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Abstract The resulting overlapped signal blocks are added to olttain t
In this contribution a generalized method for spectralbroadband outputsignal. This type of overlap-add basegtsch
refinement (GSR) is presented which is applied as a posme is also known as a DFT-modulated not-critically-sampled
processing stage after a conventional frequency analysis §lterbank.
speech signals. The principle idea of GSR is to refine each For the window often a Hann function is applied which on
subband signal after a frequency decomposition indivigiual the one hand allows for an appropriately chosen subsampling
and to compute additional frequency supporting points irfactor (also known as frameshift) a perfect reconstruction
between using a linear combination of a the current as wethe output. On the other hand it shows good aliasing proper-
preceding and successive short-term spectra. For itsegffici ties which is important for adaptive subband filters such as
implementation a simplification of the GSR method is derivececho cancellation. However, windowing of successive digna
— it can shown that the refinement can easily be implemerblocks has most often the negative effect, that a significant
ted using short FIR-filters in each subband. This results ifirequency overlap of adjacent DFT subbands arises. Thus, ad
a very low computational complexity. The proposed methodacent fundamental frequency trajectories are sometiraes h
has been applied as a pre-processing stage for fundamentalseparate which is important for speech enhancement sche-
frequency estimation as well as for echo cancellation. Evames that involve fundamental frequency estimation. Intaddi
luations have shown that pitch frequency estimation methodon, aliasing components that appear due to large subsagmplin
can significantly be improved for all SNR considered wherfactors can remarkably degrade the convergence behavior of
employing GSR method. Echo cancellation experiments corthe echo cancellation schemies[5].
firm that GSR can enhance the performance by means of Increasing the DFT order to reduce the spectral overlap
improved steady-state convergence. and the aliasing effects one should consider that for hands-
Keywords Pitch frequency, echo cancellation, filterbank, free telephone systems several restrictions have to biefdifi
spectral refinement, higher resolution, speech enhandementhe tolerable front-end delay of a hands-free system coennec
ted to a GSM network should not exceed 39 s [6]. However,
increasing e.g. the DFT order frofi =256 to N =512 at
1. INTRODUCTION a sampling frequency of;=11025 Hz results in a delay of
approx. 46 ms in the signal path, which doesn’t fulfill ITU
In different applications such as hands-free telephony ognd ETS| recommendation. To overcome this, the herein pro-
speech dialogue within a car, the desired speech signal jgysed method for SR can be utilized. It is applied as a linear
disturbed by the background noise (engine, wind noise). etc.compination of a few weighted subband signal vectors at the
In order to reduce the disturbing components (while keeping,utput of a DFT.
the speech signal as natural as possible) speech enharicementhe contripution is organized as follows: First, a brief
algorithms are utilized. Most often enhancement algorthm ,,.eryiew about conventional methods will be given. After-
like noise reduction or echo cancellation are applied in th‘\’Nards, the novel generalized method for SR as well as com-
subband domain to reduce computational complexity and 19, ational efficient approximations will be presented.He t
achieve fast convergence for adaptive filters [8, 9]. The Miyqy; section applications of SR by means of improving funda-
crophone signal is usually first segmented into overlappingenta| frequency estimation schemes and echo cancellation

blocks of appropriate size2¢ — 30 ms) and subsequently gysiems are shown. The paper concludes with some simulati-
weighted with a window function. Afterwards, the windo- on results and a conclusion.

wed signal frames are transformed into the frequency domain

using a DFT. The obtained short-term spectrum (STS) can

be employed for estimating the power spectral density of the 2. CONVENTIONAL METHODS

background noise which is required, e.g., for noise reducti

on. After several signal processing stages the enhanced ST8 enhance the frequency selectivity of DFT-modulated fil-
is converted back to the time domain using an inverse DFTterbanks, they can be extended to a so-called non-criticall
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subsampled polyphase filterbanks [3]. In this case the hengthe analysis is achieved either by reducing the spectralagyve
of the analysis and synthesis window functions are allowed tof adjacent subbands or by computing additional subbands.
be larger than the number of used subbands (determined Bye refinement procedure can easily be implemented using
the DFT orderN). A polyphase filterbank introduces much short FIR filters in each subband channel — this results in a
lower aliasing components and the computational complexivery low computational complexity and an insignificant addi
ty is only increased marginally. As a consequence a framesional delay in the signal path.
hift close to the DFT order can be selected (depending on the
used Iength ofthe prototype filters). Inthe literature (f_ﬂ.@]) 3. GENERALIZED SPECTRAL REFINEMENT
design procedures are described that achieve a framesghift o
about3/4 N using filter orders of abo@— 8 N. While apo-  |n contrast to the contribution i [11] a generalized method
lyphase filterbank is able to reduces the computational confor spectral refinement method will be derived in the follo-
plexity for large frameshifts one the one hand it also insesa  wing which is applied afterwards to enhance pitch frequency
significantly the delay. Unfortunately, a high delay isvery  estimation and to improve the performance of echo cancella-
desirable for applications such as hands-free telephony.  tion. For the derivation of the generalized spectral refieem

