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Abstract
We propose a novel method of pitch track correction that uses an
ensemble Kalman filter to improve the performance of monau-
ral speech segregation. The proposed method considers all
reliable pitch streaks for pitch track correction, whereas the
conventional segregation approach relies on only the longest
streak in a given speech stream. In addition, unreliable pitch
streaks are corrected with an ensemble Kalman filter that uses
autocorrelation functions as noisy observations for the hidden
true pitch values. Our proposed approach provides more accu-
rate pitch estimation, thus improving speech segregation perfor-
mance for various types of noises, in particular, colored noise.
In speech segregation experiments on mixtures of speech and
various competing noises, the proposed method demonstrated
superior performance to the conventional approach.
Index Terms: speech segregation, pitch track correction, en-
semble Kalman filter

1. Introduction
In natural environments, sounds derived from various sources
often comprise a single mixture. Human listeners are capable
of focusing on a single target source and can even understand
the speech of other people in very noisy environments using
various types of auditory cues [1]. The aim of source segrega-
tion is to implement human auditory processes in computers.
The monaural, or single-channel, source segregation technique
is applicable to a variety of tasks including automatic music
transcription and speech recognition [2, 3].

A number of methods have been proposed using the fac-
torial hidden Markov model [4], independent component analy-
sis [5, 6], a comb-shaped filterbank [7], and non-negative matrix
factorization [2, 8]. However, those methods are generally not
applicable to mixtures of several noise types such as colored
noise. In this paper, we propose a method of speech segregation
for mixtures of such a type of noise.

Our proposed method is based on a conventional monaural
speech segregation approach, which is characterized by audi-
tory periphery signal decomposition [9, 10]. In order to improve
the conventional approach, we apply an ensemble Kalman fil-
ter [11] for more accurate pitch estimation from mixtures of
speech and competing noises.

This paper is organized as follows: Section 2 introduces
the conventional segregation approach based on signal decom-
position. Section 3 describes the proposed method, and Sec-
tion 4 presents the results of several speech segregation exper-
iments. Finally, Section 5 summarizes the validity of the pro-
posed method and relevant future research issues.
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Figure 1: Speech segregation based on sub-band masking.

2. Speech segregation based on signal
decomposition

The signal decomposition-based segregation approach is usu-
ally defined by sub-band masking, which decomposes a mixed
signal y(t) into several sub-band signals bc(t), and constructs
a new source by selectively re-weighting the sub-bands. This
masking process is performed as follows for single source ex-
traction:

s(t) = α1(t)b1(t) + α2(t)b2(t) + ...+ αNc(t)bNc(t) , (1)

where Nc is the number of sub-bands, αc(t) is the segregation
mask for the sub-band signal bc(t), and s(t) is an estimate of the
target source. The performance of sub-band masking is depen-
dent on the quality of the constructed segregation mask αc(t).
The conventional approach uses a binary mask on the harmonic
frequencies from the estimated pitch frequency [9].

The entire masking process is shown in Figure 1. The in-
put signal y(t) is decomposed into signals in different bands
b1(t), b2(t), ..., bNc(t) using gammatone filterbank [12]. A T-F
(time-frequency) unit ucm is defined to represent the mth frame
of the decomposed signal bc(t), where c is the band number. All
T-F units compose the two-dimensional time-frequency map of
the input signal. At frame m, the pitch period τm is found by a
value that maximizes the autocorrelation functions. If ucm has
sufficient energy at F0 and its harmonics corresponding to τm,
ucm is considered to agree with τm. If the estimated pitch does
not belong to the longest reliable streak, it is classified as un-
reliable and corrected by extending the longest reliable streak.
In the masking process, only the T-F units that agree with the
estimated pitch are selected and they are re-synthesized into
the segregated speech using Weintraub’s method [13]. Hu and
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Figure 2: Pitch estimation using autocorrelation function: (A)
Clean speech; (B) Noisy speech.

Wang successfully verified the efficiency of pitch track correc-
tion for sub-band masking in the monaural speech segregation
problem [9].

