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Speech Enhancement Using 2-D Fourier Transform

Ing Yann SoonMember, IEEEand Soo Ngee Koh

Abstract—This paper presents an innovative way of using the the minimum of the coefficients with that of the neighboring
two-dimensional (2-D) Fourier transform for speech enhancement. frames. A weighted average of several frames is also adopted in
The blocking and windowing of the speech data for the 2-D Fourier [17]. Ephraim’s decision directed priori SNR estimation [8]

transform are explained in detail. Several techniques of filtering . f lati hich invol th .
in the 2-D Fourier transform domain are also proposed. They in- USes arunning average rormuiation which Involves the previous

clude magnitude spectral subtraction, 2-D Wiener filtering as well frames. Neighboring frames are also exploited in [10] which
as a hybrid filter which effectively combines the one-dimensional uses one-dimensional (1-D) interpolation and in [18] which uti-
(1-D) Wiener filter with the 2-D Wiener filter. The proposed hybrid  |izes a 1-D interpolation and a 2-D smoothing scheme.
filter compares favorably against other techniques using an objec-  Hance it is clear that some correlation exists between neigh-
tive test. . . - . A
boring frames which can be utilized to achieve further gain in
Index Terms—Noise reduction, speech enhancement, speech pro-performance. One very natural way of exploiting this remaining
cessing. correlation is to use a 2-D transform. For this purpose, multiple
time frames are arranged into a block and windowed before
|. INTRODUCTION transformation. Using a 2-D transform allows the use of both

HE f h . ¢ ¢ . sPectraI subtraction as well as 2-D filtering techniques.
US€ Of Speech processing systems Tor voice communl-—r, o arrangement of the speech data in a 2-D form and its ap-
cation and voice recognition is becoming very commo

This is due | v to th lability of | t digital si ropriate windowing such that the 2-D Fourier transform can
IS 1S due fargely to the availability of low cost digital signaj, , applied are described in Section Il. In Section Ill, various

processors and memory chips. The presence OT baqur_o_'ﬁﬂgring techniques applicable in the 2-D Fourier transform do-
noise affects the perceived speech quality and intelligibili ain are described. The simplest is magnitude spectral subtrac-
as well as d'e.grades the performance of ;pgech co'dgrs fi08, while a better scheme is the 2-D Wiener filter. The best
voice recognition systems [1], [2]. Hence, it is beneficial tgc eme consists of a combination of the 1-D Wiener filter and
Ecokrporatedsome form of enhancement to reduce the eﬁectﬂq 2-D Wiener filter. A residual noise reduction scheme using
alt\:/l groun nor:se. h ¢ algorith ol ted time-frequency filtering can also be applied to remove the re-
¢ afny spdeec .ent an;eme?h algonithms are Im?{ em(;n(;ad 'Pngining residual noise. In Section IV the proposed technique is
ranstorm domain 1o reduce the noise component émbedde H?npared with other techniques such as Minimum Mean Square

a speech signal. The motive for this is that it is normally eaSiErrror (MMSE) filtering [8] and audio masking-threshold fil-
to filter noise in the transform domain, as the speech sigr}ghng [5] using objective measures

is not present in equal power in all the transform coefficients.
Hence there are noise only coefficients which can be attenuated
without overly distorting the underlying speech signals. Various
transforms have been used for such purposes, examples are Di$he additive noise model is described by the following
crete Fourier transform [3]-[8], Discrete Cosine transform [9gquation:

[10], Karhunen Loeve transform [11]-[13], Wavelet transform

[14]-[16], etc. Most of these transforms (except Wavelet trans- y(t) = x(t) + n(t) 1)
form) require a short time frame of speech signals. Filtering can . . .

be carried out in the transform domain of this short time fram@herey(?) is the observed noisy speeatf/) is the clean speech

where each coefficient is attenuated independently of its neigtd” () is the additive background noise.

boring coefficients. This approach is based on the assumption’ "€ observed speechiis then divided into overlapping frames

that the transform coefficients are independent of each othgr/ength of 256 samples in each frame. The amount of overlap