In [5] critically subsampled systems have been investigatGSR) method a basic DFT of ordat and an increased DFT
ted. It was suggested to use adaptive cross filters in order tf order
explicitly cancel the aliasing components. The consege®nc

of using such cross filters lies in increasing the computatio N=N-+kyr with k€ {17 2,3, ... } (1)
complexity significantly and it has been found to have proble _
matic convergence speed. are assumed, whereagorresponds to the used subsampling

In [12] a delayless structure has been proposed where a
aptive filter weights are computed in the subband domain an

then transformed to an equivalent time-domain filter. With . - .
alow orderNV as well as of a high ordeY. Applying DFTs to

this structure the filtering operation is performed in thdi h iahted i ‘anal ihand N f
domain. A similar technique was developed|in [2] and [15]t e weighted input signal vectors resultinan requency
%upportmg points of the short-term spectra:

for an acoustic echo canceller whereas the adaptive proce

sing part takes place in the frequency domain. However, all N—-1

mentioned time-domain based filtering approaches have the Y (eﬂ'% n) = Z y(nr — k) hy, e ISk 2)

consequences of higher computation complexity. Also, thixe

schemes (the first part of the impulse response is convaived i

the time domain, the remaining part in the subband domain) v ( i )
. . e’

have been published by various authors.

The [13] the authors addressed the issues of computatio-

nal complexity and delay of subband adaptive filtering for ap Whereas the parametezsand;, characterize the frame in-

plications of acoustic echo control. It has been suggested dex and the chosen window function respectively (Egn. (2)

use filterbanks based on allpass polyphase IIR structune as and [3) can also be interpreted as subband signals of an ana-

alternative to the FIR based filterbanks. The use of allpagysis filterbank). Note that for calculating the refined shor

polyphase IIR filter banks achieve very high sidelobe atteterm spectrurTY(eJQ n) individual window functlonsb(”)

nuation and it has been shown to be computational efficiersire utilized. This is specified in order to allow dlfferenbsu

while keeping the aliasing components low. It has to be noband filters within a filterbank. The used frequency suppor-

ticed that with this approach non-linear phase distortaomd  ting points(2,, andQ are equidistantly distributed over the

appearance of narrowband high energy aliasing terms at thi®rmalized frequency range:

filter boundaries arise.

actor. All quantities in this contribution that character a
gh order will be designated with a tilde symbol. As input
we define an overlapped and windowed input signal frame of

h(H) 7]9 k (3)

\
MZ”

k=0

2 .
In [[7] an efficient prototype filter design method for an Q, = Nﬂu with p € {0, ey N — 1} and (4)
oversampled DFT filterbank has been proposed where the ali- _ o _
asing components are minimized while the total filterbank Qn = ﬁﬁ with 1 € {0, B 1}. (5)

group delay is pre-specified. It could be shown that the esti-
mation accuracy for non-critical decimated filterbankslés ¢ For the sake of simplicity the short-term spectféei, n)
se to the fullband solution and significantly better thartler andf/(ejﬁﬁ

- ) n) will be rewritten in matrix-vector notation:
critically decimated case.

