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Abstract
In estimating the linear prediction coefficients for an autoregressive spectral model, the concept
of using the Yule-Walker equations is often invoked. In case of additive white Gaussian noise
(AWGN), a typical parameter compensation method involves using a minimal set of Yule-Walker
equation evaluations and removing a noise variance estimate from the principal diagonal of the
autocorrelation matrix. Due to a potential over-subtraction of the noise variance, however, this
method may not retain the symmetric Toeplitz structure of the autocorrelation matrix and thereby may not guarantee a positive-definite matrix estimate. As a result, a significant decrease in estimation performance may occur. To counteract this problem, a parametric modelling of speech
contaminated by AWGN, assuming that the noise variance can be estimated, is herein presented. It
is shown that by combining a suitable noise variance estimator with an efficient iterative scheme,
a significant improvement in modelling performance can be achieved. The noise variance is estimated from the least squares analysis of an overdetermined set of p lower-order Yule-Walker equations. Simulation results indicate that the proposed method provides better parameter estimates
in comparison to the standard Least Mean Squares (LMS) technique which uses a minimal set of
evaluations for determining the spectral parameters.
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1. Introduction
The linear prediction (LP) analysis has been extensively used for estimating vocal tract characteristics of speech.
In performing this analysis, a standard p-th order autoregressive (AR) process is typically used to model the
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spectral envelope of the speech signal. Under noise-free conditions, or at very high SNRs, the conventional methods, such as the Yule-Walker, the Burg, the covariance, and the modified covariance methods [1] provide a
fairly close estimation results of the spectral parameters. In the presence of noise, however, the AR model spectrum cannot fit the signal spectrum and the conventional spectral estimation methods result in undesired parameter hypersensitivity and an ensuing decrease in estimation performance. While many techniques exist for evaluating the parameters of an AR model from noiseless data, the methods for AR modelling in the presence of
noise are less plentiful. In general, these methods fall into two broad classes: parameter estimation techniques
based on autoregressive moving average (ARMA) models and parameter compensation techniques which rely
on the so-called lower-order Yule-Walker equations (LOYWE). They attempt to overcome the limitations of
conventional methods by combining both the forward and backward AR models for accurate spectral estimation.
As the suitable model for an AR (p) plus noise process is an ARMA (p, p) model spectrum [2], the first class
is recognized to be more general and realistic for accurate description of the signal spectrum. Closely related to
this class are the higher-order Yule-Walker equations (HOYWE) method [3]-[8] and the overdetermined normal
equations (ODNE) approach [9]-[11]. The former has the attractive feature of computing the ARMA coefficients
without involving the zero-order autocorrelation lag, yielding unbiased parameter estimation in the presence of
noise. Its major disadvantage is typically related to the poor estimation of higher order lags. In contrast, the latter
is effective in compensating the estimation errors. Considered as an alternative to the maximum entropy (ME)
method, it has been demonstrated that the ODNE method provides more precise and stable spectral parameters
at the cost of increased computational complexity [10].
The second class includes those methods that are designed to mitigate the bias error induced by the noise.
Generally, these noise-compensation methods [12]-[16] involve iterative schemes which use a set of statistical
equations for estimating the parameters of the rational model being used. As with any iterative schemes, an important issue associated with these methods concerns the conditions for which they converge. It is a well-known
fact that for the estimate of a parameter to converge, in some sense, to its desired value, it is necessary that the
variance of the estimate fall below some predefined condition. The latter is typically selected to guarantee the
stability of the estimated AR parameters. In [12], Kay proposed a noise compensation technique which attempted to correct the estimated reflection coefficients for the effect of white noise. A noise subtraction method
was proposed in [13], which computed an appropriate bias that should be subtracted from the zero-order autocorrelation lag to ensure that the estimated autocorrelation matrix was non-singular. In [14], noise compensation
was performed by progressively subtracting an estimate of noise power from the corrupted autocorrelation function. The authors in [15] suggested an iterative noise-compensation method which used the minimum statistics
approach to compute the noise autocorrelation sequence that should be subtracted from the corrupted autocorrelation lags. In [16], the authors formulated a quadratic eigenvalue problem in which the AR parameters and the
noise variance were implicitly estimated and used in conjunction with the spectral factorisation approach to reduce the effect of noise on the autocorrelation function of the residual signal.
The main contributions of this paper are twofold. First, the variance of the noise, which is assumed to be
white Gaussian, is evaluated from the least squares analysis of an overdetermined set of p lower-order YuleWalker equations. Second, the convergence condition involves both the magnitude of the reflection coefficients
and the smallest eigenvalue extracted from the autocorrelation matrix. The paper is structured as follows. The
next section presents a brief description of the overdetermined modelling approach and the singular value decomposition (SVD) method involved in estimating the noise variance. Section 3 provides a thorough description,
and derivation of the noise variance estimator. The noise variance is then used by an efficient iterative scheme to
compute the magnitude of noise that should be removed from the zero-order autocorrelation lag prior to the determination of the LP parameters. This iterative scheme uses both the smallest eigenvalue of the autocorrelation
matrix and the magnitude of the extracted reflection coefficients as the convergence criteria. Providing that the
expected noise variance is lesser than the smallest eigenvalue, or the magnitude of the extracted reflection coefficients are smaller than one, stable and accurate prediction parameters are guaranteed. Such iterative scheme is
described in Section 4. Section 5 presents the simulation results supporting the analysis and providing a comparison with the standard LMS technique. Section 6 concludes the paper.

