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1. INTRODUCTION
y(f,AT)

Spectral parameter filtering such as RASTA [5], RASTA-like band-
pass filtering and high-pass filtering operates on temporal dynam-
ics of spectral parameters, and has been effective method to reduce
channel distortions. Temporal derivatives (delta and delta-delta co-
efficients, that have proved as robust representation) and spectral
mean normalization [4] are also equivalent to filtering that reject
lower modulation frequencies from spectral parameters. Spectral
normalization and parameter filtering assume that channel distor-
tions are linear and additive noise is negligible [2]. As the addi-
tive noise and channel distortions are additive in different domains,
they cannot be simultaneously suppressed by these methods [2].

In this paper, we extend the filtering technique of temporal tra-
jectories to handle additive noise. The paper investigates the possi- Fig. 1. Spectrogram and it’s one frequency-bin
bility of applying ‘spectral subtraction’ [3] filter to time-trajectories
of spectral parameters and the problems that may arise.

wherem represents frame number aAd” is frame shift. Parame-
tersyys, (mAT), s, (mAT) andny, (mAT) are the temporal tra-

2. SPECTRAL DYNAMICS jectories of noisy speech, clean speech and noise spectral energies
respectively.
The spectral parameter( f, mAT) of speech [Fig. 1] can be Taking Fourier transform of the trajectories gives:
viewed as a time series that represents the temporal variations of
the speech spectra. This time series will itself have spectral com- Y5, (F) = Xp(F)+ Ng(F) (2

ponents, viz. modulation frequencies. The modulation frequencies
can range up to half of analysis frame rate, e.g. 50 Hz for 10 ms of
frame shift [2]. Houtgastet al. suggest that the relevant range of
subband modulation frequencies for intelligible speech reproduc-
tion is approximately 0.4 to 20 Hz [2].

When noise trajectory’s spectral component and speech trajec-

whereF' represents the rate of change of spectral energies, modu-
lation frequency.

Now, to filter out the modulation spectral component contributed
by noise, we apply spectral subtraction filter to the trajectories:

tory’s phonetically significant spectral component occupy differ- \)?f, (F)| = |Y;,(F)| - |Ny, (F)| ©)
ent modulation frequencies, the effect of noise can be suppressed . ¢ .
by linear filtering, using band-pass filters like RASTA and oth- T(F) = |Ny, (F)| Ve (F 4
ers. Furthermore, when noise trajectory’s spectral component is X7 (F)] = B Y7, (F)| Yy, ()] @
concentrated at low frequency, high-pass filtering would be use-
ful. However, it is difficult to deal with the case when noise tra- Thus the frequency response of temporal trajectory filter is
jectory’s spectral component and speech trajectory’s phonetlcallygiVen by:
significant spectral component overlap significantly.
_ [Ny, (F)]
3. NOISE DATA-DRIVEN SPECTRAL PARAMETER H(F) = (1 Y, (F)| ©)

FILTERING
In generalized form, (as in spectral subtraction):

5<F>|Nb<F>)a,@)> ©

The spectral energy of speech corrupted by additive noisef; for
frequency bin in linear power spectral domain, is given by:
(Mam (1 — (

ol

Hy(F) =

ys, (MAT) = x5, (mAT) + nj, (mAT) ) 1Yo (F)]
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Table 1. Word Accuracy (%)
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:::Z 000 Station 10 569 651
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dB and 20 dB SNR ; and recognition tests were performed directly
and with noise-driven temporal trajectory filtering (ND-TTF).

The result, as listed in Table 1, shows that the algorithm is per-
forming better with the noise that has less overlapping modulation
frequency than the noise that has modulation frequency signifi-
Fig. 2. Trajectories of single bin for clean speech and noisy cantly overlapping with speech (exhibition hall noise).
speech; and trajectories estimated by spectral subtraction and
noise-data driven temporal trajectory filtering.
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5. SUMMARY AND CONCLUSION

Noise-driven temporal trajectory filtering was found to be effective
) L to suppress additive noise present in speech thus improving speech
Wh(_ereb represents a p_artlcul_ar frequenc_y bin in linear-spectral do- recognition performance. However, problems like run-time imple-
main or mel-domain; is scaling factor@ is threshold and: = 1 mentation, effective way of noise-sampling and updating etc. need
for magnitude subtraction. Notice that(F") is dependenton the (g phe addressed. Besides frequency bins in linear spectral domain
modulation frequency. ) ) are correlated to each other, and thus processing them indepen-

The phase of spectral component of estimated trajectory for gently may result in distortions. Some measures to reduce such
clean speech is taken same as that of corrupted trajectory: the distortions need to be implemented. Furthermore, scaling of
the estimated trajectory depending upon the SNR of the subband,
and good choice off(F) are required for the algorithm to work
well. The value of3(F’) should be chosen appropriately over the
modulation frequency range, so that the significant range of mod-
ulation frequency of the spectral trajectory is well preserved.

Future work includes evaluation of algorithm in terms of spec-
tral distortions as well as subjective test and its performance on
whereF " is inverse Fourier transform. other speech recognition tasks like AURORA-2J. Further improve-

Figure 2 shows one-bin of the linear-spectrum of noisy speech ment in algorithm and its implementation will be also considered.
and clean speech; and that estimated by spectral subtraction and
noise-driven temporal trajectory filtering. As seen from the figure,
the trajectory of spectrum-bin as estimated by proposed method is
closer in nature to that of clean speech, however some good form[l] C. Nadeu, B. H. Juang
of scaling or normalization will be required. R .

X5, (F) = |Xp,(F)]e* ) @)

The estimated trajectory is thus given by:

21, (mAT) = F~ (X5,(F)) ®)
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