In contrast to the state-of-the-art approaches, the herein Y(ejﬂ, n) = DHuy(n), (6)
proposed method for GSR is employed as a post-processor o . N
for analysis filterbanks. The enhanced frequency selégtfi Y (e’ n) = PY Dgoo Heok I g(n).  (7)
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The quantityD characterize a DFT matrix of ord&f andH  Once we have formulated the vector-matrix notation of the
denotes a diagonal matrix which consists of window functiorshort-term spectra using a basic and increased DFT of order

coefficients according to: N andN, respectively, the next step will be the derivation of a
i general solution for spectral refinement. The principla@idé
H = diag{ho, ..., hy-1} (8)  the GSR method s to determine a refined S¥$¢/?,n), by
ho 0 0 0 using the current spectruli(e’?, n) and a number of time-
_ 0 0 0 delayed spectrd (e}, n — k) of lower orderN without the
0 0o 0 need for an additional DFT of higher ordaf:
0 0 0 hn_1
T . . . Y (e/,n)
o formulate the higher resolution STS from Hg.(3) in -
matrix-vector notation the input signal is duplicat¥etimes. S : = Y(en).  (16)
This is done by multiplying the input vectay(n) with a Y (e, n— (M —1))

so-calledblock unit matrixdefined as: ) o . .
The matrix S refers to the SR matrix with a dimension of

FAOLI 100 }T7 (9) NxNM,whereasV is the number of the input spectra each
N1 shifted by a frameshift of samples. It is assumed that the

lower order STSY (7, n) are already available. The might

be used, e.g., to estimate the noise power for speech erhance

ment within a hands-free system. However, in some situstion

it is desired to determine a higher resolution STS in order to

N N
™ I(() )7
whereas each element characterizes an identity miﬁ@: =

diag{1} of size N. The resulting vectors are subsequently
multiplied by a block-diagonal window matrix:

Heooe = diag{ ﬁm ﬁh ’ ﬁﬁ—l }7 (10) enhan_ce fgature extractions schemes such as pitch frgquen—
cy estimation. For that purpose we suggest to apply a linear
with combination of the lower order short-term spectra as stated
N N N _ in Eqg. (18). The derivation of the generalized SR mafias
H, = diag{ e, RO, B } - (11)  well as its simplified version will be explained in the follow

n
Afterwards, a DFT is performed for each weighted input si- g
gnal vector. This is accomplished by using a block—diagonaé - ' .
T~ . .1. Determining the Spectral Refinement Matrix
DFT matrix Dgjock according to
Before calculating the SR matr& a constraint for the higher

Deiock = diag{ Do, Di, ..., Dg, }’ (12) orderwindowfunctions?bu is introduced:

whereas the diagonal elements of!EE(lZ) spec.ify DF‘_I’ m_a_tri- AD (B b, h]T _ E(ﬂ). (17)
ces of orderV. Once the DFT matrices are applied to indivi-
dual weighted input signal segments a vector (of ledght)  Thjs allows for an efficient implementation — as we will see
results. The vector containg short-term spectra. Thus, the |5ter on. The matrixd® of size N x M N consists of appro-
outcome represents the short-term spectra of the current ?:iriate weights" ™ with k € [0, N — 1] andm € [0, M — 1]
gnal frame weighted witV individual window functions. The structure of the matrix is shown in EGL118).
_ Finally, a so-callecselection matrixP™) (of dimension The main task ofA™ is to weight )/ window functi-
NxNN) is multiplied with the short-terT spectra in order to ons of lower ordertN and shift subsequently adjacent win-
select the desired output subband signdlg‘’z n). These-  dow functions by the chosen subsampling factoiThe so-
lection matrixis defined as obtained modified window functions were summed up to ob-
< < < = tain a desired higher order window function. Consequently
Ny _ (N) (N) () ~& ) : o
P - [ Py P, o Pﬁ_1 } - (13) ™ consists of a weighted sum of shif-

the window functiong

Jgd window functionsh. The coefficientsy), can be desi-

gned in such a way that a set of low-order window functions

N are transformed into a desired window function of higher or-

PELN) = diag{ pu0, Pu1, ---» P,5_1 }- (14) der. The resulting order of the window functién”™ from
Eq.[17 is given by:

)

Each element of Ed.(13) characterizes a diagonal matrix
orderN defined as:

The elementy,, ; from Eq.[14 have to fulfill the following

condition: N = N+r(M-1). (19)
Do 1, i i=p, (15) In the upper part of Fig.]1 an example of weighted and shif-
" 0, else ted Hann-windows each of lower order (dashed lines with
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[ ag"” e 0 0 (.
' 'a“"‘_'?) al v
g, ay A
A = (#1,0) . (,1) SRR YY) (18)
an’1 a/N r—1 a,2y
Q) q{EM-D
0 ... 0 ... 0 ...
N = 256, M = 5, r = 64) as well as the resulting win- well as of the delayed ones each of lower ortler
dow function of higher order (solid line withv = 512) is T
shown. The coefficients used for weighting the window func- Y(n) = [ylwr),...,y(nr—(M-1)] . (21)

Shifted Hann-windows and the resulting window

The quantitiedH gjock and Dgock Characterizélock-diagonal
matrices of the lower order window function and the DFT.