2. Theoretical Background
This section briefly discusses the overdetermined modelling and the singular value decomposition (SVD) me-
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thods that will be used in the next section to derive the noise variance estimator. The discussion will be conducted at an informal level to make the material as accessible as possible.

2.1. Overdetermined Normal Equations
An ARMA model of order (p, q) is considered to have a frequency characterization which is the composite of
both forward and backward AR models. This model assumes that the time series {xn} can be modelled according
to the following recursive relationship
p

q

xn =
−∑ ak xn − k + ∑ bk un − k ,

(1)

=
k 1=
k 0

where ak and bk are the k-th parameters of the all-pole and all-zero models, respectively, {un} is a normalized
white noise with distribution N ( 0, σ u2 ) and n is the data sample (i.e., 1 ≤ n ≤ N). The HOYWE method involves
the solution of a set of statistical equations to determine values for the ak and bk parameters of this rational
model. In this method, only 2p correlation coefficients are involved. It was shown by many researchers, such as
Cadzow [9] and Kay [12], that improved estimates of theses parameters can be obtained by using a larger number of equations than the minimal number (i.e., p) of HOYWE evaluations. This overdetermined set of linear
equations can readily be solved by a wide variety of linear algebra techniques, such as least squares, total least
squares and singular value decomposition.
Every autocorrelation lag provides property information about the underlying data sequence which is inversely proportional to the lag order. The zero-order lag is proportional to the signal power. The first lag is
similar to the correlation between two copies of the signal at adjacent samples in time, and so on. Obviously, as
the lag order increases, the provided information becomes less valuable. It is worth noting that estimating a correct model order (i.e., number of equations) is an important issue in signal modelling. Increasing the number of
equations is particularly valuable for narrowband processes. In this case, a slow decay of the correlation sequence is expected with relatively large values assigned to higher lag coefficients. For broadband processes, a
fast decay of the correlation sequence is expected with little information provided by the higher lag coefficients.

2.2. Singular Value Decomposition
To extract the prerequisite model order values from the overdetermined set of linear equations, the SVD method is
often used [17]-[19]. Let A be an m × n data matrix with real or complex entries. It is well-known that the following decomposition of A always exists
p

A =U ΣV T =∑ δ i ui viT ,

(2)

