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Acoustical Model of Speech Production =

For example, for £, = 8000 kHz, ¢ = 34000 cm/s, and L = 17 cm, the average length
of a male adult vocal tract, we obtain N =8, or alternatively 4 formants. Experimentally, the
vocal tract transfer function has been observed to have approximately 1 formant per }'cilo-
hertz. Shorter vocal tract lengths (females or children) have fewer resonances per kilohertz
and vice versa.

The pressure at the lips has been found to approximate the derivative of volume veloc-
ity, particularly at low frequencies. Thus, Z,(z) can be approximated by

Z,(2)= Ry(1-27") (6.16)

which is O for low frequel}cies and reaches R, asymptotically. This dependency upon fre-
quency results in a reflection coefficient that is also a function of frequency. For low fre-
quencies, 1, =1, and no loss occurs. At higher frequencies, loss by radiation translates into
widening of formant bandwidths.

Similarly, the glottal impedance is also a function of frequency in practice. At high
frequencies, Z; is large and r; =1 so that all the energy is transmitted. For low frequen-
cies, r; <1, whose main effect is an increase of bandwidth for the lower formants.

Moreover, energy is lost as a result of vibration of the tube walls, which is more pro-
nounced at low frequencies. Energy is also lost, to a lesser extent, as a result of viscous fric-
tion between the air and the walls of the tube, particularly at frequencies above 3 kHz. The
yielding walls tend to raise the resonance frequencies while the viscous and thermal losses
tend to lower them. The net effect in the transfer function is a broadening of the resonances’
bandwidths.

Despite thermal losses, yielding walls in the vocal tract, and the fact that both r, and
¥, are functions of frequency, the all-pole model of Eq. (6.13) for V(z) has been found to be
a good approximation in practice [13]. In Figure 6.11 we show the measured area function
of a vowel and its corresponding frequency response obtained using the approximation as a
concatenation of 10 lossless tubes with a constant #,. The measured formants and corre-
sponding bandwidths match quite well with this model despite all the approximations made.
Thus, this concatenation of lossless tubes model represents reasonably well the acoustics
inside the vocal tract. Inspired by the above results, we describe in Section 6.3 “Linear Pre-
dictive Coding,” an all-pole model for speech.

In the production of the nasal consonants, the velum is lowered to trap the nasal tract
to the pharynx, whereas a complete closure is formed in the oral tract (/m/ at the lips, /n/ ju§t
back of the teeth and /ng/ just forward of the velum itself. This configuration is shown in
Figure 6.12, which shows two branches, one of them completely closed. For nasals, the ra-
diation occurs primarily at the nostrils. The set of resonances is determined by the shape and
length of the three tubes. At certain frequencies, the wave reflected in the closu.re cancels the
wave at the pharynx, preventing energy from appearing at nostrils. The result is that.ff)r na-
sal sounds, the vocal tract transfer function V(z) has anti-resonances (zeros) in addition to
resonances. It has also been observed that nasal resonances have broader bandwidths than
non-nasal voiced sounds, due to the greater viscous friction and thermal loss because of the

large surface area of the nasal cavity.
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Figure 6.11 Area function and frequency response for vowel /a/ and its approximation as a
concatenation of 10 lossless tubes. A reflection coefficient at the load of k = 0.72 (dotted line)
is displayed. For comparison, the case of k = 1.0 (solid line) is also shown.
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Figure 6.12 Coupling of the nasal cavity with the oral cavity.

6.23.  Source-Filter Models of Speech Production

As shown in Chapter 10, speech signals are captured by microphones that respond (0

cha{nges in air pressure. Thus, it is of interest to compute the pressure at the lips P{2):
which can be obtained as

F(2)=U (2)Z,(2) = Us(2WV (2)Z,(2) 6.17

For voiced sounds we can m

glottal pulse (see Figure 6.13). Si
system.

s the
odel ug[n] as an impulse train convolved with ggﬁ]’z
nce g[n] is of finite length, its z-transform is am &
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Figure 6.13 Model of the glottal excitation for voiced sounds,

289

The complete model for both voiced and unvoiced sounds is shown in Figure 6.14, We
have modeled u;[n] in unvoiced sounds as random noise.

‘ A,

P G = EACY EVEVI

Figure 6.14 General discrete-time model of speech production. The excitation can be either an
impulse train with period T and amplitude 4, driving a filter G(z) or random noise with am-

plitude 4, .