06l T Resdling vindow Using the above mentioned constraint (Eg. 17), the higher re
o _ Weighted and shifted solution STS from Ed.]7 can be expressed as follows:
R Hann-windows ~ _ _
g Y (¢/,n) = PY) Dgiook A™ TVM) Hgoo Y () . (22)
0.2 ~
s The block-unit matrixI ‘™) comprisesV identity matrices
e each of sizeVM (analogue to Eq.]9).
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Inserting the expression from Hq.]22 in Eq] 20 results in
several solutions for the matrig, that depend in general on
the input signal vectorg(n —m). A Solution that is indepen-

dent of the input signal can be obtained by:
S = P™ Dgioo AW TV pl (23)

After inserting the definitions of the matrices in Eql 23 tifie S
matrix S can finally be rewritten in the following way:

Frequency in Hz Si,mN+l (24)
Fig. 1. Upper part shows the weighted and shifted Hann- N1 N1 N
windows and the resulting window function, lower part de- _ Z Z Z —5 % 2(k+mr) (# m) G
picts the corresponding spectra. = = b2 uN =

tions have been chosen as follows? =

a;ﬁMﬁl) =0.3 K(),

The parameter in Eq.[24 specifies the row and the quantity
mN + [ the column of the SR matrix.

al’ = a? = 0.7Kyanda{™ ""? = K,[] As normali-
zation constanky = 3 has been applied. In the lower part of
Fig.[d the corresponding analyses of the short-term spawtra
depicted. By comparing the results one can see that the main
lobe width as well as the side-lobe amplitudes are reduced
when using the weighted sum of shifted window functitns Once the general solution for the SR matrix was formulated
Once the constraint for the window functions is defined it is now checked due to sparsely population in the following
the next step will be the solve the equation system for the SiR doing so, first it is assumed that the weighting coeffigent
matrix S. By doing so first Eq[{1l6) is rewritten as follows: for eachm-th window function are identical, meaning that
al™ = ¢(mm) In order to analyse the SR matrix quantita-

4. SIMPLIFIED VERSION OF SPECTRAL
REFINEMENT

S Dgjock Heiock Y (1) = Y (¢’",n) . (20) t|vely, the formulation of Eq24 is rewritten as follows:
The vectorf’(n) consists of the current input signal frame as a(z‘,m) B 7L
Si,mN-l—l = N ZmT Z € j27T N4 N . (25)

1For the sake of simplicity the superscript parameiéras been omitted. =0
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Further on, the geometric series on the left hand side df®q. 2input signal or to compute additional frequency supporting
can be dissolved in the following way: points in between:

a(im) sin (ﬂ(%)) e_jﬂ(m,%,m)

muzﬁ)

sin (W(%)) e_j”< NN

4.1.1. Refinement of the original frequency resolution

-7 %"i'rrw‘.
(26) If it is desired to calculate a spectral refinement of theierig
nal frequency resolution — i.e., eakfi frequency supporting
If the condition holds, that the higher filter order is a i point of the vecto® (e/%, n) is refined — the realization of
of the lower filter orderiN = ko N with ko € {2,3,...},then the spectral refinement can be performed in a efficient and re-
specific rows and columns of the SR matrix can be furtheliable manner. Due to the sparsely population of the matrix
simplified to: S the SR can be realized by short FIR-filters applied in each
subband after the frequency decomposition of the inpuigign
0, it (£ ez)n(l

y(n). The FIR filter coefficients
S’L,mN+l - a(iv"”) eij%imr, |f (L c Z) A\ (l = i )7

Si,'rnN-‘rl -

IS
Zl-

)

ko ko iiko = |Yiik0,00 Yiyiko, 10 "0 Jiyiko,M—1 (28)
Si;mN+ else. .
’ (27)  are extracted from the sparsely populated SR matrix by:
The symbolZ denotes the set of integers. Thus, eaErow Giihomm = SikoitmN - (29)

of S is sparsely populated, i.e., the elements of dﬁbtnow

are zero except of the column indices that are multiple§ of The refined spectrum for theth subband is determined by:
Furthermore, if the filter ordelN is chosen to be a multiple B

of the used frameshift, e.g.r or 4r, then those elements of ¥ (e/fo,n) = g, .z (¥ (/™ n) +... (30)
the sparsely populated rows of the SR matrix are either real Py

or imgginaril/.p P + 9 ko M1 Y(eJQL,n - (M -1)).

