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ABSTRACT

Spectral subtraction algorithm offers a powerfull,
robust and computationally efficient approach to
suppression of acoustic noise in speech. Real-
time implementation of modified spectral sub-
traction method on floating-point signal proces-
sor TMS5320C30 is described. The computa-
tional and memory requirements of an imple-
mented procedures are analysed. Two types of
implemented speech activity detectors, Harison’s
energy detector and cepstral detector are com-
pared on real noisy speech signal from a car.

1. INTRODUCTION

The suppression of an additive noise in speech
picked up by a microphone in a noisy environ-
ment is very frequently problem [1], in commu-
nications, especially for car mobile telephony.
Spectral subtraction [2] is one of the most pop-
ilar methods. We were interested in application
this method for the hand-free mobile car tele-
phony. The aim was to suppress a car noise in
speech picked up by one microphone in a running
car and to implement the improved algorithm
[3] on signal processor. The performance of this
method has strong limitations when nonstation-
ary noises are met, neverthelles some noise sup-
pression can be achieved even if for real car
noises. This paper describes the implementa-
tion and results of modified spectral subtraction
method used under real car noisy conditions.

2. METHOD DESCRIPTION

The simpliest form of modified spectral subtrac-
tion method [4] was used

H(e'®) = Hi(e9)Ha(¢®), (1)
where
ey |1 |N(e®)]
H(e™) = 1= 5 )
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and
N (7©) — | N (£79)]ed®
X (e9)(1 - i)

X (¢7®) and N(e’®) are estimated spectra of an
actual noisy speech segment and a noise segment
respectively, |N(e’®)| stands for smoothed mo-
dule spectrum of a noise.

The block diagram of the implemented mod-
ified algorithm is shown in fig.1. The modifica-
tion of this algorithm consists in the repetition of
spectral subtraction with full wave rectification
and in the frequency splitting which is omitted in
this case. The magnitude spectrum of enhanced
speech is estimated by repeated subtraction the
estimated noise magnitude spectrum from the
noisy speech magnitude spectrum. The phase
of enhanced speech signal is assumed to be the
same as the phase of an input noisy speech sig-
nal [2].

This method requires reliable speech activity
detector. We investigated two types of detec-
tors, the energy detector [2] and the cepstral
detector [5]. The both types of speech activ-
ity detectors were implemented and their per-
formance in real-time was tested. First, we im-
plemented and tested the energy detector based
on the comparison of the actual segment energy
to the noise background energy. Second, we im-
plemented the cepstral detector which seems to
be the most effective with minimum false speech
decisions. The detection ability of the cepstrum
computed using AR modelling outperforms the
detection ability of the cepstrum computed using
FFT [4]. But AR cepstrum requires more opera-
tions than FFT cepstrum. As a compromise we
used FFT cepstral detector based described by
z-transformation

11 1 -1
- - i . 2
c[n] 5% j{ln [X(ZX(Z)] 2"z, (2)
As a measure was used L2 norm

do= 5 [ log(5(%) - zog<5'<ef®>||2d@(, |
3

Hg(ej@) =1|1-
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Fig. 1: Block diagram of the modified spectral
subtraction

where S is the power spectral density of an ac-
tual input segment and S’ is the power spectral
density of a background noise.

3. ALGORITHM IMPLEMENTATION

The objective of our effort was to develop and
implement computationally efficient and robust
algorithm of spectral subtraction and test it in
real-time on a real speech signal, degraded by a
car noise. The noise suppressor was implemented
on floating-point signal processor TMS320C30.
The reasons for this choice were as follows:

e sufficient internal memory space
e 32-bit ﬂoating-poiﬁt data format

¢ short time of instruction cycle and parallel
features

¢ powerfull support of I/O environment

Following sections present specifications required
for the implementation of the spectral subtrac-
tion system.
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3.1. Speech Activity Detection

The spectral subtraction method requires an es-
timate of the noise magnitude spectrum |D[k]].
This estimate is obtained from the magni-
tude |X[k]| during nonspeech segments. The
speech/pause detector is very important part of
spectral subtraction method. The correct deci-
sion of nonspeech segments influences the quality
of noise suppression and the intelligibility of en-
hanced speech. In our implementation two types
of detectors were used.