We can simplify the model in Figure 6.14 by grouping G(z), V(z), and Z,(z) into H(z)
for voiced sounds, and V(z) and Z,(z) into H(z) for unvoiced sounds. The simplified model is
shown in Figure 6.15, where we make explicit the fact that the filter changes over time.

1] —e
O\—> H(z) | s
W% —e

Figure 6.15 Source-filter model for voiced and unvoiced speech.

This model is a decent approximation, but fails on voiced fricatives, since those
sounds contain both a periodic component and an aspirated component. In this case, a mixed
excitation model can be applied, using for voiced sounds a sum of both an impulse train and
colored noise (Figure 6.16).

iinni
Sarpety

Figure 6.16 A mixed excitation source-filter model of speech.

O~ H) |>» s(n)
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The model in Figure 6.15 is appealing because the source is white (has a fla Spec-
trum) and all the coloring is in the ﬁlter.'Ot.her S(?urce-ﬁlter dec9mpositions attempt (o
model the source as the signal at the glottis, in Wth.h the source is deﬁnitely not white
Since G(z), Z,(z) contain zeros, and V(z) can also contain zeros for nasals, H(z) is no longer.
all-pole. However, recall in Chapter 5, we state that the z-transform of x{n]= a"uln] is

X(2)= Za"z"' = l——l—_l- for |a| < 'zl (618
n=0 —az

so that by inverting Eq. (6.18) we see that a zero can be expressed with infinite poles. This is

the reason why all-pole models are still reasonable approximations as long as a large enough

number of poles is used. Fant [12] showed that on the average the speech spectrum contains

one pole per kHz. Setting the number of poles p to F, +2, where F, is the sampling fre-

quency expressed in kHz, has been found to work well in practice.

6.3. LINEAR PREDICTIVE CODING

A very powerful method for speech analysis is based on linear predictive coding (LPC) {4,
7, 19, 24, 27], also known as LPC analysis or auto-regressive (AR) modeling. This method
is widely used because it is fast and simple, yet an effective way of estimating the main pa-
rameters of speech signals.

As shown in Section 6.2, an all-pole filter with a sufficient number of poles is a good
approximation for speech signals. Thus, we could model the filter H(z) in Figure 6.15 as

H(Z) - X(Z) = 1 o 1 (619)
BT $, A

k=|

Wwhere p is the order of the LPC analysis. The inverse filter A(z) is defined as

A(Z) = 1-—iakz_k (620)
k=t

Taking inverse z-transforms in Eq. (6.19) results in

x{n]= ia,x[n —k]+e[n) (621

: s . le
Linear predictive coding gets its name from the fact that it predicts the current samp

as a linear combination of its past p samples:
in)= iakx[n—k] e
k=]
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Linear Predictive Coding -

The prediction error when using this approximation is

e[n] = x[n]—x[n] = x[n]- i a,x[n—k) (6.23)

k=l

6.3.1. The Orthogonality Principle

To estimate the predictor coefficients from a set of speech samples, we use the short-term
analysis technique. Let’s define x,_[n] as a segment of speech selected in the vicinity of
sample m:

x,[n] = x[m+n] (6.24)

We define the short-term prediction error for that segment as

je

E, =Y eln=Y (x,[n)~%,[n])" = Z[xm[n]-— ﬁa,xm[n- j]] (6.25)

In the absence of knowledge about the probability distribution of g,, a reasonable es-
timation criterion is minimum mean squared error, introduced in Chapter 4. Thus, given a
signal x_[n], we estimate its corresponding LPC coefficients as those that minimize the
total prediction error E, . Taking the derivative of Eq. (6.25) with respect to g, and equat-
ing to 0, we obtain:

<e,,x, >= Y e,[nkx,[n-i]=0 1<i<p (6.26)

where we have defined e, and x!, as vectors of samples, and their inner product has to be
0. This condition, known as orthogonality principle, says that the predictor coefficients that
minimize the prediction error are such that the error must be orthogonal to the past vectors,

and is seen in Figure 6.17.
Equation (6.26) can be expressed as a set of p linear equations

Zx,,,[n—-i]xm[n]=iaj2xm[n—i]xm[n—j] i=12,...,p (6.27)

n

For convenience, we can define the correlation coefficients as

.06, 1= x,[n—ilx,[n- /] (6.28)

so that Egs. (6.27) and (6.28) can be combined to obtain the so-called Yule-Walker equations:
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bng