However, this approach has two major drawbacks. For
clean speech, the pitch periods are estimated correctly, as shown
in Figure 2-A. For noisy speech, however, the estimated pitch
may be incorrect because the autocorrelation function is cor-
rupted by the noise signal, as shown in Figure 2-B. Therefore,
the peak of the autocorrelation function is not always reliable,
which leads to inaccurate pitch track correction.

Another drawback of the conventional system is its reliance
on the longest reliable pitch streak alone during the pitch track
correction process. The unreliable pitch periods are corrected
sequentially from both sides of the longest streak in all regions.
Thus, a single pitch correction error might adversely affect the
correction throughout the remainder of the entire region. To
overcome these drawbacks, we propose a new pitch track cor-
rection technique based on an ensemble Kalman filter.

3. Pitch Track Correction using an
ensemble kalman filter

The Kalman filter is a popular numerical method that recur-
sively estimates the states of a dynamic process by minimizing
the mean squared error between the estimate and the observa-
tion. The algorithm is generally used for tracking hidden, con-
ceptual, or physical objects. Of the various types of Kalman
filters, an ensemble Kalman filter is a combination of the clas-
sic Kalman filter and a Monte Carlo framework, which is used
for modeling non-linear Markovian processes [11].

To implement pitch correction using the ensemble Kalman
filter, the discrete-time non-linear Markovian process of the hid-
den true pitch needs to be defined. In our approach, the state xm

is composed of the pitch and its gradient:

xm = (τm,∆τm)T , (2)

where ∆τm is the difference from the previous state observa-
tion. The dynamic model of the pitch contour is expressed as
follows:

xm = Fxm−1 , (3)

where F is the process matrix, the elements of which are de-

fined by

F =

[
1 ∆m
0 1

]
, (4)

where ∆m is the pre-defined constant rate of change between
adjacent frames. The measurement model is expressed by

zm = hm(xm) , (5)

where zm is the observation and hm(xm) is the normalized au-
tocorrelation:

hm(xm) =
Am(τm)

max
τ∈[τmin,τmax]

Am(τ)
, (6)

where Am(τ) is the autocorrelation function of the signal at
frame m and the interval [τmin, τmax] represents the plausible
pitch range of the target speech. We used τmin = 2ms and
τmax = 12.5ms in our proposed system.

An ensemble is a set of samples, denoted by X̂m|m =

(x̂
(1)

m|m, . . . , x̂
(N)

m|m), which is used to approximate the dis-
tribution of the observation given a state. To compute
the state at frame m, the prior ensemble X̂m|m−1 =

(x̂
(1)

m|m−1, . . . , x̂
(N)

m|m−1) is predicted using the previously es-

timated ensemble X̂m−1|m−1 with a perturbation:

x̂
(i)

m|m−1 = F
(
x̂
(i)

m−1|m−1 + εm−1

)
, i = 1, . . . , N , (7)

where εm−1 =
(
ε
(1)
m−1, ε

(2)
m−1

)T

is a vector composed of two

zero-mean Gaussian random noises ε(1)m−1 and ε
(2)
m−1 for pertur-

bation of τm and ∆τm respectively. Then the posterior ensem-
ble is estimated by combining the prior ensemble and the obser-
vation. Let zm be the observation at frame m. The observation
vector Zm is obtained by perturbing zm up to N times:

Zm = (z(1)m , . . . , z(N)
m ), z(i)m = zm + νi , (8)

where z
(i)
m is the perturbed observation obtained by adding a

zero-mean Gaussian random noise νi with variance R. The
Kalman gain Km of the prior ensemble is computed by

Km = CmHT
m(HmCmHT

m +R)−1 , (9)

where Hm is the measurement operator that corresponds to
Equation (5) and Cm is known as the ensemble covariance,
which is computed as follows:

Cm =
SmST

m

N − 1
, (10)

where

Sm = X̂m|m−1 − E(X̂m|m−1)e1×N

= X̂m|m−1 −
∑N

i=1 x̂
(i)

m|m−1

N
e1×N . (11)

