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DCT-BASED DENOISING OF SPEECH SIGNALS

This paper considers a traditional task of processing speech signals embedded in noise. A model of additive white
Gaussian noise is employed as simple and reasonable case. Existing approaches to denoising applicable to speech signals are
briefly reviewed. An opportunity to use denoising based on discrete cosine transform is investigated. Advantages of this
approach consists in operation in blocks that allows to obtain filtered values with a reasonable delay with respect to input
data. The method performance depends on several factors including block size and block overlapping. Block full overlapping
is considered since it is the most efficient whilst fast enough. Block size is fixed and equal to 32 samples. Both conventional
signal-to-noise ratio and PESQ metric that reflects peculiarities of speech perception and understanding by humans are used
in analysis of filtering efficiency. This is done in order to describe the processing performance more adequately. It is also
demonstrated that the denoising performance for the analyzed test signals also depends on, at least, three factors: input
signal-to-noise ratio, type of threshold, and parameter [§ used in threshold setting. To consider practical aspects, wide limits
of input signal-to-noise ratio from 0 dB to 40 dB are explored with the main emphasis on the range from 10 to 30 dB. An
example showing input and output signals is presented. The main observations based on the obtained results are the
following: 1) improvement of signal-noise ratio due to denoising is the largest for low input SNR and can reach 10 dB; 2)
there are optimal values of B that have the tendency to increase if input SNR decreases; 3) the combined threshold that is the
first time tested for speech signals performs better than the hard threshold. Optimal values of parameter 3 are recommended
based on the analysis carried out for several test signals. The directions of further studies are discussed.
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BPUCIH IIETPO, JIVKIH BOJIOJUMUP

HanionansHuii aepokocMiunmi yHiBepeuteT iM. M.€. XKykocekoro "XAI"
3HEINYMJIEHHSI MOBHUX CUT'HAJIIB 3 BAKOPUCTAHHSAM JKI-PLIbTPALIT

Y yiii cmammi posaasdaemucst mpaduyilina 3adavya npudyweHHs adumueHo2o 611020 2ayco8020 WYMy 8 MOBHUX CU2HA/AX.
HocaidxceHo Modcaugicmb SUKOPUCMAHHS WYMO3A2/AYUWEHHST HA OCHOBI OUCKpPemHOo20 KOCUHYCHO20 NnepemeopeHHs. /JAs aHanisy
epekmusHocmi inbmpayii ukopucmoagyromoucs sk mpaduyilive 8ioHoweHHs1 cuzHaa/wym (BCI), mak i mempuka PESQ. [TokasaHo, ujo
04151 aHANi308aHUX MECMOBUX CU2HAAI8 eheKMUBHICMb 3aJ1e)cumsb NpUHAtliMHi 8i0 mpbox pakmopis: 8xidHo20 8IOHOWEHHs cuzHaay 00
wymy, muny nopozy ma napamempa [, siKuli 8UKOpUCMOBYEMbCS 04151 8CMAHO8/eHHs1 nopogy. OcHO8HI cnocmepedceHHs maki: 1)
NOKpaweHHs1 cniggiOHOWEHHS CUZHA/I/WYM 3d PAXYHOK NPUOYyWeEHHs] WyMie € HaUbiabwuM 04151 HU3bKo20 8xioHozo BCLI; 2) icHyromb
onmumasvHi 3Ha4eHHs1 f, siKi Marms meHOeHYit0 00 3poOCMaHHsl npu 3meHuweHHi exionozo BCLL; 3) kom6iHosaHull nopiz, skuli enepuie
mecmyemucs 0151 MOGHUX CU2HAIB, NPAYIOE Kpauje, Higi icopcmkuti nopie. 062080pH00MbC HANPSMKU NOOANLWUX DOCAIONHCEHD.

Karouosi caosa: adumusenuti wym, JKII-ginbmpayis, ananiz egpekmusrHocmi

Problem overview

A general problem of noise removal in speech and audio signals has been under interest for several decades
[1]. A great number of approaches has been proposed and tested starting from linear finite impulse response and
adaptive filters (see [1, 2] and references therein), continued by orthogonal transform based denoising (see [4, 5] and
references therein), and completing by modern auto-encoders and neural networks [6]. There are many reasons for
the interest to noise removal. First, noise is almost always present in environment where audio signals are recorded;
moreover, noise can be quite intensive as this happens in hydroacoustics [7] or in crowded rooms [8]. Second, noise
spectral characteristics and intensity can be unknown in advance and they can vary in time [8-10]. Third, it is often
desired to carry out noise removal in real time, i.e. with minimal (appropriate) time delay with respect to the signal
reception (registration) [11].