$a b, i 1=0,000]  i=12,p

=1

(6.29)
Solution of the set of p linear equations results in the p LPC coefficients that mipjp:
icti ith a, satisfying Eq. (6.29), the total predict e il
the prediction error. With g, satisfying Eq. ( , al prediction error in kg, (629
takes on the following value: -
E, = Zx:,[n]—ia lzx,,,[n]xm{n— J1=0¢[0,0] —ia,«p[o, Jl (630)
n j=l n j=t
It is convenient to define a normalized prediction error u[n] with unity energy
Y uiln]=1 631)
and a gain G, such that
e,[n]=Gu,[n] (6.32)
The gain G can be computed from the short-term prediction error
E, =Y eln=G"Y un]=G (6.33)

::;g:;:sﬁﬂ The orthogonality principle. The prediction error is orthogonal to the past

6.3.2.  Solution of the LPC Equations

The solution of the Yule-Wa]

- o ) . ndard
matrix inversion package. B ker equations in Eq, (6.29) can be achieved with any 5%
solutions are possible, as de,

jent
ecause of the special form of the matrix here, some ef.ﬁde:o
We present three different als Cm-)ed below. Also, each solution offers a different msxg}t::

and the lattice method, gorithms: the covariance method, the autocorrelation mEEE™
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6.3.2.1. Covariance Method

The covariance method [4] is derived by defining directly the interval over which the sum-
mation in Eq. (6.28) takes place:

Nl
E, =Y euln] (6.34)
n=0
so that @,[i, /] in Eq. (6.28) becomes
Nel-g

¢,,,[isj]=i,xm[”—i]xm["—f]= Z x,[nlx, (n+i=j1=9,[/.i] (6.35)

n==i

and Eq. (6.29) becomes

6.1 90,0121 ¢,01,3] - ¢,[Lp]Y4q ¢.[1,0]
6u[21] 0.02.2] ¢,[23] - ¢,[2.p])a | |¢,[2,0]
¢m[371] ¢m[3’2] ¢m[3’ 3] T ¢m[3’ P] a |= ¢m[3’0] (636)

¢m[p!1] ¢m[p:2] ¢,,,[P,3] ¢m[p9p], a, ¢m[P!0]

which can be expressed as the following matrix equation
da=y (6.37)

where the matrix @ in Eq. (6.37) is symmetric and positive definite, for which efficient
methods are available, such as the Cholesky decomposition. For this method, also called the
squared root method, the matrix @ is expressed as

® = VDV’ (6.38)

where V is a lower triangular matrix (whose main diagonal elements are 1’s), and D is a
diagonal matrix. So each element of ® can be expressed as

ol j1= 2V,kde,,, 1€j<i (6.39)

kel

or altematively

J-
Vljdi =¢[i!j]_ZVikd}ij Isj<i (6.40)
k=1
and for the diagonal elements
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¢[i,i]=kz=:,deerk (6.41)

or alternatively
i=l
d,=¢li,il- Y Vid,, i22 (642)
kel
with
d, =¢[L1] (6.43)

The Cholesky decomposition starts with Eq. (6.43) then alternates between Egs, (6.40)
and (6.42). Once the matrices V and D have been determined, the LPC coefficients are
solved in a two-step process. The combination of Eqgs. (6.37) and (6.38) can be expressed as

VY=y (644)
with

Y =DV'a (6.45)
or alternatively

Va=D"'Y (6.46)

Therefore, given matrix V and Eq. (6.44), Y can be solved recursively as

i-l
YL=y,-3 VY, 2<i<p il

j=l

with the initial condition

Y, =y, (6.48)
Having determined Y, Eq. (6.46) can be solved recursively in a similar way
a=Y/d-¥V,a, 1si<p (649
J=i+l
with the initial condition
ap = Yp /dp (650)

whereTt};le index i in Eq. (6.49) proceeds backwards. np-
¢ term covariance analysis is somewhat of a misnomer, since we know from Cl#?

t : i I
er 5 that the covariance of a signal is the correlation of that signal with its mean removed:

was 5o called because the matrix in E 4 iance matnk
. . (6. of a covarianc
though this algorithm is mo q. (6.36) has the properties

re like a cross-correlation.
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6.3.2.2. Autocorrelation Method

The summation in Eq. (6.28) had no specific range. In the autocorrelation method {24, 27],
we assume that x,[#] is 0 outside the interval 0Sn< N :

x,[n]=x[m+ nlwin] (6.51)

with w{n] being a window (such as a Hamming window) which is 0 outside the interval
0 < n< N. With this assumption, the corresponding prediction error ¢,[n] is non-zero over
the interval 0 < n< N+ p, and, therefore, the total prediction error takes on the value