_ Forillustration purposes a simple example of the SR Magen analysis-synthesis schemes use a frameshift which is
trix is shown in Figl2 withM = 3, r = 2,andN = 4. 5 ititude of the DFT order. For such cases the filter co-
As a result, each second row (even indices of the SR mat”’@fficienthi . are either real or imaginary which in turn
results in a further reduction of the computational cost.

Fig.[3 shows a realization of an analysis filterbank with
SR as a post-processor by means of FIR-filterskfpe= 2.
The "auto” FIR filterg, , ;. -applied to refine the original fre-
quency supporting points are depicted in black color.

Spectral refinement matrix in dB

[’d

3 . ~ =

i et Y(en)

%0 F—"—">
6 90,1 Y (e7%,n)
; 91,1 T
Y(ejﬂl, n) ’ Y(em2 n)
912 }———>
0 1 2 3 4 5 6 7 8 9 10 11 DFT with ~_§,
indowi 91,3 Y (e7%,n)
Columns y(n) windowing : )

_ . . o and Vv (ei% 92,3 V (3%
Fig. 2. SR matrix: White color indicate values equal zero and subsampling (€' n) YR (e’ n)
black elements values unequal zero.
is sparsely populated. The elements in white color indicate Y (e7-1,n) ?(ejﬁzw—l’ n)
values equal zero, whereas the ones in black values unequal NN

zero. However, these rows are related to that frequency su
porting points, which would be computed with a basic DFT
of orderV as well as with a higher order DFT &f.

IQ—_ig. 3. Analysis filterbank with SR as a post-processor by
means of FIR-filters foky = 2.

4.1. Realization of spectral refinement 4.1.2. Computation of additional frequency supportingy®i
The proposed method for spectral refinement can either Reside refinement of the original frequency resolution &lis

applied to refine only the original frequency resolutiontegt so possible to calculate frequency points in between of the
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original spectrum. At a first glance, however, it's computa Complex multiplications and additions

tionally intensive due to the non-sparseness of the remgini for N =512, N =256, M = 3..5

rows of the SR matrix. In order to reduce the computatio —

nal complexity, one can approximate the non-sparse rows of N-order FFT NId(N) = 4608

the SR matrix by thel/ largest coefficient pairs. The lar- )

gest coefficient pairs correspond exactly to that weightng Spé\é't?;?%ﬂ;mggp(sm N 'd(_NQ) 4§2M ];7 6/828

lues around the desired frequency supporting points of th - —

short-term spectrum. Analyses have confirmed that the re- _.V-order FFTwith SR~ || N1d(N) + MN/2 + MN
and additional frequencies = 3200 ... 3968

sulting spectrum astonishingly shows low errors even if ont
ly M = 3...5 filter coefficients are used. The complete sy-r,p10 1 computation complexity of a higher order FFT and
stem of spectral reflneme_nt fég = 2 is deplcteq in _Flg[]3. of a basic FFT with additional SR.

The refinement of the original frequency resolution is accom

plished using "auto” FIR filters (drew in black color) and the

computation of the additional frequency supporting poémés

performed using "cross” FIR filters (drew in grey color). The 5. APPLICATIONS

"cross” as well as the "auto” filters can be calculated as:

The SR method can be applied in a variety of audio signal pro-

Gitom = StitmnN (31)  cessing applications. In this contribution two applicativill
be presented in more detail: The principle idea of using SR as
and the refined STS}(ejﬁl , n) is finally determined by: a pre-processing stage for enhanced fundamental frequency
estimation and the employment of SR for echo cancelation to
f/(ejﬁl n) (32) achieve a higher steady-state convergence.
M-1 ~ . . . .
> 9ot Y(eml/%,n —m), if kig €z 5.1. Spectral Refinement for Pitch Estimation
Eiﬂ - A broad variety of different algorithms for estimating thanf
~ > G0kl Y(ejQU/IQoJ ,n—m) else, damental frequency of speech signals exists, like methads b
m=0 ” sed on the harmonic product-spectruml [14] or on short-term
Koo Q5 auto-correlation[1]. For the following evaluations a nath
+ Z g[l/ff 1 l.mY(e “/k(ﬂ’n_m)’ i - g
m=0 o based on the last-mentioned approach has been employed: At