However, performance gain using such a technique has reacifgdermally either 50% or 75%. In this paper, 75% overlapping
a saturation point and many researchers have also attempteld t€d throughout. Theth frame.fz, can be repr_esc.anted by a
exploit the correlation which still exists amongst different tim&°/Umn vector described by the following equation:

frames. Boll in [6] first proposes using time averaging or takingfL — [y(6AL)y(6AL + 1)y(64L + 2) . .. y(64L + 255)]". (2)

Il. BLOCKING AND 2-D TRANSFORM

. . . , __Allindices used in this paper starts from zero. A speech block
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Noisy Speech

Blocking

Magnitude
sample 0 o . il
rame index Magni[u.de
Fig. 1. The 2-D Hamming windowh. Subtraction Phase
mathematically as a matrik,,, of size 256 by 16 as shown in 3
. . 2D IDFT
the following equation:
bn = [fSn f8n+1 f8n+2 e f8n+15 ] . (3) Inverse
‘Windowing
Similar to the 1-D transform case, a 2-D Hamming window
should be applied. The definition of a 2-D Hamming window, l
h is as follows: Overlap
& Add
. 2mj
h(j, k) = (0.54 — 0.46 cos <255>> é)
27k
* <0'54 — 0.46 cos <¥>> Enhanced Speech
(0 <j<255,0<k < 15)' “4) Fig. 2. Spectral magnitude subtraction.

A visualization of the 2-D Hamming window can be seen in the
mesh plot of Fig. 1. The windowed speech bloek(ignoring l1Il. TwoO-DIMENSIONAL FILTERING
the block indexn for simplicity) can be obtained by the dot

oroduct ofh andb A. Spectral Magnitude Subtraction

The spectral magnitude subtraction method [6] can be ap-

w=heb. (5) plied to the 2-D Fourier transform case too. In this scheme the

magnitude of the Fourier transform coefficient is attenuated by
The 2-D discrete Fourier transform can then be applied onto taghreshold which is dependent on the expected noise magni-
speech block. The forward 2-D discrete Fourier transform céinde. Negative resultant values are clipped to zero. The attenu-

be described by the following equation: ated magnitude is then combined with the noisy phase before the
inverse Fourier transform operation is carried out. The block di-
B —2mi(uj + 16vk) agram of the 2-D spectral subtraction scheme is given in Fig. 2.
W(u,v) = Z Z w(j, k) exp ( 256 ) Let the transformed noisy speech block be representéd by

§=0k=0 and the enhanced speech block be representeXi.bghe en-

and the inverse 2-D discrete Fourier transform can be repf@&ncement process can be described by the following equation:
sented by

A

X (u,0)| = max([Y (w,0)] - E[N(u,0)[1,0).  (8)

255 15

. 1 2mi(uj + 16vk)
7, k) = —— w > —_— .
W) = g 3 3 W e (TR

The noise characteristics are assumed to be known in this
(7) paper. If not, they will have to be estimated adaptively from the
In (6) and (7),i = v—1. silence or speech pause period.
Itis clear from the definition of the 2-D Fourier transform that  £o|iowing which the noisy phaséy (..., is combined with
the transform is separable and can be implemented using §4@ enhanced magnitude as ’
passes of the 1-D Fourier transform. One pass is applied row
wise while the other pass is applied column wise. This property R

will be exploited in our hybrid 2-D plus 1-D filtering technique. X (u,v) = | X (u, )] exp(ifly (u, v)). 9)
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The enhanced speech block in the time domain is obtainkdequation form the noise model can be represented as a sum

through inverse 2-D discrete Fourier transform of a zero mean random variabl¥,. and a constant terniyy,.
255 15 o N(u,v)| = Nye(u,v) + Nge(u,v) (18)
" 1 - 2mi(uj + 16vk | 5 ) )
w(j, k) = 1096 Z ZX(mv)exp <%> .
"0 =0 o where
(10)
The effect of windowing can be reversed by Nac(u,v) = E[|N (u,v)]]. (19)
. (4, k) The variance ofV,,.(u, v) is denoted as ., (u,v)? and can be
(J. k) = h(j. k) (1) obtained by the following equation:

The final enhanced speech is obtained by reversing the blocking oN,.(u,v)* = E[|N(u,0)]*] = Nac(u,0)?. (20)

and framing process The 2-D Wiener filter is expressed as follows:

£, = 0.5(bp(k) +bp_1(k+8 12) . o (u.v)2
I (bn(k) + (k+38)) (12) X ()] = x(u,v)

ox(u, 1})2 +on,.(u, U)2
X(IY (u, )| = Y (u, 0)[) + [X (u,0)]  (21)

where the relationship between j andk is given in the fol-
lowing equations:

3 | X (u, v)| and local means dfX (u, v)| and|Y (u, v)|. Although
the 2-D Wiener filter is not implementable in this state as the

I where o%, |X(u,v)|, |Y(u,v)| are the local variance of
n= { J (13)

to approximations can be made:
k=1L—S8n. (14) | X (u, v)| = Y (u,v)| = Nac(u, v) (22)
- and
Similarly
ox (U’7 U)2 =0y (U7 /U)Z — ON,. (u7 U)Z' (23)

#(t) = 025 (fr(§) + fr-1(j + 64) o , o
Ffr_a(j +128) + fr_s(j +192)) (15) Hence the.2-D Wlenerfllter'based on the Maximum Likelihood
approach is expressed as :

where 2 2
1% (u, )] :oy(mv) aNa; (u,v)
L = \‘LJ (16) O-Y(Uﬁv)
64 x (1Y (u, 0)] = [Y (, 0)])
and + Y (u,v)| — Nge(u,v). (24)
j=t—64L. 17) Similarly, negative values dfX (u, v)| are clipped to zero as

in the spectral subtraction case. At the location where there is

The 2-D spectral magnitude subtraction method results iAO%:'esrgiﬁg?eeiger:?yﬁtgeeaetéinggg?n V\;webzt?é?g;\{[?élr?\I/\r/]iltlht?ei:)?/?
residual noise that is spectrally white. This is unlike the 1- 9n sp 9 '

. . . ; ..~ Tosome extend, it does correspond to the masking properties of
case, in which the residual noise sounds more musical in (rg‘\
n

ture. Moreover, over subtraction of the noise magnitude can ¢ human ear as noise is likely to be masked off in the neigh-

€
applied resulting in much lower residual noise. However, wh prhood of a strong speech energy.

over subtraction is used, the residual noise sounds less unif%raAr\: tg: le?(c?’laztsaé';tr'ﬁ;tzreemcimgﬁtessover &3 window, they
and is correlated to the speech. P y

j=u+1k=v+1

B. Two-Dimensional Wiener Filtering Y (u,v)] :% Z Z Y (4,k)] (25)
The use of spectral magnitude subtraction in the two-dimen- j=u—lk=v-1

sional (2-D) Fourier transform domain does not exploit the 2-D R lisiag)

properties, since each coefficient is attenuated independently of oy (u,v)? = 9 Z Z Y (5, k)

its neighbors. A 2-D filter which involves a number of coeffi- j=u=1k=v-1

cients in alocal window can be developed. Furthermore, a more _ m2 (26)

complex noise model can be adopted. The 2-D noise model can

be thought to be made up of two components, a dc componentashe edges of the block, the block is assumed to wrap around
well as an ac component. The dc component represents the meams to provide sufficient values for the computation of the
of the noise magnitudes which is certainly non zero, while thecal statistics. This is also justified by the periodic nature of
ac component represents the variation of the noise magnitudbs. Fourier transform.
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The use of the 2-D Wiener filter results in lower residual nois
as compared to the spectral magnitude subtraction scheme
not only removes the mean noise magnitude level but also |
duces the instantaneous ac noise variation from coefficient
coefficient. In the case where only noise exists, the ac noi °°
variance will be reduced by a factor of 9 since:a 3windowis  g°°y
used. The removal of the mean noidg,., is however complete. go.
If a lower level of residual noise is required, the 2-D Wiene ,
filter can be applied iteratively with the updated ac noise var .
ance. The updating of the noise variance aiithéteration isas o™
follows:

@
8
3
=
g :
E044.-

Nio(u,v) =E[[N(u,v)]] i=1
=0 i>1 (27)

samplo o o frame index

Fig. 3. Hamming window for hybrid filtering.

