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ABSTRACT

In this work an adaptive filtering scheme based on a dual Dis-
crete Kalman Filtering (DKF) is proposed for Hidden Markov
Model (HMM) based speech synthesis quality enhancement.
The objective is to improve signal smoothness across HMMs
and their related states and to reduce artifacts due to acoustic
model’s limitations. Both speech and artifacts are modelled
by an autoregressive structure which provides an underlying
time frame dependency and improves time-frequency resolu-
tion. The model parameters are arranged to obtain a combined
state-space model and are also used to calculate instantaneous
power spectral density estimates. The quality enhancement
is performed by a dual discrete Kalman filter that simulta-
neously gives estimates for the models and the signals. The
system’s performance has been evaluated using mean opinion
score tests and the proposed technique has led to improved
results.

Index Terms— Kalman filtering, Spectral Analysis

1. INTRODUCTION

In the last few years HMM based text to speech systems
(TTS) gained paramount importance on the speech commu-
nity. One of the main advantages of this technique when
compared with the unit selection and concatenation method
is the fact that it is possible to build a good quality TTS with
as few as eighty sentences [1] and voice transformation can
be easily achieved by model adaptation [2]. During signal
generation, if a global variance [3] is not considered, fast
parameters variations across model and state transitions may
be introduced even if dynamic features are used. A final
low-pass filter can by introduced to reduce sudden spectral
changes and artifacts but voice quality will always suffer.In
[4] a CELP based coding scheme is used with good results
but at the cost of additional complexity during synthesis and
training.

Without restrictions to the speech coding technique used
on the HMM framework we propose the replacement of the
above mentioned final low-pass filter by an adaptive Kalman
filter assuming an underlying autoregressive (AR) structure
for the signal [5]. Additionally the generated speech arti-
facts, considered independent, are simultaneously modelled

and included in the Kalman estimation. The AR structure
gives an intrinsic correlation between consecutive time sam-
ples which leads to the desired smoothing and provides accu-
rate estimations of the power spectral density (PSD), for both
signal and artifacts. For a sufficient model order a high fre-
quency resolution is achieved which can be used as the base
for additional time-domain [6] and spectral-domain analysis
(spectral-subtraction [7, 8] and signal-subspace embedding
[9]). The proposed model is used for adaptive signal smooth-
ing and artifact modelling

The rest of this paper is organized as follows. Section
II discusses the used methodology with details on the state-
space model for the signal and the kalman filter iterative algo-
rithm. In Section III the results of the conducted experiments
are presented and then widely discussed in Section IV. The
conclusions are presented in section V.

2. METHODOLOGY

The discrete Kalman filter based tracking approach requiresa
discrete state-space model with the form:

x(k) = Fx(k − 1) + Gw(k) (1)

y(k) = Hx(k) + v(k) (2)

wherex(k) is the state vector,y(k) is the output or mea-
surement vector,F is the (state-space) process matrix that re-
lates previous and present states,G is the input weight vector,
w(k) is the input vector,H is the output matrix andv(k) is
a possible output disturbance. Equation 1 is a general vec-
tor Gaussian-Markov model withw(k) as a driving excitation
vector.

An AR recursion has been used for signal representation
with s(k) as the speech signal under analysis at instantk,
{ai}

M

i=1
are the model parameters,{s(k − i)}

M

i=1
are delayed

samples of the signal andw(k) is assumed to be the excitation
component at time instantk. This can be written using a com-
patible state vectorx(k) and a process matrix in controllable
canonical form. The matrix content vary with time because
the AR coefficientsai must be adjusted as the signal changes.
With the variable state transition matrix we have a dynamic
vector Gaussian-Markov state-space model.



