point (i.e. 1 ms),
and the number of data points used in the STRI.(& x f, point
(i.e., 10 ms). Avalue of = 10 ms (i.e.,0.01 x f, point) was used

in accordance with the length of the STFT. The constaft 0.2)

was decided in accordance with a preliminary experiment.

Fig. 3. An example of onset selection in the case of note values
= (0.5,0.5,2,0.5,...) and note numbers:- (64,69,69,71,...) .
The x-axis of both figures is time (s).

times that have & peak larger than the dynamic threshalé]
are selected as onset time candidatesThe threshold is defined
building on a previous study [2] as follows:

Complex mel-spectrum KLD (CMKLD)D[k] at k is calcu- . . Median(D)
lated using Dinlk] = Aloa + Median(d,)) + ————,  (11)
N whereoy is the standard deviation ofl,, and \ is set so as to
D[k] = Z Sy log gwc 7 8) satisfy_|y| > N. Inthe pre_Iimi_nary experiments using the onset
m Pk detection of a plucked string instrument and a bowed string in-

strument, a sufficient detection performance\of 0.9 or 1 was
obtained.

2

=> lswk’ log ;sz + (éw,k - ¢w,k)2- ©)
" :

3.2. Onset selection

As can be seen in Eq. 9, the CMKLD can consider a difference 1€ next step was onset selection from the candida@set
in the amplitude spectra and phase spectra. The first term in the _First, theFy contour was analyzed from the audio signal using

square rootlog(Sy../S,..) is appropriate for the detection of & £0 estlmzétlon_ method YIN [16|]' Ne’“& the scoié)bcontoui:_ hi
a relative amplitude increase on the harmonic frequency bin dueWas created using input note values and note numbers, which is

to the note onset, because it is more sensitive to an increase irf9ned to the observek, contour by the DTW method [11] (Fig.
the denominator than a decrease. The second term in the square middle figure). Here[n] was selected as the pitch switch timing

root (¢3¢ x — du.x)? is also appropriate for the detection of sharp in the stretched scot2, contour l?y DTW.
" ’ If note numbers of successive notes do not charjge,was
changes infy, because almost all phases dependen

Next, by selecting the peak valueDf a set of candidate onset calculated by scaling with respect to the note value ratios of these

times) is generated. To determine the dynamic threshold for peak notes. For example, in Fig. 8|3] was not selected by the pitch

picking, di. denotes a time series of CMKLD that closed-interval switch algorithm; hence/2] and?[4] are scaled by the note value
[k — 7_/‘2 k + T /2] by centering on the indek as follows: ratio of 0.5:2 to calculate[3]. If, successively in note values exist

above three or more notesn| values were calculated in the same
T TN\T scaling manner. Finally, the onset times were selected as the times
w= (Pl 2] o))

k—— k+ — (10) that had minimum values of CMKLD weight distance (Fig. 3)
2 2 determined as follows:
In this study, 7 = 100 ms (i.e. 0.1 x f, point) was selected [n] = argmin [Y'[i] — t[n]| (12)
to ensure sufficient data points for the threshold calculation. The yin = Y[gi]ey DY
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Fig. 4. Detected onsets irgato(left) andmarcato(right) phrases. The top figures show the waveforms, the middle figures depigs the
contour and aligned scoi&, contour, and the bottom figures show the complex mel spectra KLD and selected onset times (circles).

Fig. 4 shows examples of onset detection from monophonic note duratiomy[n] can be written as

violin recordings of degatophrase and anarcatophrase. Onset
detection in thdegato phrase, which has been traditionally dif-

ficult, is resolved by the proposed onset detection method. On-

set timing in themarcatophrase was also successful using this
method.

4. AUDIO SIGNAL ADJUSTMENT USING AN
ESTIMATED TEMPO CURVE

In this section, the true tempo curbewhich is the tempo fluctua-
tion intended by the performer, is estimated by the estimated onse
timing vectory. In addition, the automatic audio signal adjusting
method using the estimated true tempo curve is also described.

4.1. Tempo curve estimation

Polynomial regression was undertaken on the true tempo curve to

fit the curve to a model. This modeling is an extension of the
curve fitting presented by Takeda et al. [7]. The proposed model
is defined as follows:

bln] =t = wygln]”, gln] = i hm], (13)

whereP is the degree of polynomial regression. Hefe] denotes
the accumulated note value. Thus, from Eq. 1, 2, 3 anch3,

Ayln] = yln+ 1] — yln] = 2 hln] + efn + 1] — efn],

bn]
P
= 60prg[n}ph[n] +e[n+ 1] —e[n]. (14)

Here the explanatory variable matix is defined as

hll] g[1]R[1] 9[1]”h[1]

hl2]  gl2h[2] 92" h[2]
t . . .

hINT  g[N]h[N] gIN1"h[N]

and then the observed note duration vedtgr = (Ay[1], ..., Ay[N])7T
is rewritten as

Ay = 60Gw + Ae,
wherew is the regression coefficient vectar = (wyo, ..., wp)

(16)
T
and Ae is the delta vector of mis-played componeie =
(e[2] — e[l1],e[3] — e[2],...,—e[N])T. From the regeneration
of normal distribution, each component dfe is also normally
distributed.