3.1.1. The Energy Detector

The energy detector is one of the simplest and
frequently used detector. The energy E, of an
actual segment of the length N computed using
the equation

n+N-1

Eln)= ) |X[KP

k=n
is compared with the energy threshold defined as
E,=18-E,.

Ey is a background noise energy, which is com-
puted in pauses using an exponential averaging

Eyn] = (1 ~p)- Ey[n—1]+p- Eln].

The optimal value of the coefficient p was exper-
imentally found in the interval from 0.05 to 0.30.
If the energy of an actual segment E > F; this
segment is detected as a speech and for F < F,
as a noise. The energy detector is simple but
not reliable. The quick magnitude changes of a
background noise (for example gears changes or
surfaces changes) are very often detected as a
speech.

3.1.2. The cepstral detector

This speech activity detector works with cepstral
coefficients instead of energy. Detector can be
described as follows:

e cq. (2)is evaluated using FFT and first 11
coefficients ¢[n], n = 0,...,10 are used to
form vector ¢y, where k describes k-th signal
segment.

o cepstral the L2 norm of the difference be-
tween the k-th cepstral vector ¢; and a noise
background cepstral vector ¢’y is computed
using an approximation of eq. (3)

d~ 4.34\J (cal0] = cf 1012 + 2> (exll] — ¢} [1))2.
=1



Distance d is compared to the threshold Thr
updated using the mean mean(d) and stan-
dard deviation std(d) of previous values of

d [4]
Thr = mean(d) + Astd(d).

If d < Thr then a pause is detected. Real-

time tests revealed that the optimal value is
A=2.

o coefficients of background noise cepstrum
are obtained by exponential averaging in
pauses only

¢, = (1 - a)cey + o), (4)

where the optimal value of o was found in
the range from 0.05 to 0.3.

3.2. Noise Spectrum Estimation

The noise spectrum estimator requires an esti-
mate of the expected value of noise magnitude
spectrum. This estimate is approximated by the
exponential averaging of the signal magnitude
spectrum |X (k)| during nonspeech activity.

The iplemented algorithm requires twice re-
peated background noise estimation |Dy[k]| and

|D2k]| as shown in fig. 1.

Unfortunately, this approach suffers from the
fact, that the estimation of the noise spectrum
differs from the instantaneous noise spectrum.
The difference of both spectra can result in neg-
ative spectral components. These components
have to be suppressed using half-wave or full-
wave rectification. The consequence is the pres-
ence of a residual noise which can be heard as
short tones with random frequencies (musical
tones) in an output signal. Full-wave rectifica-
tion causes smaller musical tones but at the same
time lower noise reduction. The full-wave rectifi-
cation was implemented. Reasons for this choice
are in [4].

3.3. Input-output Data Communication

Speech signal is sampled and converted by 14-bit
A/D converter using IC TLC32044 with sam-
pling rate setting in the range of 8 to 19 kHz.
The communication between the converter and
the signal processor is performed by the serial
port. Every new sample from A/D converter in-
vokes the interrupt procedure which converts an
integer sample to floating-point representation
and saves it to the buffer INPUT in the inter-
nal RAM. The organization of data transfer and
buffering is shown in fig.2. The integer value
of processed sample is sent from the OUTPUT
‘buffer to the D/A converter. The actual data po-
sitions in arrays INPUT and OUTPUT are the
same and are activated by the same pointer.
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The data are segmented with the length of 256
samples and 128 samples overlap. Before FFT is
each segment of the input buffer multiplied by
the Hamming window and moved to the WORK
array. The size of the FFT is the same as the
length of windowed segments. All computations
are performed on data in WORK sector of RAM.

Input . Output
Window Pointer
Channel on 0x809800  Channel
L
Add | &
> & ]—% > 4 S
il & 11 S [men| £ [ 2
$LE eplE e :
Pointer
on 0x809880
=
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lng D?"v'

Fig. 2: Data Transfer between A/D, D/A and
signal processor

3.4. Frequency Transformation

The complex spectrum Re{X[k]}+ jIm{X[k]}is
computed for each data segment. Consequently
the magnitude spectrum is computed in the ef-
fective way | X [k]] = | X [K]|? - /| X[K]]>. The real
and imaginary parts of X|k] contain information
about phase and they are saved for the output
signal reconstruction.

