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ABSTRACT amplitude. Fast transients have sharp amplitude envelopes

while slow transients have broad (platykurtic) envelopes.
Transient detection is an important problem in many areas
of music research like - audio coding (parametric audio cod-
ing [3], pre-echo reduction [4] etc), onset detection [5, 6]
time-scaling of audio signals [2, 7, 8], note transcripti2h
rhythm analysis and percussion transcription [9, 10].

We propose an iterative algorithm to detect transient seg-
ments in audio signals. Shorttime Fourier transform (STFT)
is used to detect rapid local changes in the audio signal.
The algorithm has two steps that iteratively - (a) calculate
a function of the STFT and (b) build a transient signal. A
dynamic thresholding scheme is used to locate the poten-
tial positions of transients in the signal. The iterative-pr
cedure ensures that genuine transients are built up wigile th  One of the first attempts to detect and model transients was
localised spectral noise are suppressed by using an energythe TMS (Transient Modeling Synthesis) model proposed
criterion. The extracted transient signal is later comgare in [11] as an extension to the popular sinusoidal modeling
to a ground truth dataset. The algorithm performed well of McAulay et al. [12] and sine + noise model [13]. The
on two databases. On the EBU-SQAM database of mono- basic idea of the TMS model is the time-frequency dual-
phonic sounds, the algorithm achieved an F-measure of 90% ity. The TMS model is also dual to the sinusoidal model-
while on our database of polyphonic audio an F-measure of ing [12]. That is, by choosing a proper linear transform,
91% was achieved. This technique is being used as a pre- a pure sinusoid in time domain appears impulsive in the
processing step for a tempo analysis algorithm and a TSR frequency domain and an impulsive like signal in time do-

(Transients + Sines + Residue) decomposition scheme. main looks sinusoidal in the frequency domain. Discrete
Cosine Transform (DCT) was thus chosen to provide the
1. INTRODUCTION mapping from the time domain to the frequency domain so

) ) o that transients in the time domain become sinusoidal in the
Transients are portions of audio signals that evolve fagt an frequency domain. Energy of the original signal and its

unpredictably over a short time period [1]. Transients can resjque from signal modeling using DCT is used for tran-
be classified as attack transients (sound onsets), rapid de- gjant detection. Masri et al. [5] used the high frequency

cay transients (sound offsets), fast transitions (porteme  ontent feature to detect attack transients for the pusuofse
tos) and noise/chaotic regimes (sounds like handclaps, rai - 5ydio analysis/synthesis. Abrupt phase changes in a bank of
etc) [2]. Percussive sounds, guitar slaps, stop consonants gctave spaced filters has been employed to detect transients
(uttered during singing) are very good examples of tran- i, [7]. Recently, group delay function has been used to de-
sient signals. Transients generally last for 50ms anda§yspl et transients in monophonic and pitched percussiveiinstr
fast changes in amplitude and phase at various frequencies. jents [14]. In [15, 16] linear prediction followed by thresh
Transients can be classified as weak or strong based on theolding on the residual signal envelope have been used for
strength of the envelope while they can also be charaterized {ansient detection and modeling. Roebel used the center of
as fast or slow depending on the rate of change of envelope grayity (COG) of a signal to locate transients and use it for

onset detection with good results [6]. Torresani et al. [17]
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personal or classroom use is granted without fee providatiabpies are signals. Two sets of basis functions that have sparse (Jlense
not made or distributed for profit or commercial advantage that copies representations for pure sinusoids and dense (sparse} repr
bear this notice and the full citation on the first page. sentations for transients simultaneously are chosen toelefi
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survey on transient detection we refer the reader to [18].

Most of the above discussed works use monophonic audio
for their results. Daudet et al. [18] conducted a survey of
various techniques and their efficiency of transient detec-
tion on the popular “glockenspiel” and “trumpet” audio sig-
nals. Gnann et al. [14] have used the EBU-SQAM database
(monophonic signals) to test their algorithm and we use the
same too.

In this paper, we propose to build on Ono et al. [19, 20]
by using a much simpler iterative procedure. This algorithm
can be used for audio coding, rhythm analysis and percus-
sion transcription amongst the many possible tasks.

This paper is organised as follows. We describe our ap-
proach and choice of parameters in section 2. Section 3

of samples in a window ang is the time shift in samples
[21].