Accordingly, by calculating the regression coefficient vector
w by the least-squares method (LSM), the true tempo curve can be
calculated using Eq. 13. Selecting the optimal polynomial degree
P is an issue when using LSM, and in this study, the polynomial
degree was determined the by minimization of Akaike information
criterion (AIC) [17].
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Observed tempo Adjusted tempo that the professional player controls the tempo well. Meanwhile,

° the observed tempo of the amateur performance deviates from the
true tempo curve. In addition, because the amateur mimicked the
professional recording, the true tempo curve is quite similar to that
of the professional recording. This result denotes suggests that a
low-proficiency amateur player cannot control the tempo well.

0 5 10 15 20
Note

5. EVALUATION

Fig. 5. An example of an adjusted tempo fluctation. Observed 5.1. Evaluation of onset detection

tempo (left bar plot), estimated tempo curve (line), and adjusted This section presents the experimental results of the onset detec-

tempo (right bar plot). tion method described in Chapter 3. In general, for the evaluation
of the onset detection method, the detected onset times are com-
Professional player Amateur player pared with the true onset points that were manually selected and

65
60
55
50

45
40}
355

5 10 15 20
Note

labeled. Correct matches imply that the target and detected onsets
were within a 50-ms window. The detected result is evaluated on
precision, recall, and F-measure.

For the evaluation of the proposed method, these criteria are
not valid, because the method is aligned to the score information.
Accordingly, the accuracy is evaluated by the mean absolute error
(MAE) between the detected onset times and the manually selected
ones.

The experiments were performed on a database of solo violin
recordings. There were six phrases that included some expression
Fig. 6. Observed tempos (bar plot) and estimated true tempo Marks, for exampléegata marcato, anderoce(wildly). All sig-
curves (line). The tempo of the left figure was estimated from a Nals were processed as monaural signals sampled at 48 kHz and 24
professional recording and that of the right figure was estimated bit. There were 152 onsets in total. These phrases included sim-

from an amateur recording that mimicked the professional one. ~ Ple phrases (e.g., almost all notes being quarter notes) and com-
plex phrases (e.qg., including many shorter notes), and the assigned

BPM of the score was 50-150. The performance duration of the
phrases was 14-30 s.

The resulting MAE was 18 ms. This error is less than 1/15
By using the true tempo curve estimated as described in the pre-of a quarter note duration in the tempo of “Allegro (BRM 120
vious sections, each note is stretched. Expansion and contraction fast, quickly and bright).” In addition, the sound duration that is
were performed by a time-scale modification method based on therequired for pitch perception is 20-30 ms; thus, this accuracy can
expansion and contraction of the step size of an inverse Fourierbe considered to be adequate.
transform of the power spectrogram [18]. Phase inconsistency
caused by varying the width of the frame shift is removed using
a phase reconstruction method, as proposed by Griffin et al. [19].
The stretch factow[n] is calculated using Eq. 5. In this section, the accuracy of the proposed adjustment method

In this study, the acoustic signals were expanded and con-was evaluated. The BPM including the mis-played components
tracted by multiplying thex[r] obtained for each note with the  p was calculated from pre-adjusted and post-adjusted sound onset
inverse Fourier transform step size (which is obtained by subtract-timings as follows:
ing the overlap size of overlap-add from FFT length) of each note. - 60h[n)

Fig. 5 shows an example of a tempo that has been adjusted. b[n] = Ayn]” 17

The left figure shows a tempo fluctuation including the mis-played ) .
components, and the right figure shows this same tempo fluctua-1 "€ Mythm-weighted mean absolute error (weighted-MAE) be-
een the observed BPbland the true tempo curdewas calcu-

tion adjusted using the method described. It can be seen that th
adjusted tempo fluctuation more closely matches the true tempo'ated as
curve (red line).

BPM

4.2. Musical signal adjustment by expansion and contraction

5.2. Motion experiment for tempo adjustment

| 52, hln] [bln] bl
weighted-MAE= .

(18)
4.3. Discussion 2o hin]

Fig 6 shows observed tempo curves and estimated true tempdf the proposed method is successful in removing the mis-played

curves of a professional recording (left) and an amateur record-components, then the weighted MAE will decrease.

ing (right). The amateur recording was played by mimicking the The experiments were performed on five solo violin record-

professional recording. ings. The assigned BPM of these phrases were 50-150, and the
The true tempo curve of the professional recording is quite total number of notes was 154. The performance duration of the

close to the observed tempo curve. This indicates that the tempaophrases was 10-30 s. All signals were recorded as monaural sig-

is smoothly varying, as mentioned in many previous studies, and nals sampled at 48 kHz and 16 bit with an IC recorder.
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Table 1. Weighted-MAE of BPM.
Before adjusting After adjusting 4
5.8677 2.6834
wn
% 3 i ] - DORG
EPRO
2
Table 2. Phrases used in subjective evaluations.
Violin A. Dvorak, “Symphony No. 8" 1 o )
Violin Cello E.Guitar

1. 1st mov. bar 244-250 1st Violin
R.Wagner, “Tannhauser Act.ll ‘Grand March’”
2. bar 40-44 1st Violin
3. bar 64-68 1st Violin
Cello A. Dvorak, “Symphony No. 8"
1. 1st mov. bar 1-6

Fig. 7. Results of the subjective evaluation.