i =1

where U and V are m × m and n × n unitary matrices, respectively, p = min(m, n), and Σ is a rectangular diagonal
matrix of the same size as A with real nonnegative entries, {δi}.These diagonal entries, called the singular values
of A, are ordered in descending order of magnitude (i.e., δ1 ≥ δ 2 ≥  ≥ δ p > 0 = δ p +1 =  = δ n ) with the largest
in the upper left-hand corner. The nonzero singular values are the square roots of the eigenvalues of an estimated
correlation matrix AAT or ATA. Thus, the rank of A equals the number of non-zero singular values. The columns
of U and V are the eigenvectors of AAT and ATA, respectively.
The pseudo-inverse A# of Equation (2) is related to the SVD of the matrix A by the formula: A# = VΣ #U T ,
where the diagonal matrix Σ# is obtained from Σ by substituting each positive diagonal entry by its reciprocal.
For the SVD computation of a rectangular matrix, highly accurate and numerically stable algorithms were developed [20]-[24]. In the absence of noise, the solution of (2) is often satisfactory. This is because there will be
only p nonzero elements in the diagonal matrices Σ and Σ#. The introduction of a small amount of noise tends to
change the situation. Some or likely all of the formerly zero singular values of matrix Σ become small nonzero
values. These small diagonal values of Σ become large diagonal values of Σ#, which leads to large perturbations
in the estimated LP parameters. This undesirable effect can be minimized by replacing matrix A in the case of
noisy data by a lower rank approximation Â prior to computation of the LP parameters.

3. Estimation of Noise Variance
In this section, we will first be concerned with the evaluation of the extended order autocorrelation matrix from the
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higher-order Yule-Walker equations. Then, the SVD method outlined in the previous section is used to compensate for the trivial singular values induced by the AWGN. The resultant AR spectral parameters are subsequently used in the derivation of the noise variance. In the following, the notation al and ah are used to denote AR
spectral estimation from LOYWE and HOYWE, respectively, as they provide more understandable descriptions
with less information.
As previously stated, the overdetermined modeling method uses more correlations than the minimal number
required by the predictor model to establish the normal equations. In this method, the q non-singular higher-order
Yule-Walker equations are solved in a least squares sense as specified by
p

∑ akh rx ( n − k ) ,

p < n ≤ p + q,

(3)

k =0

h
where the first component a0 is required to be one, and the statistical autocorrelation rx (n) satisfies the relation:

=
rx ( n ) E { x ( n ) ⋅ x ( n – k )} . It was shown in [18] that for N data lengths, a lag indices q of approximately N/2 to

3N/4 provides higher resolution and stable estimates. Accordingly, there exists an inherent trade-off between estimation accuracy and model complexity. Expressing Equation (3) in a compact matrix form gives a set of q linear
h
equations in the p unknowns, ak

Rx a h = −rx ,

(4)

where ah is the p × 1 AR parameter vector, rx is a q × 1 column vector, and Rx denotes the q × p ARMA autocorrelation matrix. They are given, respectively, by
T

a h =  a1h  a hp  ,

(5)
T

rx =+
 rx ( p 1)  rx ( p + q )  ,

(6)

 rx ( p )
rx ( p − 1)
 rx (1) 


r
p
+
r
p
 rx ( 2 ) 
1
(
)
x( )
Rx =  x
.



 


 rx ( p + q − 1) rx ( p + q − 2 )  rx ( q ) 

(7)

Since the autocorrelation lags are unknown, then they may be replaced with estimated autocorrelations using
a sample realization of the AR process. However, there is an important issue in AR modelling related to the selection of a suitable autocorrelation lag estimation scheme. The typical unbiased and biased autocorrelation estimates are among the most commonly used techniques in spectral estimation. According to [9] [25], the former
has been proven to be the optimum choice for the lag estimates required in (4). Moreover, the autocorrelation
matrix formed from this set of estimates will typically have a desirable Toeplitz structure when using this unbiased
scheme. Since only xn is available, the autocorrelation lags can be generated according to
=
rˆx ( n )

1 N −n
∑ x ( n ) ⋅ x ( k + n ),
N − n k =1

0 ≤ n ≤ p + q.