We now define function®_ and7’; that are derived from
the magnitude spectrum of the signal as follows:

| X (@, k)| = [ X (i =1, k)],
| X (@, k)| = [ X (i + 1, k)]

3)
(4)

The functiong_ andT;. act as intermediate functions which
detect vertical edges in the spectrogram. These derigative
indicate onsets and offsets respectively. Since trarsient
have fast onsets followed by fast offsets, the and 1.
functions should have high values at frames corresponding
to transients. We now form a smoothened version of the

presents our experimental setup, databases used and the reabove functions as follows;

sults along with some advantages of our approach. We con-
clude in section 4.

2. THE TRANSIENT DETECTION ALGORITHM

We consider percussive sounds (drums, tom-toms etc), gui-

tar slaps and sung consonants as transients. They show up as

vertical lines in spectrograms [19] . Our algorithm detects
such vertical lines in the spectrogram that have sufficient
strength and bandwidth. We intend to detect reasonably fast
percussive transients like piano hits, guitar slaps anddhe
ious drums while neglecting the slow transient signals like
gongs.

Let z[n] be a polyphonic audio signal. The signal is re-
sampled at 16kHz to account for varied sampling rates and
recording conditions (The algorithm works at any sampling
rate but we choose 16kHz to standardize steps for our TSR
algorithm). The signal is normalised such that its maximum
value is 1 as follows,

a[n]

(1)

Trormlt] = el
The normalization step is hot necessary for audio coding
applications. This signal is now split into frames of 40 ms
with an overlap of 30ms. Each frame of the signal is multi-
plied with a Blackman-Harris window of lengti\ = 640
samples to reduce sidelobes. A STFT of the signal analyses
the frequency content of the signal in regular periods. Let
X (i, k) denote the STFT of the signal for tié frame and
kth frequency bin. Then,

N-1

X(i,k) = Z x[n].awln —

n=0

ZR] .efj.271'.n.k/N7

(2)
wherew[n] is the windowing function}V is the number
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Jj+v
F(i,j) = 05{ Y {1+sgn(T_(i,k))}.T(i,k)
k=j—v
+{1 + Sgn(T+(ia k))}T+(Zv k)}a (5)
where
wo-{1, 120 e

F(i, j) computes temporal changes in the magnitude spec-
trum at the frame. F'(i,j) considers half wave rectified
positive values ofl’; and7_ functions and adds it across
frequency bing — v to j + v. The half wave rectification in
equation (5) ensures that we detect only onsets fforand
offsets fromT’;. respectively. The parametetakes into ac-
count the spectral spread of the transient, neglecting/nois
inflections in the spectrogram.

As can be seen in Figure 1, the function in red (dashes) is
with smoothing along the vertical direction (vertical neig
boursy = 3) and the function in blue (dashes and dots) is
without smoothing# = 0). The smoothing operation en-
sures that only genuine vertical edges in the spectrogram ar
accentuated and spurious changes (due to inflections in vo-
cals/instrumentation) are suppressed.

2.1 Proposed iteration steps

For the extraction of transients, we now u¥eand F' in

an iterative framework as described below. The main algo-
rithm consists of 3 iterative steps. In the first step, dyrami
thresholds are computed.In the second step the trangient si
nal updates are obtained. In the third step functions depen-
dent onX (i, k) are updated. We now use th&to detect the
presence of transients in the audio signal.
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Function F for Claves-s from the EBU-SQAM database
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Figure 1. FunctionF" at bin number 2kHz for Claves-s sig-
nal from EBU-SQAM database. The transient regions get
accentuated more with vertical neighbours; 3 compared

to v = 0, while the local ringing noise is suppressed.