This means that a denoising method to be efficient has to be adaptive to signal and noise properties and,
simultaneously, quite simple to be implementable. Moreover, it should be local in the sense that a mixture of signal
and noise should be processed not after recording the entire signal but in scanning windows or blocks of a certain
size [12] to produce an output (filtered data) with delay not larger than a certain threshold. In the case of speech
denoising, aspects of its perception have to be taken into account since it is known that SNR is not strictly connected
with processed speech perception and people often use criteria other than SNR (or its improvement) to characterize
speech quality [12, 13].

Although most papers that concern speech denoising deal with wavelets (see [4, 5, 12] and references
therein), orthogonal transform based denoising that exploits discrete cosine transform (DCT) [14] is worth
considering as well. Note that signal and image processing based on DCT is widely used in denoising [15, 16] and
lossy compression [17, 18]. The advantages of DCT are excellent energy compaction property and high
computational efficiency. These positive properties alongside with operation in blocks of limited size [14] make the
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DCT-based denoising a good candidate for noise removal in speech signals. Note that performance of the DCT-
based filters applied to denoising of one-dimensional (1D) signals can be predicted [19].

Meanwhile, performance of the DCT-based filters depends on several factors including the signal
properties, noise intensity, block size, threshold type and value, etc. Thus, the paper goal is to analyze the
performance characteristics of the DCT-based denoising applied to speech signals corrupted by additive white
Gaussian noise (AWGN). The main attention is paid to: 1) considering the filter performance in wide limits of
variation of signal-to-noise ratio (SNR), 2) analyzing two types of thresholds with optimization of thresholds for
them; 3) studying the filter performance with respect to speech perception criteria.

Analysis of recent sources and fundamentals of DCT-based denoising

Starting from the pioneering papers by Donoho and Johnstone [20], wavelet-based denoising got prime
attention. Quite many papers deal with wavelet-based denoising of speech signals. Ali et al [4] proposed double-
density dual-tree discrete wavelet transform (DDDTWT) using a level dependent threshold algorithm. Output SNR
improvement compared to earlier designed counterparts was demonstrated. Wishwakarma et al [5] showed good
performance of Coiflet wavelets in audio denoising and dependence of output indicators, SNR and mean square
error (MSE), on the threshold type and settings. The Haar wavelet based denoising was studied in [21] where the
authors showed that performance depended on the threshold type. Hidayat et al [22] studied the influence of
preliminary denoising on feature extraction for speech recognition. Denoising was shown useful where the Fejer-
Korovkin 6 wavelet was the best denoising for input signals with SNR of 5-15 dB. Singh, Aggarwal et al [23]
considered soft and hard thresholding and designed modified universal threshold using output SNR as one of
performance criterion.

Thus, the following can be concluded. First, the wavelet type plays an important role in denoising
efficiency. Second, the noise removal efficiency depends on the threshold type and value, which, in turn, is a
function of noise standard deviation (SD) or input SNR (note that AWGN variance can be quite accurately
controlled in a blind manner [24, 25]). Third, to be efficient for practice, denoising efficiency should be high for a
wide range of input SNR, e.g., starting from 0-5 dB and ending with 35-40 dB (when noise can be hardly noticed
and, thus, speech filtering becomes useless). Fourth, although standard criteria of signal denoising efficiency such as
output MSE for a given AWGN variance or SNR improvement due to filtering are still widely used, other criteria
that take into account peculiarities of speech and audio signal perception are employed as well.

The DCT-based denoising is performed in blocks where the block size is usually equal to 32, 64, 128 for
the 1D case [14] and to 8%8 or 16x16 pixels for image processing [26]. The three main steps in DCT-based
denoising are direct DCT, thresholding of the obtained AC coefficients, inverse DCT performed in each block. The
blocks can be non-overlapping, partly overlapping, and fully overlapping where the latter variant is the most
efficient in terms of SNR but the least efficient in terms of required computations. We will further consider the full-
overlapping variant since anyway it performs quickly enough. For this variant, output values for a given data sample
coming from all block positions that “cover” this sample are averaged.

In this paper, we do not consider the influence of the block size although it is known that a larger block size
can be preferable for a larger intensity of the noise and, usually, there exists an optimal block size. Instead, we
concentrate on the influence of the threshold type and value. Hard and soft thresholds have been studied in DCT
denoising where hard was shown to perform better. Meanwhile, combined thresholding was proposed for image
processing applications [27] and it has not been analyzed for 1D signal processing.

Presentation of the main material

To test the effectiveness of filtering, this study uses recordings of English speech in which a male voice
utters the so-called Harvard phrases. The Harvard phrases are a standardised set of phrases widely used in testing the
speech signal processing systems [28]. The recordings are taken from a set of speech signals created at McGill
University, Montreal, Canada [29]. The duration of each signal is approximately two seconds, which at a sampling
rate of 16 kHz provides enough information for analysis. This sampling rate is the standard for high quality audio
recordings, providing good sound quality.