(8)

The required ARMA model’s AR parameters ah can be found by solving the q over determined linear equations
given in (4). Under noise-free conditions where almost exact autocorrelation lag estimates can be found, the rank
of the autocorrelation matrix Rx will be equal to p. Due to noise and a finite data samples, however, there will be
inherent statistical errors that will affect the autocorrelation lag estimates. It turns out that Rx will be of full rank,
resulting in inaccurate AR parameters estimates. It has been shown that a suitable approach to deal with this
problem consists in evaluating the rank-p approximation of the matrix Rx.
As stated previously, SVD is a particularly attractive method for numerically evaluating the rank of a matrix.
k
Let l denotes the rank of the underlying matrix Rx and Rˆ ( ) be its optimum rank-k approximation (assuming k ≤
x

rank [Rx] = l). Having calculated the singular value matrix Σ from (2), the closest rank-k approximation of the
ARMA matrix Rx can be evaluated by the Frobenius norm minimization
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l

∑ δ i2 ,

(9)

0 ≤ k ≤ l.

i= k +1

k
According to (9), the extent to which Rˆ x( ) approximates Rx depends on the sum of the (l − k) smallest singular values squared. In order to measure the validity of this approximation which is independent on the size of the
matrix Rx, the best rank-k approximation can be determined by evaluating the following normalized ratio

Rx(

=
Q
k

k

∑ δ i2

k)

i =1
l

=
Rx

∑ δ i2

,

1 ≤ k ≤ l.

(10)

i =1

The normalized ratio in (10) approaches its maximum value of one as k approaches l. Upon solving Equations
(9) and (10), the required ARMA model’s order p can readily be determined, which is set equal to the smallest
value of k for which Qk is evaluated close to one. Thus, the q × p matrix of lower rank p that best approximates
the underlying ARMA matrix Rx is generated by setting to zero all but the p largest singular values of the matrix
Σ, that is,
p

p
Rˆ x( ) =Σ
U pV T =
∑ δ i ui viT .

(11)

i =1

Using this rank approximation approach, the first p singular values of the diagonal matrix Σ represent the
useful data of the matrix Rx whereas the last (l − p) singular values are attributed to noise. Combining Equations
(11) and (4) and solving for the ARMA model’s AR parameters gives
p
uT r
aˆ h =
V Σ #pU T rx =
∑ i x vi ,
i =1

(12)

δi

where the matrix Σ #p designates the pseudo-inverse of Σ p . It is generally acknowledged that this overdetermined modeling approach which incorporates the concept of SVD has shown to be worthwhile for performing
autoregressive parameter estimates, particularly at lower SNR levels [26]. Upon the determination of the noiseless AR parameters, the noise variance can subsequently be evaluated by the following relationship [27]:

=
σˆ v2

p

∑

aˆih

( aˆ )

p

(

)

⋅ ∑ a hj rx ( i − j ) + rx ( i ) .

2
h
=i 1 =
j 1
i

(13)

It is worth noting that the above equation is derived from the least squares analysis of the overdetermined set
of p lower-order Yule-Walker equations.

4. Iterative Noise Compensation
In this section, the estimated noise variance is used in an efficient iterative scheme, which is essentially a gradient
method, to determine the AR parameters of a lower-order ARMA model with AWGN. The iterative scheme rests
on the well-known assumption that in the correlation domain, only the zero-order lag is affected by white noise,
while the remain unaffected. The non-singularity of the ARMA matrix is evaluated by considering both the
smallest eigenvalue of the autocorrelation matrix and the magnitude of the estimated reflection coefficients.
In order to gain insight into the convergence behavior of the iterative scheme, we define the modulus of the (j
+ 1)-th reflection coefficient (0 ≤ j < p) of the matrix Rx and the smallest eigenvalue (in magnitude) as Γj+1 and
λmin, respectively. This scheme determines the proportion of noise that should be removed from the zero-order
lag so that the matrix Rx is non-singular. Note that the positive-definite property prevents Rx from becoming
singular. Upon comparison of either the value of the estimated noise variance to λmin (first criterion) and/or Γj+1
for all j to one (second criterion), the singularity of the matrix Rx can be measured. Providing the value of the estimated noise variance is smaller than the smallest eigenvalue or the estimated reflection coefficients are less
than one in magnitude, accurate and stable LP parameters are obtained accordingly. It is worth noting that the
second criterion gets only considered when the first one is not satisfied. In this case, the update equation for the
entries of the underlying matrix at the ith iteration is given by
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R( x ,γ ) (=
k ) Rx ( k ) − (1 − γ ⋅ i ) σ v2δ ( k ) , 0 ≤ k ≤ p − 1,

(14)

where γ is an iteration step size that provides a reasonable tradeoff between the rate of convergence and the estimation accuracy of the autocorrelation matrix [15], and δ (.) is the Kronecker delta. According to the above
equation, it can be concluded that the total noisegets subtracted from the zero-order lag if the first criterion is
fulfilled, and a fraction otherwise. Considering both criteria, the iterative scheme can then be applied according
to the steps shown in Figure 1.