2.1.1 Sep|: Computing dynamic thresholds

An adaptive threshold for the detection functibifi, j) is
derived. Let\(4, j) represent the desired threshold. Then,
. (L)

.. l=i—7
A(i,j) = B 1 (7)
where is a parameter to control the strength of tran-
sients that are to be extracted. Equation (7) calculatese ti
varying threshold for every time-frequency birf frame
andj*" frequency bin). A flag is set if the value &f at the
bin j is greater than the thresholdi, j). That is,

Y

[ 1 i FG, ) > MG, ),
i) ={ o wrenorr.  ©
Summing the flag functiol® along the frequency bins
(represented b¥.r) indicates the number of frequency bins
in a single frame that have more significant energy than their

neighbours and may reveal the presence or absence of a tran-

sient. That s,

N—-1

r() = ) T(J) 9)
3=0
2.1.2 Sepll: Extraction of the transient portion and
update of X

If the Xr is greater than a threshold-.., the corresponding
frame is declared transient frame and a small fracfiar

the magnitude spectrum is subtracted from that frame and
added to the functiof® to build transients as follows,

if X0 < Arpr s
If ZF Z AT}LT)
(10)

P(i, j)

P(i. ) :{ P(i,j) + 8.X (i, §)
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Function F for Claves-s signal from EBU-SQAM database at 400Hz
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Figure 2. The function F - initial value and value after 20
iterations at 400Hz for Claves-s signal from EBU-SQAM
database.

wherej varies from0to NV — 1.
In case of detected transients, the magnitude spectrum is
modified as follows,

X(i,5)
(1—=6).X(i, )

if X < Arpr,

if Xr > Arpr, (11)

XG0 ={
wherej varies from0to N — 1.

2.1.3 Sep l11: Update of functions dependent on X

The functionsF, A\, I' andXr are updated using th& ob-
tained from 2.1.2.

We iterate over steps I, Il and Il fa¥/ times. Figure 2
shows the changes il at a particular frequency bin after
various iterations. As can be seen from Figuref2de-
creases at places of transients and increases in the atjacen
frames. This is due to the definition &f, since it consid-
ers a contribution from_ andT’; only if they are positive.

If after a particular iteration, say/_ (¢, j) becomes positive
becausg X (i — 1,7)| reduced from the previous iteration
(see update equations in Algorithm.1), th&(x, j) can be
greater than its value in the previous iteration.

The functionP at the end of\/ iterations represents the
spectrogram of the transient signal. The same steps are pre-
sented as follows. From now on all variables and functions
used for the algorithm are superscribed w(th) (only if
their values depend on the iteration) to representftit-
eration.

We begin by initialisingP to 0. The values for the func-
tions X, F, ', A andXr, calculated from the original signal,
are used for the initial values of the algorithm.

We thus have two parameters that control both the strength
of the extracted transient (controlled By and its spread in
frequency (controlled byry,,). We have used = 3 and
0 = 0.1 in our implementation.
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Input: Initialise PM to 0, XM to X, FM to F, A1)
toA, T toT, M to vy

Output: Transient signal P extracted from X
foreach n=1to M do

(1, 1) if £ (6) > Ay, then

()X (G0 N —1)] =

(1—8) x [ XM(E,0: N —1)

()P (5,0: N — 1) =

PM(G,0: N—=1)46 x | X™(G,0: N —1)]

else
(DX (E,0: N=1)| = | ™) (5,0: N=1)]
(i) PHV(,0: N —1) = P™(i,0: N — 1)

end
(111) Calculate (1), \(n+1) p(nt+1) gnd
2 ysing X (1)

end

Algorithm 1: Flow for updating equations of the algo-
rithm

The iterative procedure is used instead of a single step
transient detection since this algorithm is a part of a TSR
decomposition algorithm we are currently developing. The
iterative procedure helps to uncover slightly masked and
weak transients at later steps as has been revealed in eur pre
liminary experiments. The TSR decomposition algorithm
works by alternatively identifying and extracting tramgie
and sinusoids until we are left with a residue signal. Even
without the sinusoidal extraction steps here, the algorith
does detect partially masked and low energy transients. As
can be seen from Figure 3, the transient signal builds slowly
over iterations.

After the M steps, the transient signal that has been gen-
erated is converted back into time domain by an inverse Dis-
crete Fourier transform (IDFT). The phase of the original
signal is used for the IDFT procedure. Frames of the tran-
sient signal that have less tha#t of the maximum energy
are discarded to retain only significant transients. Tha-loc
tions of the transients are compared with the ground truth
data for evaluation.

Figure 4 shows the glockenspiel signal from EBU-SQAM
database and its extracted transient. As can be seen,ithe tra
sient signal is well extracted.