In Equations (10) and (11), e1×N denotes a 1-by-N matrix
where all of the elements are equal to one. Equation (9) can
be computed easily by combining Hm and Sm as follows:

[HmSm]i = hm(x̂
(i)

m|m−1)−
1

N

N∑
j=1

hm(x̂
(j)

m|m−1) , (12)
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where [·]i represents the ith column of the matrix. Finally, the
posterior ensemble is estimated by considering the prior ensem-
ble, the Kalman gain, and the current observation zm, as fol-
lows:

X̂m|m = X̂m|m−1 +Km(Zm −HmX̂m|m−1) . (13)

The correctness of the estimated pitch τ̂
(i)
m in the posterior

ensemble is measured based on how it agrees with the sub-band
signal observations at frame m. An individual unit ucm is said
to agree with τm if the ratio between the autocorrelation at τm
and the maximum autocorrelation is greater than a pre-defined
threshold θ, such that:

Acm(τm)

max
τ∈[τmin,τmax]

{Acm(τ)} > θ ⇒ ucm agrees τm.(14)

The foreground stream SF of a pitch period τm at frame m is
the set of channels c that satisfies Equation (14). The back-
ground stream is the complementary set of the foreground
stream. The importance weight of a sample τ̂

(i)
m is then com-

puted by
w(i)

m = γ1 × γ2 , (15)

where γ1 and γ2 are obtained by

γ1 =
1

Ω1
sigmoid

∑
c∈SF

(
τ̂
(i)
m

) Acm(0)∑
c Acm(0)

 , (16)

γ2 =
1

Ω2
exp

λ

∑
c∈SF

(
τ̂
(i)
m

) Acm(τ̂
(i)
m )∑

c∈SF

(
τ̂
(i)
m

) Acm(0)

 , (17)

where SF (τ̂
(i)
m ) is the foreground stream for τ̂ (i)

m , which is an
individual sample in the ensemble. The foreground stream en-
ergies of a sample and the entire channels are considered when
computing γ2, as shown in Equation (17). The sample with
a foreground stream with a smaller energy should have less
weight than that with a larger energy. The value of γ1 in Equa-
tion (16) considers the entire energy of the foreground stream
and filters out samples with foreground streams that have little
energy by giving those samples small importance weights. Fi-
nally, unreliable pitch periods are corrected using the weighted
average of all samples from the ensemble, as follows:

τ̂m =

∑N
i=1 w

(i)
m τ̂

(i)
m∑N

i=1 w
(i)
m

. (18)

The ensemble Kalman filter is expected to provide accurate
pitch track correction results. However, the system still has a
drawback when using only the longest reliable pitch streak, as
mentioned in Section 2. In this paper, all reliable pitch streaks
are considered, instead of relying on the longest one alone. Dur-
ing pitch correction using all reliable streaks, the initial pitch
estimates are classified as reliable and unreliable. The pitch pe-
riods belonging to unreliable streaks are then corrected using a
longer one between the two adjacent reliable pitch streaks.

4. Experimental Results
In order to verify the effectiveness of our proposed method, we
carried out several speech segregation experiments using the
conventional system developed by Hu and Wang (“Baseline”)
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Figure 3: Average SNRs of segregation results for various input
SNR levels

and our proposed system (“EnKF”). Speech data from eight dif-
ferent speakers in clean environments were selected from the
TIMIT speech database. Six types of noise signals were used
(N1: 1-kHz pure tone; N2: white noise; N3: noise bursts; N4:
cocktail party noise; N5: siren; N6: telephone trill) [9]. Among
these noise types, N1, N5 and N6 belong to colored noise. The
inputs for the segregation systems were generated by mixing
one of the eight clean speech signals with one of the six noise
sounds, which produced 48 (8×6) mixtures. The sampling rate
was 16 kHz for all sound files. Several system parameters were
related to the segregation performance in our approach. The
best performance was obtained when the number of channels
Nc for signal decomposition and the number of random sam-
ples N of ensemble Kalman filter were 128 and 100, respec-
tively. The variances of ε(1)m−1 and ε

(2)
m−1 in Equation (7) were

4.5 and R for perturbation of observation in Equation (8) was
0.1. λ for weight computation in Equation (17) was 10.