5. Simulation Results
This section presents some computer simulation results which support the thorough analysis presented above.
The object of these simulations was to evaluate the effectiveness of the proposed method by comparing its spectral estimation performance with the conventional LMS method (i.e., minimal set of LOYWE evaluations). The
first set of experiments involves using LP spectral analysis for estimating the AR model’s parameters. While in
the second set of experiments, statistical bias in estimating the AR spectral parameters is achieved.
Designed to be equally intelligible in noise, the sentence “A boy ran down the path” taken from the Hearing
in Noise Test (HINT) database [28] and uttered by a male talker was recorded at a sampling rate of 11.025 kHz
and used in all the experiments. Figure 2 illustrates the speech waveform given for the two sets of experiments.
As this work is directed towards parametric modeling and analysis of speech, three segments corresponding to
vowels, /a/, /e/ and /o/, were selected from the above sentence. Sampled values of white Gaussian noise was
generated independently by simulation and added acoustically to achieve an input SNR of roughly 0 dB. These
segments are subsequently analyzed with N = 256 data points, p = 15 and p + q = N/2. The iteration step size
was optimized through simulation and then set to 0.05. No pre-emphasis was applied on the selected segments.
In the following, the proposed method is called a noise compensation based SVD (NCSVD).

Figure 1. Iterative noise compensation scheme.

Figure 2. Speech waveform given for the two experiments.
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Figures 3-5 show the estimated power spectra resulting from the NCSVD and the conventional LMS method,
and obtained by averaging 50 realizations for each of the three natural vowels considered in this analysis. We
observe from these figures that the formant peaks in the NCSVD spectral estimates are more accurately found
and shift towards their right positions. In contrast, the conventional LMS method yields poor spectral estimates
at lower SNR levels, as expected.
For each of the three vowels, 50 independent realizations were generated and 300 data points were used from
steady-state data to estimate the AR spectral parameters for each realization. Statistical bias in estimating AR
parameters is computed by ensemble-averaging over the whole realizations. It is performed on the first four parameters which are related to the first two formant peaks of each of the three vowels. Table 1 summarizes the
obtained statistical performance for the given set of vowels. It shows a bias improvement of 0.03, on average,
when using the proposed method relative to the conventional LMS. This improvement, however, is achieved at
the cost of additional computational effort required for calculating the SVD.

Figure 3. Averaged power spectrum of vowel /a/.

Figure 4. Averaged power spectrum of vowel /e/.
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Figure 5. Averaged power spectrum of vowel /o/.
Table 1. Statistical Performance for /a/, /e/ and /o/ vowels.
Vowel
/a/

/e/

/o/

Method

a1

a2

A3

a4

LOYWE

−1.1266

0.0488

0.0535

0.0106

NCSVD

0.0981

−0.0049

0.0055

−0.0013

LOYWE

−1.3539

0.2061

0.0598

0.0862

NCSVD

0.1327

−0.0305

0.0059

−0.0009

LOYWE

−1.2199

0.1742

−0.1393

0.3920

NCSVD

0.1027

−0.0191

0.0199

−0.0643

6. Conclusion
For the purpose of AR spectral estimation in additive white Gaussian noise, a robust parametric modelling method
was presented which combined an appropriate noise variance estimator with an efficient iterative scheme. The
noise-variance estimator was derived from the combination of the ODNE method and the truncated SVD of the
autocorrelation matrix. The method provides both accurate and stable LP parameters. It was found from computer
simulations that its spectral performance was better than that of the conventional LMS approach in terms of
formant peaks tracking. This improvement, however, was achieved at the cost of additional computational effort
required for calculating the SVD. Fortunately, there exist extremely efficient and computationally tractable algorithms for speeding up the SVD calculation. Moreover, this extra computational effort should not be a problem
given the increasing use of parallel computing architectures in signal processing applications.
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