Nap-1
E,= i e,[n) (6.52)

n=0

With this range, Eq. (6.28) can be expressed as

N+p=l N-1=(i-j)

ol 1= Y xln—ilx,ln—j1= 3, x,[nlx,[n+i-j] (6.53)
n=0 n=0
or alternatively
0.0, /1= R, [i- jl (6.54)

with R_[k] being the autocorrelation sequence of x,[n]:

RIk=S xlnlx,[n+K] 1655

n=0
Combining Eqgs. (6.54) and (6.29), we obtain

ia,-Rm[I i-jl1=R,[] (6.56)
j=t

which corresponds to the following matrix equation

R,[0] R, 1] R(2] - RJip-1)a) (Rl
R,1  R,[0] R - Rp-20|a| |Ral2)
R[2]1 R, R[0] - R[Ip-31|a|=| R[] (6.57)
RIp-11 R,([p-21 R[p-31 = R0l A% R,[p]
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The matrix in Eq. (6.57) is symmetric :jm,d all the. elements. in it.s diagonals are ideﬂtical
Such matrices are called Toeplitz. Durbin’s recursion exPlonts this fact resulting in 3 ye,
efficient algorithm (for convenience, we ogm the subscript m of the autocorrelatiop iy
tion), whose proof is beyond the scope of this book:

1. Initialization
E° = R[0] -

2. Tteration. For i=1,---, p do the following recursion:

-l . i
K, =[R[i]—2a;"R[i "J]J/E ' (6.59)
j=1
a =k, (6.60)
a,=a;" —ka’;, 1€j<i (6.61)
E'=(1-k?)E"" (6.62)

3. Final solution:

a=a; 15j<p (669

where the coefficients £, called reflection coefficients, are bounded between ~1 and I (se¢
Section 6.3.2.1.3). In the process of computing the predictor coefficients of order p, the re-
cursion finds the solution of the predictor coefficients for all orders less than p.

Replacing R[] by the normalized autocorrelation coefficients r{;], defined as

r{j1= R{j1/ R(0] (6.64)

results if’ idem'ica] LPC coefficients, and the recursion is more robust to problems with
:‘.’“.h‘?‘et‘c precision. Likewise, the normalized prediction error at iteration i is defined by
ividing Eq. (6.30) by R[0], which, using Eq.(6.54), results in

4

poE . 6.65)
R[O] 1 ;ajr[_]] (
The normalized prediction error is, using Eqs. (6.62) and (6.65),

4

i H(l—kf) _ (6.66)
i=t
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6.3.2.3. Lattice Formulation

In this section we derive the lattice formulation (7, 19], an equivalent algorithm to the Lev-
inson Durbin recursion, which has some precision benefits. It is advantageous to define the
forward prediction error obtained at stage i of the Levinson Durbin procedure as

e.'[n] = x[n] —Zaix[n —k] (6.67)
k=1
whose z-transform is given by

E(z)=A'(2)X(2) (6.68)

with A'(z) being defined by

i
A@=1-Yaz* (6.69)
k=1
which, combined with Eq. (6.61), results in the following recursion:
A(z)=A"(@2)—kz" A" (z) (6.70)

Similarly, we can define the so-called backward prediction error as

b’[n]=x[n—i]—ia;x[n+k—i] (6.71)
k=1
whose z-transform is
B'(2)=z"4'(z")X(2) (6.72)
Now combining Eqs. (6.68), (6.70), and (6.72), we obtain
E'(z)= A" (2)X(2)—kz" A7(z)X(2)=E(2)- kz"'B(2) (6.73)
whose inverse z-transform is given by
en)=e"'[n]-kb"'[n-1] 6.74)
Also, substituting Eq. (6.70) into (6.72) and using Eq. (6.68), we obtain
Bi(z)=2"B"'(2)-kE™(2) (6.75)
whose inverse z-transform is given by
bn]=b"[n-11-ke"[n] (6.76)
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Equations (6.74) and (6.76) define the forward and backward prediction error

an i*-order predictor in terms of the corresponding forward

of an (i — 1)"-order predictor. We initialize the recursive algorithm b

order predictor is equivalent to using no predictor at all; thus
€°[n] = b°[n] = x{n]

and the final prediction error is e[n]=e’[n].

A block diagram of the lattice method is given in Figure 6.18, which rese

tice, hence its name.