To conduct the study, a set of audio files was created, in each of which additive white Gaussian noise of
different intensity was added to the speech signal. The noise level was chosen to produce a signal-to-noise mixture
with signal-to-noise ratios of 0, 10, 20, 30, and 40 dB. Signal-to-noise ratio (hereinafter SNR) is a parameter defined
as the ratio of signal power to noise power, which is measured in decibels (dB):

P,
SNRdB=101og]0{ i J (1

noise

The range of selected values allows to study in detail the effect of noise on speech perception and
understanding, as well as to estimate the limiting conditions under which the signal component (useful signal)
remains discernible to human hearing. Later, on the basis of measurements and listening, it is possible to select from
all signals after the filter those processing variants for which noise reduction works most effectively.

Let us recall some basic principles of one-dimensional filtering based on DCT. Let S(i), i = 1,...,I — be the
signal component to be estimated (i is the sample index, I denotes the total number of samples) from the observed
realisation Sy(1)=S(i) + n(i), i=1,...,I, where n(i) is the noise in the i-th sample assumed to be additive, white and
Gaussian with zero mean and a previously known or accurately estimated variance o> . The estimation problem is
solved by obtaining an estimate Sg(i),i=1,...,I at the filter output, which should be as close as possible to S(i),i=1,...,I
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according to the criterion used, which, for example, is often the mean square error (MSE), which for an effective
filter should be substantially less than c° .

We consider one-dimensional filtering based on DCT [33] as a noise reduction method for the following
reasons:

1) This filter is very efficient and can be easily adapted to different types of noise [14].

2) It has a clear physical meaning and can be considered as an approximation of the local Wiener filter [30].

3) It can be efficiently implemented using block processing, which gives several advantages - processing
the long term signal piece-wise, changing the filter parameters locally when needed and the filter results can be
obtained before the full signal is recorded.

One-dimensional filtering based on DCT is performed as follows. The data are processed in blocks, where a
block includes values S,°(1)={Sn(1 +j - 1)}, j= 1,...,.N, N is the block size, usually chosen equal to a power of two
and 1 = 1,...,I-N+1(below we will consider a variant of the DCT filter with the so-called full overlap, which is the
most effective in terms of noise suppression and also provides less noise reduction artifacts), I is the index of the
leftmost (initial) sample included in the block. For each block, a direct DCT is performed and the result is the DCT
coefficients D(k),k=1,...,N, where D(1) is related to the mean in the block and is not involved in further threshold
processing. In this study, two types of threshold are used — a hard threshold and a combined threshold. Simple hard
threshold processing is performed according to the algorithm:

D(k), if D(k)>T
D,, (k)= (0). [P (k) L k=2,.N, 2)
0, if D(k)|<T

Processing using the combined threshold [31] uses the following expression:
D(k),  if|p(k)>T

D,, (k)=  k=2,.N, 3)
w (8) D' (k)/T2if [D(k)|<T

where T is the threshold value, which is generally set equal to Bo ( — is a selectable coefficient, which
depends on the type of threshold and for a hard one is usually set to 2.7 by default). Processing using a combined
threshold has not been previously applied for filtering of one-dimensional signals. For image processing, the
recommended values of f were about 1.5 times higher than for the hard thresholding [32].

After such thresholding, the inverse DCT is applied to D(k),k=1,...,N and the filtered values for the given
block SP(1) = {S«1+j - 1), j=1,...,N are obtained. As can be seen, for each sample there can be from one (for the
first and last blocks) to N filtered values belonging to overlapping blocks. There are different variants of their
processing [33]. However, more complex variants do not provide a significant gain in efficiency, so let us focus on
the simplest variant - averaging of the obtained estimates.

This paper considers the DCT filtering with a block size of N = 32 samples. Using small block sizes
reduces overall system complexity and delay, which is critical for real-time applications such as video conferencing
or voice control systems. Using small block sizes allows for more detailed signal processing, which is important for
preserving high-frequency components and speech details; in addition, a small block size reduces the probability of
artifacts appearing at block boundaries, especially when using full overlap filtering. Processing smaller blocks
requires less memory to store temporary data, which is especially useful for resource-constrained devices such as
mobile phones or embedded systems.