The input weight matrixG that interfaces the driving ex-
citationw(k) and the process output matrix is:

GT = H = (1

M−1

︷ ︸︸ ︷

0 . . . 0) (3)

Coherently with equation 3 the outputy(k) andv(k) are
values and interface with the measurement error, with the last
having varianceσ2

s .
The artifacts are also modelled by an AR process with

orderN that is uncorrelated with the signal. This can be con-
sidered a valid assumption because their frequency contentis
usually constrained to some frequency bands and do not af-
fect all spectrum. Hence, if the above formulation is similarly
applied to the artifactsr(k) then the combined signal-artifacts
state-space model has a state vector

x(k) =

(
S(k)
R(k)

)

(4)

and the transition matrix is

F(k) =

(
Fs(k) 0

0 Fr(k)

)

(5)

The remaining matrices are arranged in a comparable way.
In the described model the AR coefficients in the process

matrix must be updated using the previous estimated values
that result from the recursion. If the speech signal is processed
by analysis of a set of overlapped windows then the spectral
correlation between consecutive window is almost neglected.
Also, depending on the window length and overlap ratio the
time-frequency resolution may be insufficient for enhancing
signal in the zones with higher frequency variations.

For improving time-frequency resolution, this work pro-
poses a role inversion between the speech signal part of state-
vector and the related part in the transition matrix. The new
state-space vector is

x(k) =

(
a(k)
r(k)

)

(6)

and the corresponding model is

x(k) =

(
I 0
0 Fr(k)

)

x(k) + G
(

0
w(k)

)

(7)

y(k) = Hx(k) + v(k) (8)

with

GT =





0 0
0 1 0 . . .0

︸ ︷︷ ︸

N−1



 (9)

and

H(k) =

(
s(k) . . . s(k − M − 1) 1 0 . . .0

︸ ︷︷ ︸

N−1

)

(10)

2.1. Dual Discrete Kalman filter

The Kalman filter, a particular case of the Wiener filter, can
recursively estimate the state of a linear stochastic process
such that the mean squared error is minimized. With the given
model the AR parameters can be estimated in parallel with the
state vector by two discrete Kalman filters.

The best linear estimatêx(k|k − 1) at instantk using the
knowledge up to instantk − 1 is calculated as

x̂(k|k − 1) = F(k − 1)x(k − 1|k − 1) + Gw(k − 1) (11)

and the related prediction error covariance matrix is

P(k|k−1) = F(k−1)P(k−1|k−1)F(k−1)T +GDGT (12)

where

D =

(
σ2

s 0
0 σ2

r

)

(13)

and is time dependent. These values can be estimated directly
from data since all the information is avalilable. Is some cases
it is possible to force specific value since these variables act
as confidence indicators and can used to make a more rigid or
forgiving tracking.

The minimum mean square error (MMSE) of the state
vector prediction is

S(k) = H(k)P(k|k − 1)HT (k) (14)

which in this case is a value. The optimum Kalman gain is
obtained from

K(k) = P(k|k − 1)HT (k)S(k)−1 (15)

The new state estimate is now calculated considering the
observed value and the prediction as

y(k) = x(n) (16)

ŷ(k) = H(k)x̂(k|k − 1) (17)

x̂(k|k) = x̂(k|k − 1) + K(k) [y(k) − ŷ(k)] (18)

and the new covariance follows like

P(k|k) = [I − K(k)H(k)]P(k|k − 1) (19)

whereI is an identity matrix with sizeM + N .
The new AR coefficients estimate is now used to update

the matricesF(k) andH(k). With this dual DKF algorithm it
is possible to obtain instantaneous values for the speech signal
and artifact estimation.
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Fig. 1. Integration of the proposed DKF methodology in a
typical HMM TTS architecture

2.2. PSD Modelling

The PSD estimates can be obtained directly from the state
vector by

P̂x(ejw, k) =

∣
∣
∣b̂(0, k)

∣
∣
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∣
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âi(k)e−jwi

∣
∣
∣

2
(20)

If consecutive instants are very near in time it is possible
to average the model coefficients across several consecutive
time frames for achieving more accurate results.

3. IMPLEMENTATION AND RESULTS

The used system architecture is presented on figure 1. The
TTS output is decomposed, on a frame by frame basis, into
excitation and filter using a 12th order AR model. The model
estimation is based on the modified covariance method be-
cause it gives stable filter realizations and for high order mod-
els the extra poles are placed in a way that their effect is
cancelled or convergent to the desired frequencies. The re-
alizations are very accurate and the filter shows a high order
robustness. The same TTS output is filtered using a variable
cut-off frequency high pass filter which will provide the arte-
fact signal estimation to which a similar AR modelling is ap-
plied. The PSD is estimated using both models and a signal
to artifact ratio (SAR) is calculated for cut-off frequencyad-
justment. The best SAR value for our system was 20. It is
initially assumed that the cut-off frequency of the filter islo-
cated at 5KHz.