While the computation of the &, coefficients can be done through the Ley
recursion of Egs. (6.59) through (6.62), it can be shown that an equivalent calc
found as a function of the forward and backward prediction errors. To do so

the sum of the forward prediction errors
N-I

E'=Y ()

n=0

Speech Signaj Repmm?
Ong

sequences
and backward Prediction emf)or

Y noting tha the gn

(617

mbles g |y,
inson Durbip

ulation can be
We minimize

(6.78)

by substituting Eq. (6.74) in (6.78), taking the derivative with respect to k,, and equating to

0:
Nl
Y e mp [n-1]
k-" = ..:l?,_l .
go (bi—l[n - 1])

Using Eqs. (6.67) and (6.71), it can be shown that

ik N=i

2 (") = X (67m-1y)’
.io[L e'[n]

_Xln]

b'[n)

—P>
&'[n)

6.79

Figure 6.18 Block diagram of the lattice filter.
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since minimization of both yields identical Yule-Walker equations. Thus Eq. (6.79) can be
alternatively expressed as

N=1
Y. &b [n—1]
kl n=0 =

ﬁ (e"' [n])2 Az‘: (b"' [n— 1])2 i IeH ”bI—I I

n=0 n=0

_<e™ b >

(6.81)

where we have defined the vectors e’ =(e"[0]---e"[N—1]) and b’ =(b'[0]'--b'[N—1]). The
inner product of two vectors x and y is defined as

N-l
<x,y>= Y x{n]yln] (6.82)

n=0

and its norm as
2 e, B
(X =<x,x>= 3 x’[n] (6.83)
n=0

Equation (6.81) has the form of a normalized cross-correlation function, and, there-
fore, the reflection coefficients are also called partial correlation coefficients (PARCOR).
As with any normalized cross-correlation function, the &, coefficients are bounded by

~1<k <1 (6.84)

This is a necessary and sufficient condition for all the roots of the polynomial A4(z) to
be inside the unit circle, therefore guaranteeing a stable filter. This condition can be checked
to avoid numerical imprecision by stopping the recursion if the condition is not met. The
inverse lattice filter can be seen in Figure 6.19, which resembles the lossless tube model.
This is why the &, are also called reflection coefficients.

Lattice filters are often used in fixed-point implementation, because lack of precision
doesn’t result in unstable filters. Any error that may take place — for example due to quanti-
zation - is generally not be sufficient to cause £, to fall outside the range in Eq. (6.84). If,
owing to round-off error, the reflection coefficient falls outside the range, the lattice filter
can be ended at the previous step.

More importantly, linearly varying coefficients can be implemented in this fashion.
While, typically, the reflection coefficients are constant during the analysis frame, we can
implement a linear interpolation of the reflection coefficients to obtain the exror signal. If the
coefficients of both frames are in the range in Eq. (6.84), the linearly interpolated reflection
coefficients also have that property, and thus the filter is stable. This is a property that the

predictor coefficients don’t have.
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g

&(n] ¢'[n] e'[n]

X[n]

v '[n]

b’ [n] bD[n]

Figure 6.19 Inverse lattice filter used to generate the speech signal, given its residug).

6.3.3. Spectral Analysis via LPC
Let’s now analyze the frequency-domain behavior of the LPC analysis by evaluating

G _ G
1_ iake—ja)k A(ejw)

k=1

H(E™) =

(685)

which is an all-pole or IIR filter. If we plot H(e/®), we expect to see peaks at the roots of
the denominator. Figure 6.20 shows the 14-order LPC spectrum of the vowel of Figure 6.3
(d).

100 - 3 .
90|
" 1
dB 70} v
60
S0 |
40(
0 ]
0«

0 500 1000 150020.'0_325'00306035004000
Figure 6.20 LPC s

30-ms Hal’n_[mng
is also shown.

bectrum of the /ah/ phoneme in the word lives of Figure 6.3. Used here 2 I:
window and the autocorrelation method with p = 14. The short-time spect™
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For the autocorrelation method, the squared error of Eq. (6.52) can be ex i
3 » £ d,
Eq. (6.85) and Parseval’s theorem, as . ) pressed, using

_G [ X ()P

En = e T 7 (6.86)

m

Since the integrand in Eq. (6.86) is positive, minimizing E, is equivalent to minimizing the
ratio of the energy spectrum of the speech segment | X (e’“)|* to the magnitude squared of
the frequency response of the linear system | H ). The LPC spectrum matches more
closely the peaks than the valleys (see Figure 6.20), because the regions where
| X, (e’®)| >] H(e’®)| contribute more to the error than those where | H(e™)|>| X, (¢*)].