Table 1: Result SNRs for input mixtures of SNR 0 dB.

Noise no. Baseline EnKF
N1 3.39 4.73
N2 3.92 4.68
N3 2.99 4.18
N4 1.67 2.80
N5 3.94 3.63
N6 5.84 6.43

Average 3.62 4.41

Table 1 lists the SNRs of the segregation results for the
input mixtures of 0 dB SNR. Each value represents the aver-
age SNR for the mixtures of a specific noise and eight speech
sounds, while the value in the last row is the average of all 48
mixtures. We also investigated the performance of segregated
speech by varying the mixing SNRs from −5 dB to 10 dB. Fig-
ure 3 shows the average SNRs of the segregation results. These
results show that the proposed system was superior to “Base-
line” with all noise types in different SNR conditions.

Hu and Wang introduced two other measures in order to
evaluate the performance of the segregation systems: PEL and
PNR [9]. “EL” is short for energy loss, and hence PEL indi-
cates the percentage of target speech excluded from segregated

815



Table 2: PEL (%) and PNR (%) of segregation results for input
mixtures of SNR 0 dB.

Noise no. Baseline EnKF
PEL PNR PEL PNR

N1 36.83 3.79 20.21 8.80
N2 34.32 5.51 21.32 2.52
N3 29.07 28.57 13.63 23.48
N4 60.21 14.73 42.16 6.37
N5 31.69 2.53 26.09 13.38
N6 15.52 0.30 10.20 0.26

Average 34.61 9.24 22.27 9.14
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Figure 4: Average PEL and PNR of segregation results for var-
ious input SNR levels

speech. “NR” stands for noise residue, and PNR accordingly
indicates the percentage of interference included in the segre-
gated speech. By definition, both numbers are inversely pro-
portional to the segregation performance. These numbers are
computed using the ratios of the produced segregation mask to
the ideal binary mask. Let S(t) be the re-synthesized signal by
the segregation system and I(t) the signal re-synthesized using
the ideal binary mask. e1(t) is the re-synthesized signal present
in I(t) but missing from S(t). e2(t) is the re-synthesized signal
present in S(t) but missing from I(t). Then PEL and PNR are
computed as follows:

PEL =

∑
t e

2
1(t)∑

t I
2(t)

, PNR =

∑
t e

2
2(t)∑

t S
2(t)

. (19)

The ideal binary mask is obtained by comparing the clean
speech and noise signal: if the speech has more energy than
the noise in a T-F unit, the ideal mask for the unit is set to 1;
otherwise, it is set to 0.

Table 2 shows the average PEL and PNR of the segregation
result of two systems for the input mixtures of 0 dB SNR. The
result shows that the average PNR became slightly bigger but
the average PEL improved significantly by applying proposed
system for speech segregation. So the proposed system exhibits
better performance than Hu and Wang’s system in almost all the
noisy environments considered in the experiment.

We also compared the segregation results with various SNR
levels. Figure 4 shows the percentage values of the average
PEL and PNR for mixtures with different input SNRs ranging
from -5 dB to 10 dB. Although the performance of the proposed
system is slightly worse in terms of PNR, the performance im-
provement in PEL is obvious for all SNR levels. Thus, the over-
all performance of the proposed system is much better than that
of the conventional system.

5. Conclusion
We proposed a novel pitch track correction method based on an
ensemble Kalman filter for improving the performance of the
monaural speech segregation system in diverse noisy environ-
ments. Unreliable pitch streaks were corrected by applying an
ensemble Kalman filter instead of finding the peaks of the auto-
correlation functions. The proposed speech segregation system
performed significantly better than the conventional method. In
the future, we will analyze the parameters used in the ensemble
Kalman filter more precisely and apply other tracking filters to
pitch correction.
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