. the first stage the corrupted speech sigyal) is divided in-
where| | and| | denote rounding to the next smaller and.q oyerlapping blocks and subsequently windowed. Once the
larger integer, respectively. FFT as well as the SR method are applied to the input signal

block according to Fid.]3, the short-term power spectralden
4.2. Computational complexity of spectral refinement sity (PSD) is estimated. Applying the IFFT to a normalized
version of the PSD the auto-correlation function (ACF) re-
aﬁplts. Performing a maximum search of the ACF in a selected
range of indices, the normalized pitch period is estimdted.
nally, the pitch frequency is obtained using the inverseef t
gitch period. Further details can be foundlin|[10].
To show the performance and the accurateness of the pro-
few operations for refining the original frequency supprgti }Sosed_method, the estimated fundqmental frequenciesutitho
) . ) > %rjd with SR at different SNR conditions have been compared
points. Using SR as a post processing stage of a basic 256-
A ... “Wwith a clean speech laryngograph database. The reference da
FFT only about 2688 complex multiplications and add'tlonstabase consists of a multitude of pitch frequencies out®f th
are required while doubling the basic 256-FFT order to 512-

) “interval fy(n) € [50 Hz, 350 HZ]. For the evaluation the cor-
FFT abo_ut 4608 operathns are ne_eded. I.t has to be m.ent'Péctness and the false detection have been consideredado an
ned thatin many appllcatlons a basic FFT |s_already avmlabllyze the correctness of the estimated pitch frequenciesthr
needed for estimating sever ?I parameters, “ke. pitch gaqu range of values have been defined: the estimated error lies wi
cy used for speech recognition. In such situations, howeve,

only minor additional operations are required for perfargni fhin a_tolerance range of3 %, .ilo % and£20 %. False .
SR. If it is desired to calculate also additional frequengy-s detection means that the algor_lthm_ unde_r test detects f pitc
porting points as presented in SEc. 4.1.2 only few compIeI<requency Wh”.e no reference pitch is avallgble. N

" Tab.[2 depicts the correctness of the pitch estimation me-

multiplications and ad_dmons have to be added to the reflne,[-hod without and with SR for high, medium, and low SNR. A
ment system as seen in Tab. 1.

After the simplified version of SR and its efficient realiza-
tion were described, as a next stage we analyze its over
performance. Hence, the computational complexity 256
FFT order with additional SR is compared withb&2-FFT
order by means of complex multiplications and additions a
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Correctness [%] computational complexity often adaptive filters in the sub-
Q?foﬁig High | mean | Low band domain are used as a digital replica of a loudspeaker-
SNR SNR SNR enclosure-microphone (LEM) systei [8].
For estimating the subband echo signal first the micropho-
<3% 62.1 70.1 47.2 ne signal as well as the reference signal have to be segmented
Snt%r:ﬂg&d <10% 65.1 70.9 48.4 into overlapping blocks of appropriate sizes and afteraard
each block is transformed into the frequency domain. Usual-
<20% 65.5 714 | 493 ly successive segments are overlapping out of the range of
< 3% 82.1 80.3 55.9 50 — 75%. However, increasing the subsampling ratéhe
Method with SR computational load is decreased while at the same time ali-
up to 1 kHz <10% 88.1 853 58.2 asing components within subband signals are increases. It i
<20% 88.8 86.2 58.7 well known that subband echo cancellation requires nearly
aliasing free subband signals. Therefore, a compromise bet
Method with SR <3% 832 801 534 ween subsampling and computational cost has to be found.
up to 3 kHz <10% 89.8 85.3 56.9 To overcome a low steady-state convergence of echo can-
< 20% 906 86.3 575 ceIIatior_1 at large sub;ampling rates, the proposed_SR metho
can be implemented in the microphone as well as in the refe-

Table 2. Correctness of estimated fundamental frequenciekence path. In doing so, the refined reference subband sgynal
without and with SR for different tolerance ranges. convolved with an unknown LEM subband impulse response

to estimate the subband echo signal. Afterwards the echo si-

pitch was only detected if the normalized ACF at maximumgnal is subtracted from the refined microphone subbandlsigna

lag exceeds a predefined tresholdpf = 0.25. Note, that to determine the error subband signal for the filter update.