Even nasals, which have zeros in addition to poles, can be represented with a; infinite
number of poles. In practice, if p is large enough we can approximate the signal spectrum
with arbitrarily small error. Figure 6.21 shows different fits for different values of p. The
higher p, the more details of the spectrum are preserved.

The prediction order is not known for arbitrary speech, so we need to set it to balance
spectral detail with estimation errors.

0 500 1000 1500 20(}3?50)3)(1) 3500 4000

Figure 6.21 LPC spectra of Figure 6.20 for various values of the predictor order p.

6.3.4. The Prediction Error

So far, we have concentrated on the filter component of the source-filter model. Using Eq.
(6.23), we can compute the prediction error signal, also called the excifation, or residual
signal. For unvoiced speech we expect the residual to be approximately white noise. I.n prac-
tice, this approximation is quite good, and replacement of the residual by vlvhite noise fol-
lowed by the LPC filter typically results in no audible difference. For voiced speech we
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expect the residual to approximate an impulse train. In practice, this is
the all-pole assumption is not altogether valid; thus, the residual, although it copggr. . -

is far from an impulse train. Replacing the residual by an impulse train, followadu[l,ms Spikes,
filter, results in speech that sounds somewhat robotic, partly because real speech Y the Lpe
fectly periodic (it has a random component as well), and because the 2eroes are no‘: ot per.
with the LPC filter. Residual signals computed from inverse LPC filters for Sevemmodeled
are shown in Figure 6.22. Vowels

How do we choose p? This is an important design question, Larger values of j | d

lower prediction errors (see Figure 6.23). Unvoiced speech has higher error lharl: Ve: 10
speech, because the LPC model is more accurate for voiced speech. In general, the no“;c:]d
ized error rapidly decreases, and then converges to a value of around 1214 for 8 l\Hz
speech. If we use a large value of p, we are fitting the individual harmonics; thus the LPC
filter is modeling the source, and the separation between source and filter is not going to be
so good. The more coefficients we have to estimate, the larger the variance of their estj-
mates, since the number of available samples is the same. A rule of thumb is to use com-
plex pole per kHz plus 2—4 poles to model the radiation and glottal effects.

not the Case, becy,

Signal Pradiction Error
0.4
200 §ed
ah* 0 '
-200 9
50 100 150 200 50 100 150 200
0.3
50 0.2
"es 0 0.1
-50 | 0
-100 -0.1
50 100 150 200 0.2 50 100 150 200
100 :
oh 0 0.1
-100 0
200
-300 0:1
50 100 150 200 50 100 150 200
100 0.4
‘ayt 0 0.2
-100 .
-200 0
50 100 150 200 50 100 150 200

Figure 6.22 LPC prediction error signals for several vowels.

For unvoiced speech, both the autocorrelation and the covariance mefmds pm;’:;
similar results. For voiced speech, however, the covariance method can Prov.‘dc be“erl in-
mates if the analysis window is shorter than the local pitch period and the window or;)’and
cludes samples from the closed phase (when the vocal tract is closed at the glomzllysis
speech signal is due mainly to free resonances). This is called pitch sy nchronots &
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and results in lower prediction error, because the true excitation is close to zero during the
whole analysis window. During the open phase, the trachea, the vocal folds, and the vocal
tract are acoustically coupled, and this coupling will change the free resonances. Addition-
ally, the prediction error is higher for both the autocorrelation and the covariance methods if
samples from the open phase are included in the analysis window, because the prediction
during those instants is poor.
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Figure 6.23 Variation of the normalized prediction error with the number of prediction coeffi-
cients p for the voiced segment of Figure 6.3 and the unvoiced speech of Figure 6.5. The auto-
correlation method was used with a 30 ms Hamming window, and a sampling rate of 8 kHz.

6.3.5. Equivalent Representations

There are a number of alternate useful representations of the predictor coefficients. The most
important are the line spectrum frequencies, reflection coefficients, log-area ratios, and the

roots of the predictor polynomial.

6.3.5.1.  Line Spectral Frequencies

Line Spectral Frequencies (LSF) {18] provide an equivalent representation 9f the predictor
coefficients that is very popular in speech coding. It is derived from computing the roots of
the polynomials P(z) and Q(z) defined as

P(z)= A(2)+ 2" * A(z™) SE)

0(2) = A(z)- """ A(z"") (6.88)

To gain insight on these roots, look at a second-order predictor filter with a pair of

complex roots:

A(z)=1-a,z" —a,z7 =1-2p, cos(2 /; )zt +pez” (6.5
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