For the frequency transformation the radix-4
FFT in-place algorithm was implemented. Since
input data are real, the size of the FF'T can be
one half of the number of input sapmles and
then the reduction of storage requirements can
be achieved.

After the spectral subtraction procedure the
module and phase of enhanced speech waveform
are decomposed to the real and imaginary part of
complex spectrum and transformed to the time
domain using inverse FFT.

3.5. Memory requirements

The results of the program memory requirements
are shown in tab.l.

As the program memory the external ROM
was used. The extenal program memory is ac-
cesed by the processor one time in instruction
cycle only. The computational procedures using
external PROM are therefore slowlier than pro-
cedures using internal by the mask programable
ROM. Hovever, the processor timing is not crit-
ical. The internal two blocks of 1k words RAM
are divided in buffers for input data, output data
and WORK registers. The memory map of this
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Operation Progr. Operation
Memory | Time [ms]

Systen inicialization a8 0.50

I/0 data transfer

and windowing 293 0.16
FFT and magnitude and

phase computing 495 1.08
Harrison detector 37 0.038
Cepstral detector 727 341
Spectral subtraction 65 1.04
~Actual noise estimate 83 1.29

Re and Im part computation,

IFFT 508 1.12
“Data move to OUT 2259 0.136
Interrupt procedure 34 0.003
The window with energy

detector 1115 3.7

The window with cepstral

detector 1293 6.6

Tab. 1: Programme and computational time re-
quirements of an implemented spectral subtrac-
tion algorithm

internal memory is shown in fig.3. To the sector
INPUT are saved samples from A/D interface
when the interrupt routine is activated. The
data from this sector are moved to the sector
WORK in the complete 256-sample segments, as
shown in fig.2. The data from the sector WORK
are consequently processed segment by segment
by the implemented algorithm. The processed
segments are transformed to the time domain
and transferred to the sector QOUTPUT with 128
samples overlap. The movement of this data to
D/A convertor is realized by the output interrupt
procedure. The memory sectors D1 and D2 are
used for the saving of noise spectra estimates.

0x809800
256 INPUT
0x809900
256 OoOuUTPUT
0x809A00
256 D1
0x809B00
256 D2
0x809C00
512 WORK.
Varisble 0x809E00
256
Free
0x809F00
256 Stack
0x809FFF

Fig. 3: Memory map of the internal RAM

3.6. Computational time requirements

The instruction cycle time of an used signal
processor is 60 ns for the clock frequency of
33 MHz. Between two successive data segments
is the time gap of 16 ms for the sampling rate of
8 kHz . In this time gap all procedures have to
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be computed.

In tab.1 are presented results of signal proces-
sor timing. Computation times were measured
on real signal using oscilloscope. The time inter-
val of executed procedure was measured using
I/0 flag register XF1, which was seted by the
operation beginning and reseted when the oper-
ation was finished.

4. SUMMARY AND CONCLUSION

The modified algorithm of spectral subtraction
for the reduction of acoustically added noise in
speech was presented. The algorithm was im-
plemented on floating-point signal processor and
tested on actual speech corrupted by a car noise.

The implementation confirmed that the modi-
fied algorithm improves the reduction of musical
tones and at the same time leads to the high noise
reduction comparable with other used methods
of spectral subtraction.

Two speech activity detectors was tested,
Harison’s energy detector and cepstral detector.
The energy detector is very simple but it can
be used for slowly varying nonstationary noises
only. The cepstral detector consumes more com-
putational time but better reacts to the changes
of a background noise. The optimal parameters
of detectors can be found in preceding sections.

The worst case of computational time is 6.6 ms
for 256 points segment in case that cepstral de-
tector is used. It means a reserve of about 9.4 ms
for another operations, for example for imple-
mentation of a time consuming AR cepstral de-
tector algorithm.
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