the refinement was only performed at lower frequencies up to . To shovv_the pgrformance Of e_cho cancell_atlon withoutand
1 kHz and 3 kHz, respectively. The results show that by app\f‘”th SR a simulation example is introduced in Fig. 4.
lying SR an increase of correctness by alitiut 25 % (abs.)
at high SNR is achieved, approx) — 15 % (abs.) at medi- s Short-term power before and after echo cancellation
um SNR, and abowlt— 10 % (abs.) at low SNR. Moreover, it ' ' ' ' '
can be observed that nearly the same performance is achie 0
when using SR up to 1 and 3 kHz. Hence, for pitch estime s}
tion it is sufficient to refine the input spectrum only at lower
frequencies up to 1 kHz which in turn results in a significan
reduction of the computational complexity. g -1s5f
The measured results for miss detections are listed |
Tab.[3. From the evaluations one can see that the miss det

Microphone
Output without SR
Output with SR

-25+

Missdetection [%] 30}
High Mean Low 35 ‘ ‘ ‘ ‘ ‘
SNR SNR SNR 2 4 6 8 10 12
Time in seconds
Standard method 18.1 114 8.6 Fig. 4. Performance of echo cancellation without and with
Method with SR up to 1 kHz 18.2 11.3 8.2 additional SR (white noise signal as excitation)
Method with SR up to 3 kHz 17.2 11.4 8.1

The black curve shows the short-term power of the exci-
tation signal, whereas the second and third graph depict the
outcome without and with SR (white noise is used as excita-

tion rates can nearly be kept constant for all SNR consideredon signal, local speech and noise are not consideredsn thi

while the correctness rates are increased at the same time. simulation). As setup for the evaluation a basic FFT of order
N = 256, a subsampling rate of = 100, a Hann-window,

and echo cancellation filter of lengtti = 8 at a sampling rate

of fs = 11025 Hz are utilized. For the filter update the norma-
The use of echo cancellation by means of adaptive filters ofized least mean square (NLMS) algorithm with a step-size of
fers the possibility of a full-duplex communications. Dee t S = 0.3 has been employed. Experiments have shown that the

Table 3. Miss detection of pith frequency without and with
SR up to 1 kHz and 3 kHz for different SNR's.

5.2. Spectral Refinement for Echo Cancellation
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echo reduction performance starts to decreasea0 using [3]
a standard method because of aliasing effects. For the refine
ment only short FIR filter of ordet/ = 3 are employed. Fur- [4]
thermore, only the original frequency supporting points ha
ve been refined, no computation of additional frequency sup-
porting points in between were calculated. Meaning that the
structure depicted in Fig] 3 has been employed except for the
"cross” filters. Moreover, equivalent subband filters hagerp  [5]

employed for each subband channéf( = 7). From the
simulation one can observe that using SR about 30 dB echo
attenuation can be achieved which is appropriate for echo ca 1
cellation. Compared to a standard method without SR a faster[
initial convergence and an improved echo attenuation of ap-
prox. 6 dB (after the echo cancellation filter has converged)
are achieved. It has to be noticed that only minor operations[7]
by means of multiplications and additions are added to a stan
dard method and an insignificant additional delay is inserte
in the signal path.

6. SUMMARY AND OUTLOOK [8]
In this paper a generalized method for spectral refinement ap
plied as a post-processing stage of an analysis filterbank fo 9]
speech signals was presented. At a first stage a general sé—
lution how to individually refine subband signals was deri-
ved. Afterwards a computational efficient method for spsctr
refinement was proposed based on a linear combination ¢0]
weighted subband signal vectors — the refinement procedu-
re can easily be implemented using short FIR-filters in each
subband channel. The SR method is particular suitable for
speech processing systems with already integrated asaly ELl]
filterbanks or DFT'’s — thus applying SR as a post-processin
specific feature estimation such as pitch frequency or noise
power can further be improved. The calculation of SR intro-
duces an additional delay in the signal which has been kep12]
low using short FIR filters for the refinement. In this contrib
tion the SR method has been applied for fundamental frequen-
cy estimation as well as for echo cancellation. Evaluation
demonstrated that pitch frequency estimation was improve
considerably for all considered SNR levels. For pitch eatim
tion only a refinement of the input signal at lower frequescie
(up to 1 kHz) is needed and thus results in a very low compu-
tational complexity. The application of SR for echo careell
tion have shown that the echo reduction especially for higheg[14]
subsampled systems can be enhanced when utilizing SR.

3]
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