and
Noisy Speech

o, (1,0 = S (BN G, )] = Naclw, 0)%). (29)

Blocking

Hence the 2-D Wiener filter for subsequent iteration@, >
1), can be described as follows:

. o' u,v)? — oy (u,v)?
Xy, — X i ac Phase
| u,v ; 1
’ O'LA_I(’U, v)2 1D IDFT(row) |<—| 2D DFT |
X ’ Magnitude
Si—1 . i1 Magnitude v
X (|1 X" (u,v)| = [ X7 (u,v)]) \ 2D Wiener
+ |X’i_1(u, ’U)| (29) 1D Wiener
i ) ) . 3 . . . Minimum 4——[ 1D IDFT(row)
The iterative 2-D Wiener filter is effective in reducing the Phase l
residual noise further and three iterations are found to be suf- ]
ficient as the effect of further iterations do not produce signifi- | Residual Noise Filter ]
cant improvements. However the residual noise sounds nonuni-
form and there is a higher presence of noise during speech ac-

tivity period and much lower noise during the silence period.
The residual noise energy seems to be correlated to the speech

energy due to the property of the 2-D Wiener filter. Since the | Tnverse Windowing |
structure of the noise is different for 1-D and 2-D filters, it is
desirable to combine the two filters to produce a more effective

filter.

Enhanced Speech

IV. HYBRID 1-D AND 2-D WIENER FILTER

The 1-D and 2-D Wiener filters can be effectively combined Fig. 4. Hybrid 1-D and 2-D wiener filtering.
to form a new filter which results in a better noise reduction
performance. For the ease of implementing the hybrid filter, the The overall block diagram of the hybrid filter is shown in
blocking process is modified so that both 1-D and 2-D filteringig_ 4. It is clear upon examination of the block diagram why
can be used. The blocks will no longer overlapped each othgfe blocking and windowing operations have to be modified to
The blocking process is given mathematically as follows:  perform the 1-D Wiener filter efficiently. This modification does
sacrifice some performance of the 2-D Wiener filter, but it is
b, = [fien fien+1 fient2 - fignris]- (30) more than compensated by the 1-D Wiener filter. After the 2-D
Fourier transform, the transform coefficients are passed to the
Hence, the windowing function (illustrated in Fig. 3) is now2-D Wiener filter block and a 1-D inverse Fourier transform
modified to one dimension only as expressed in the followirlgjock. The 1-D inverse transform is performed along the row
equation: direction and its output can be passed through the 1-D Wiener
filtering without further processing. In this arrangement, the 1-D
h(j, k) = (0.54 046 cos (27rj>> . (31) Wiener filter will process the frames which will come in exactly

255 the same manner as in the case of 1-D Fourier transform.
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. . . ioht
A. One-Dimensional Wiener Filter eight

The 1-D Wiener filter is commonly used and is given by the
following equation. The column index, is ignored for the mo-

ment for simplicity’s sake 05
[Xip(u)| = Zo5— = [V (u)] (32)
! f(u) + 1 ¢ | | | | frequency
where ' | & | & |
¢(u) = Ax (u) (33) Fig. 5. Weight coefficients for harmonmic enhancing.
)\N(u)
Ax (u) =E[| X (v)]?] (34) ally results in a much quieter enhanced speech than either the
)\‘ (w) =E[|N (u)|?] (35) 1-D Wiener filtered speech or 2-D Wiener filtered speech.
N - .

The value of\ 5 will be assumed to be known in this paper. Itc' Harmonic Enhancer

should be noted that the traditional noise model is adopted inA more complex combination technique that tries not to over
the 1-D case. Therefore, the noise is not modeled as an ac cattenuate the voiced peaks is also possible. In this technique,
ponent riding on top of the dc component as in the 2-D noigeweighted combination of the maximum and minimum of the
model. This is because it may be difficult to form a reasonablé0 magnitudes are taken

estimate of the ac variance from only three data poikis.is N . N

estimated using the approach known as Decision Directed g3 (W) = We(u) * (max(|X1p (u)], [Xw2(u)])

timation developed by Ephraim and Malah [8]. The superiority —[Xmin(w)]) + [Xmin(u)].  (38)
of this estimator is covered in some detail in [19].