2. 1st mov. bar 165-169 instrument. The MOS values of the method proposed here are
3. 4th mov. bar 26—33 higher than those of the recorded sound for all instruments. There

E.guitar 1.LUNKHEAD “ENTRANCE’ 5-12 bars were significant differences between the recorded sounds and the
2. MONKEY MAJIK “Aishiteru” bar 52-56 adjusted sounds for all tested instruments as ascertained by the
3. T. Matsumoto “Thousand Dreams” bar 2—9 Student's-test (significance levels were 1 % (violin and E. guitar)

and 5 % (cello)). The musicians had played as intended for the
professional performance tempo fluctuation, and the adjustment
using the proposed method brought the sounds significantly nearer
the intended performance. Thus, our method can be concluded to

Table1 shows the weighted-MAE values before and after ad- clarify the intent of the player from the acoustic signal.

justing. The deviation from the true tempo curve as a result of
the mis-played components is seen to be reduced by half. From

this result, it was confirmed that the proposed method successfully 6. CONCLUSION
decreased the mis-played components by time-scale audio signal
stretching for violin recordings. In this paper, a “true tempo curve” estimation method was pro-

posed using monophonic audio signals including performance er-
rors. True tempo curves were estimated by polynomial regression
analysis of observed onset timings. In addition, an automatic audio
Finally, an opinion test was conducted. Target instruments were signal modification was proposed, which can adjust the signal by
the violin, cello, and electric guitar (clean tone). These experi- time-scale modification with the estimated true tempo curve. In a
ments used sound data from performances by university studentsubjective evaluation, amateur performances, which tried to mimic
with over three years of experience playing instruments. After the professional recordings, were adjusted. In terms of the closeness
student players had practiced for 30 min while listening to the per- of rhythm, the MOS values of these adjusted sounds were higher
formance of professionals, they tried to mimic the intended repre- than those of the pre-adjusted original sounds, and significant dif-
sentation of the performance without using a metronome. There-ferences were observed for all tested instruments. The musicians
fore, the true tempo curve should resemble the mimicked recordinghad played with the intention of expressing a professional perfor-
tempo curve, and the adjusted signals should also resemble profesmance tempo fluctuation, and the adjustment using the proposed
sional recordings. method brought the sounds significantly nearer the intended per-
There were two players for each instrument, and they played formance. Hence, it can be concluded that the proposed method
three phrases. All sounds were recorded at a sampling rate of 48can estimate a musician's expressive intentions.
kHz and bit quantization of 16 bit. Sounds from the violin and Evaluation of an audio signal adjustment method requires a
cello were recorded with an IC recorder and those from the gui- mis-played signal dataset whose performance intention is known.
tar were recorded with a line input. The assigned BPM of these However, such a dataset does not currently exist. In this evaluation,
phrases was 60-180, and the average number of notes per phrasesmall quantity of performance expression data for violin, cello
was 22. The performance duration of the phrases was 9-16 s.  and, guitar were used. For future experiment, it is necessary to
For a subjective evaluation, five musicians each with over develop a large dataset.
five years of experience playing instruments served as evaluators.  In this study, rest notes were not considered. In actual musical
These musicians were different people in addition to the recording performances, rest notes can be a prominent part of the interpreta-
musicians. The evaluators compared the sound of the professionation. In addition, trill” and extreme ‘fermatd are also important
performances to the original pre-adjusted sounds (ORG) and theparts of the interpretation, but the DTW of tli§ contour could
sounds adjusted using our method (PRO). The sound pressuraot be successfully estimated for these expressions. In the future,
was adjusted in advance to facilitate listening to the samples. Forthis method will be adapted to include these issues, for example,
the recorded and adjusted sounds, the closeness of rhythm to théy considering offset detection.
professional performance was evaluated. The mean opinion score  For excitation-continuous musical instruments, a musical tone
(MOS) for each sound was used as the metric, with a scale of 1generally has three possible statesiset,steady, andffset. In
(very far) to 5 (very close). particular, the duration of thenset-states closely related to the
Figure 7 shows the MOS values and standard error for eachperception of musical expression [20]. In future, we need to con-

5.3. Subjective evaluation
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state.

Moreover, intended tempo fluctuations exist; for example, in

“Swing” and “Viennese waltz style”, the tempo does not change

smoothly. In future, true tempo curve and these fluctuations should[13]

be treated separately by considering the musical genre.

As future prospects, the estimated true tempo curve presented
here can be regarded as an extraction of the performance expres-

sion feature from recordings including backgrotindoise” dur-
ing the performance. Performance characterization is applied to

many applications such as automatic performer identification [21] [15]

and musical sound synthesis [22]. We will consider to apply this
method to these applications.
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