The used HMM TTS has been built around the HTS [10]
basic configuration (as provided in the distribution) usingan
European Portuguese voice font (30min hand labelled were
used from a total of 60min). The audio was recorded in a pro-
fessional studio with a professional male speaker using 16 bit
samples and a 44100 hertz sampling rate. The utterances were
extracted from newspaper and classic literature. For our pur-
poses each sentence was saved in an independent file and the
audio was downsampled to 16000 hertz . All the processing
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Fig. 2. Subjective performance evaluation on the MOS scale
comparing

operations were performed with (Mathworks) Matlab scripts
running under (Microsoft) Windows XP environment.

On a first experiment we tried to objectively evaluate the
performance of the proposed methodology. A set of 10 sen-
tences was randomly selected from the remaining 30min of
the voice database. The same 10 sentences were generated
using the TTS with a final 8KHz first order low-pass filter
and their spectrum was compared with the original sentences
using a discrete Itakura-Saito based metric [11]:

dIS

{

P (ω), P̂ (ω)
}

=
1

N

N∑

m=1

(

P (ωm)

P̂ (ωm)
− log

P (ωm)

P̂ (ωm)

)

(21)

The obtained values served as a base line for the further
comparisons. The same metric was used for the utterances
generated using the Kalman filter only and using the Kalman
filter with artifact estimation and the results showed 5% and
8% similarity improvement respectively.

Additionally a perceptive test has been made with 6 vol-
unteers within the age range 19-23. The listeners were asked
to classify 15 sentences, 5 low pass filtered (LP), 5 Kalman
filtered (KF) and 5 Kalman filtered with artifact removal
(KF+AR) according to intelligibility. A 1 to 5 points scale
were used (1 for the worst result and 5 for the best result).
As can be seen on figure 2 the KF+AR procedure achieved
the best result very close to the KF only procedure. The 90%
confidence interval of these last results is higher than then
LP procedure. In both KF+AR and KF cases a minimum of
11.8% intelligibility increase was achieved when compared
to the baseline LP system.

In the frequency domain we show an example in figure
3. The bottom spectrogram shows a more smoothed signal in
time and the main formant frequency are still clearly defined.
The overall energy of the signal is a bit reduced.

4. DISCUSSION AND FUTURE WORK

The obtained results are very interesting but the proposed ap-
proach is highly dependent on the used voice-font and the
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Fig. 3. Spectrograms for the original signal low pass fil-
tered (top) and Kalman filtered with artifact removal (bot-
tom). Both signals are the acoustical representation of the
utterance ”Perı́odo muito importante”. The time (horizontal)
axis is in sample units (using a 16KHz sampling frequency)
and the frequency (vertical) axis is in normalized frequency
(8KHz considered)

HMM training process and parameters. Some further exper-
iments with females voices are still foreseen in order to tune
the system.

The natural DKF tracking capabilities make it suitable to
be used with different speech features. The line spectral fre-
quencies (LSF) appear at specific angles in unitary circle that
can be easily tracked. Using an independent Kalman filter
for each LSF parameter can provide a better control of each
frequency band. This work is on progress. The complete sub-
stitution of the speech generation filter by a Kalman based
filter that directly receives the decoded speech parametersis
also being worked.

5. CONCLUSION

In this work an adaptive modelling scheme based on Kalman
Filtering is proposed for speech smoothing and artifact esti-
mation. This filtering scheme is specifically developed for
HMM based speech synthesis. It was shown how the speech
and artifact estimation can be simultaneously integrated in a
single state-space model. A dual Kalman filter algorithm is
applied to this model in order to obtain improved signal esti-
mates. The system’s modelling ability and performance was

successfully evaluated by objective and subjective tests.
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