The estimaté) x ) of Ax is given by the following equation: The weightW;(u), is setto be 1 at the location of the harmonics

of the fundamental pitch frequency, and 0.5 at their neighboring
Ax (u, k) = adx (u, k — 1) freqfl;_e_ncies. At otgerfrdequencies;[il_skset to ze[)o%_l'l'he w(ejighgng
_ 2 coefficients are shaped very much like a comb filter and is de-

(1 = o) max(¥(u, k)7 = An(u),0)  (36) picted in Fig. 5. The fundamental pitch frequengy, and hence

wheremax() is the maximum function used to ensure that s multiples, can be obtained from the frequency domain using
nonnegative value is obtained as an estimaig(u, k — 1) is the harmonic product spectrum [21]. This algorithm is chosen
the estimated value ofx (u, k) in the previous frame, which over others for two reasons; it operates in the frequency domain
corresponds to the previous column if they are in the same blogkd it is robust under noisy conditions [21]. The Wiener filtered
For the first column of each block, the value can be taken frofpectra in the frequency domain is first interpolated to artifi-
the last column of the previous block. cially increase the frequency resolution by a factor of ten. This
The value ofa is set to 0.98 for three-quarter overlappindS because a 256 point Fourier transform results in a frequency
frames used in this paper. Smaller valuesxofe.g., 0.8) are Step size whichistoo coarse for accurate fundamental frequency
found to result in a higher level of musical tone in the residugetection. The log harmonic product spectrum can then be com-
noise. On the other hand, if is set to 1, severe distortions inPuted as follows:
the speech signals were heard. This observation agrees with that 6
in [8]. The effect of varyinga is discussed in detail in [20], Pi(ui) =2 log(|X1p(r+us)| + 1) (39)
which states that the value of has to be greater than 0.9 in —

order to counter the musical noise effect and 0.98 is considereH o .
. ; whereu; represents the indices of the interpolated spectra. One
a reasonable value for. The same value af is used in [19].

is added to the spectral magnitude before the logarithmic oper-
B. Hybrid Filtering ation so that it is stable for zero or near zero values of the fre-
uency spectra. However, this would also depend on the scaling

The 1-D Wiener filtered speech and the 2-D Wiener filtere the speech data, a much smaller value may be necessary if the

speech can be effectively combined to result in a lower resid eech amplitudes are representing by very small numbers. The
noise level. However before that can be done, the two sign

. val ¢ . lish th ak value ofP;, between 120 Hz and 940 Hz is compared with
must be in an equivalent transform domain. To accomplish t threshold. If it exceeds the threshold, the frame is considered

the 2-D Wiener filtered speech must be inverse Fourier tranS-pe 2 voiced frame and the pitch frequenigy, is given by its

formed in the row direction. The residual noise characteristiFécation The comb weighting can then be constructed from the
from the two filters are different. Hence it can be reduced elzhowled.ge ofF,, and its multiples

fectively by taking the minimum of the two magnitudes as the p ajternative method of pitch frequency extraction that is

resultant magnitude. The process can be described as also suitable for noisy speech signals is proposed in [22]. The
| X in(w)] = min(| X1 p(w)], | X (w))) (37) harmonics are band Iimite_d to 3 kHz and below as most of the

energy for voiced speech is concentrated below this frequency.

wheresz(u) is the output of the 1-D inverse Fourier transExtension of this technique to higher frequencies tends to re-
form of the 2-D Wiener filtered speech. This combination actult in audible distortions. This technique results in less attenu-
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The decision as to whether or not region B contains an isolated

Fig. 7. Objective evaluation under car noise using SegSNR. . .
g ) 959 spectral peak is determined as follows:

ation for the voiced spectral peaks and thus leads to an approxi-
mate 0.5 dB improvement in Signal to Noise Ratio (SNR) mea- ) ) )
surements. However, informal listening tests do not indicate any region B contains an isolated peak
noticeable performance improvement which therefore does not else

justify the additional computation load.