3. EXPERIMENTSAND EVALUATIONS

A database 083 clips averagind 0 seconds each was pre-
pared by selecting audio from various possible genres (pop,
rock, R&B etc). Each clip was converted to ".wav’ format
from CDs, and resampled at 16kHz. Each clip was manually

206

Signal No.151 from LSML database
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Figure 3. The original signal and the extracted transient
signal after 1, 5 and 20 iterations. The strength and time
duration of the transient signal increases with iterations

annotated for percussive transients after multiple lisign
using the gating procedure [22]. Two people annotated the
database independently. The common transient segments
from both the annotators were chosen for our final ground
truth set. The database has a total of 1308 transient seg-
ments. The database was split iRtmon-overlapping sets
consisting of10 clips for the training dataset havint)6
transient segments and 23 clips for the test dataseto®ith
transients respectively.

The parameterg and A, were optimised using the
training set consisting of 10 clipsg was varied in steps
of 0.1 from 1.25 to 2.5 while A7y, was varied as a frac-
tion of frame lengthV (i.e N/10,N/9,N/8...). A transient
was declared to have been found if the extracted transient
overlapped with the ground truth segment. We got optimal
performance fog = 2 andApp, = N/6. App, parameter
selects only significantly long vertical lines in the speetr
gram whiles parameter evaluates the strength of the tran-
sients. We used! = 20 iterations for the algorithm. This
way if a transient exists, approximately 90% of the magni-
tude can be extracted in the iterative steps iffhesatisfies
the threshold conditions for all th¥) iterations.

These parameters were used to test the remaining 23 songs
for their performance. The algorithm was able to correctly
detect (CD)’08 (90%) transients with65 (7%) false posi-

1 This is denoted as the LSML database. We intend to make thislyf
available database for research soon
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Figure 4. Glockenspiel signal from EBU-SQAM database
and the extracted transient signal

Database Name¢ Total | CD | FP | FN | DD
LSML 902 | 808|65 |94 |2
EBU-SQAM 276 | 237111 (39 |0

Table 1. Performance of the transient extraction algorithm

tives (FP). This is equivalent to a Precision (P)af2 and
Recall (R) 0f0.89. The F measure is thuis91.

We have also tested our algorithm on the EBU-SQAM
percussive monophonic database [14]. The testing proce-
dure followed in [14] was used for testing our algorithm on
this database. The EBU-SQAM database #&s percus-
sive transients ir24 files. Our algorithm correctly detected
237 transients correctly whilé1 transients were detected
as FP. This gives our algorithm an F-measur6.66. This
compares very well with the results from [14], where an F-
measure 0f).92 is achieved on the same dataset of EBU-
SQAM database. While the parameters in [14] are opti-
mized for the EBU-SQAM database, we use the same pa-
rameters that are optimized for our LSML polyphonic music
database.

For the EBU-SQAM database we observed that we got
false positives during the slow transient portions of thge si
nal or for signals with heavy ringing in the decay tail. Also,
a shortcoming that we observed with our algorithm was the
sensitivity to signal continuity. The EBU-SQAM database
has signal discontinuity in 2 files and those portions were
detected as transients.

The performance of our algorithm is tabulated in Table
1. Since the algorithm acts as a pre-processing stage for a
tempo analysis algorithm and a TSR decomposition algo-
rithm, the false positives do not harm much except when
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Ground truth and detected transients for No.151 from LSML database
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Figure 5. The locations of the extracted transients are
shown w.r.t the ground truth.The blue lines indicate the ex-
tracted transient locations and the red lines the grourl tru

Parameter| Numeric value
Frame size| 640

v 3

) 0.1

T 3

8 2

M 20

Fyp»r 106

Table 2. Used parameters and their values

they have sufficient energies. Figure 5 shows the audio sig-
nal and extracted transient locations in comparison wih th
groundtruth locations for a polyphonic piece from LSML
database.

The values of the parameters used by us in our imple-
mentation is given in Table 2.

4. CONCLUSIONSAND FUTURE WORK

We have discussed a simple iterative procedure for detpctin
transients from polyphonic audio signals. The method is
used in a TSR decomposition algorithm. This algorithm is
also currently acting as a pre-processing step for a tempo
analysis algorithm. We are also looking at using generlise
TEF (Teager energy functions) type of functions to improve
our transient detection accuracy.
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