if Pg(u,v) > vP4(u,v),then

region B does not contain an isolated peak  (42)
D. Residual Noise Reduction wherey is a factor that can be adjusted to control the amount of
Although the residual noise obtained from the algorithm iresidual noise removed at the expense of some speech distortion.
the previous section is very low, it can be musical in natur&afe value ofy range from 5 to 10. For values gfabove 10,
Hence a 2-D residual noise technigue used in [23] can be effiere is no significant effect on the residual noise reduction. In
ciently applied. This technique, which is called time frequenahis paper the value of used is fixed at 6. If region B contains
filtering, detects and removes isolated peaks in the time fra@n isolated peak, its contents will be replaced by the mean of
guency domain which corresponds to arranging all the Fourigxe magnitudes of region A. This is described by the following
transform frames together. Isolated peaks are the main causeapfation:
musical noise. The energies contained in local windows, A and

B, are computed using the following: |XB(U7U)| — %PA(UJ}) (43)
j=ut2k=vt2 2
Pp(u,v) =Y > |X(k) (40) where X 3(u,v) is an element of region B which contains an
j=u—2k=v—2 isolated noise peak. This is a more natural scheme than that
j=u+3 k=v+3 proposed in [23] which zeroes the magnitudes inside region B.
Pa(u,v)=| Y > [X(.k) | - Ps(u,v). (41) Havingalow residual noise floor will resultinless musical tones

j=u—3 k=v—3 in the residual noise.
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Fig. 10. MMSE filtered speech. Fig. 12. QSVD filtered speech.
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Fig. 11. MBSS filtered speech. time in seconds
Fig. 13. HW2D filtered speech.

After the time frequency filtering, the frames are inverse
Fourier transformed and the enhanced speech is constructedYSE and MBSS for both noise types. MBSS is better than
inverse windowing followed by the overlap-and-add operatioMMSE at higher SNRs but worse off at lower SNRs as it is dif-
ficult to obtain a good estimation of the audio masking threshold
under very noisy conditions. However the QSVD is better than
the HW2D in the SegSNR test for white noise but for car noise

Ten different speech utterances comprising five male and fiitds only superior when the input SNR is very low. One reason
female speakers from the TIMIT database are used in our sinfior the relatively good SegSNR results for the QSVD algorithm
lation study. The speech data are resampled to 8 kHz and lineaslyhat the energy of the enhanced speech is close to that of the
quantized at 16 bits. They are then corrupted to different globaiginal speech. For the Wiener filters used in HW2D, the en-
SNRs by the addition of Gaussian distributed white noise ardgy of the enhanced speech is lower than the energy of the
car interior noise taken from the NOISEX database. The objemriginal speech and the difference is more significant for noisier
tive test used is the improvement in average Segmental Siggpéeches.
to Noise Ratio (SegSNR). SegSNR is used as an evaluation todHowever despite the objective test results, HW2D sounds
because it correlates better with Mean Opinion Score (MOS8)uch quieter than MMSE, MBSS and QSVD and is preferred
than the total SNR and it is relatively simple to compute. Thay all listeners. The QSVD enhanced speeches sound distorted
correlation factor is better than 0.8 according to [24]. and has a ringing residual noise and is not liked by the lis-

The proposed hybrid 1-D and 2-D Wiener filters (HW2D}eners despite a higher SegSNR score. Time plots of one of
are compared with three other speech enhancement algoriththe; noisy speech utterances and its filtered outputs are shown
the first of which is the Minimum Mean Square Error Filtein Figs. 8-13. From the time plots, it can be clearly seen that
(MMSE) by Ephraim and Malah [8], the second algorithm is ththe HW2D and QSVD have lower residual noise than MMSE
audio masking threshold based spectral subtraction (MBSS)doyd MBSS. To further compare the characteristics of the HW2D
Virag [5] and the third algorithm is based on the truncated Quuersus the QSVD, the spectrogram plot of a segment of the same
tient Singular Value Decomposition (QSVD) by Jensgral. white noise corrupted speech processed by the two algorithms
[25]. The results for the objective evaluation under white noise shown in Fig. 14. In the plot, it can be seen that the QSVD
and car interior noise are shown in Figs. 6 and 7 respectiveias higher residual noise within the voiced segment which con-
The performance of HW2D is significantly better than that dfibutes to its poorer acceptance by listeners.

V. RESULTS AND DISCUSSIONS
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