The efficiency of the DCT-based filter in terms of noise reduction obviously depends on many factors [14,
33]: properties of the signal component, filter parameters (N, B), signal-to-noise ratio at the input (see formula (1)).
Filtering efficiency can be quantitatively characterized by either MSE/c? ratio where:

I [S(i) -5 (i)T
MSE = ) 4
2 — )
or the improvement in the signal-to-noise ratio (in dB):

2

ISNR =10log,,| —— |=SNR,,, — SNR.. )
MSE ’

In this study, to evaluate the effectiveness of filtering, we use two metrics, the speech quality metric PESQ
[34] and ISNR. The Perceptual Evaluation of Speech Quality (PESQ) metric is recommended by the International
Telecommunication Union (ITU-T) standard ITU-T P.862 for evaluating speech quality. PESQ evaluates speech
quality from a human perceptual perspective, considering aspects such as clarity, crispness and naturalness. The
metric is based on psychoacoustic models of human perception of sound and attempts to simulate the rating a person
would give after listening. PESQ measures the quality of one-way voice transmission: a signal is fed into the system
under test and the degraded output signal is compared by PESQ with the input (reference) signal (see the block-
diagram in Fig. 1 taken from [34]).

Signal processing performed in the PESQ algorithm contains several stages - equalization of the levels of
the reference and target signals, input filtering, time aligning and equalization, auditory transformation, and
disturbance processing.
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Fig. 1. PESQ algorithm

PESQ results are evaluated using the MOS-PESQ scale and are expressed in a numerical range from -0.5 to
4.5, where a higher value indicates better speech quality. In our study, we use the standard MOS-LQO (Mean
Opinion Score - Listening Quality Objective) scale where the score ranges from 1 to 5. To convert MOS-PESQ
values to MOS-LQO values, the additional recommendation ITU-T P.862.1[34] is used. Figure 2 shows the MOS-
LQO scale and the correspondence between this scale and user satisfaction level [35].

MOS | Quality User satisfaction

5 | Excellent

4 Good 4,0-4,3

Satisfied

3 Fair 3,1-3,6

3,6-4,0
Some users dissatisfied

Many users dissatisfied

2 Poor

1,0-2,6
1 Bad Not recommended

Fig. 2. Relation between MOS and user satisfaction

Figure 3 shows the dependence of PESQ on the parameter [ for the second speech signal (file F2) for
different SNR at the filter input. For each SNR, a set of three graphs is shown - the solid horizontal line shows the
measured PESQ value at the filter input, the dashed line shows the PESQ graph after filtering using the hard
threshold, the dotted line shows the PESQ graph after filtering using the combined threshold. The graphs are shown
in red for a signal with SNR = 0 dB, green for 10 dB, blue for 20 dB, black for 30 dB, and cyan for 40 dB.

4.5

3.5

MOS-LQO
g
o w

PESQ score for file F2

L -

-
-~ -

-
- -

________
e - - =~

== - -
- - -

4 5 6 7 8 9 10

Fig. 3. PESQ metric for the file F2
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Figure 4 shows the dependence of SNR improvement at the filter output on the parameter B for the same
speech signal with different SNR at the filter input. For each SNR a set of two graphs is shown - the dashed line
shows the graph of SNR improvement after filtering using a hard threshold, the dotted line shows the graph of SNR
improvement after filtering using a combined threshold. Red colour shows the graphs for a signal with SNR = 0 dB,
green - 10 dB, blue - 20 dB, black - 30 dB, cyan - 40 dB.

From the presented graphs, we can see that both metrics show a positive effect of filtering for all input SNRs.
However, for some values of signal input SNR, the use of filtering does not make sense. Consider these cases - for
SNR = 40 dB the improvement in the metrics is very small, the PESQ score of the input signal has a high value and
the noise in the input signal is almost indistinguishable by ear. For SNR = 30 dB, the improvement of the metrics is
slightly greater, but also by ear the input signal with this SNR is initially of a rather high quality and the noise level
at this SNR allows perfect understanding of what is being said. For SNR = 0 dB, the improvement in metrics is the
most significant of the whole set of signals at the filter input, but initially the speech signal with this SNR has a very
low PESQ score and although this score increases after filtering, but still in terms of speech intelligibility remains
poor. Therefore, it is further proposed to investigate the filter using signals with SNR equal to 10 and 20 dB, where
noise filtering works quite effectively and its application is appropriate.

SNR improvement for file F2
10 I 1 1 1 1 1 1

o
o

- N

dB

i
o

. -—— = -
T

-
- - o
-~

........

10

Fig. 4. ISNR metric for file F2

For these input SNRs, filtering using the combined threshold gives (we compare for optimal values of p) a
noticeable gain according to the PESQ metric. By ear, these differences are also noticeable. According to ISNR, the
performance of the two analyzed filtering variants is approximately the same. Figures 5a - 5d show the time plots of
the half-second speech signal at all processing stages. Figure 5a shows the signal without noise, Figure 5b presents
the signal at the filter input with SNR = 10 dB. Figure 5c¢ shows the filtered signal using hard thresholding with
parameter § = 2.8. Figure 5d represents the filtered signal using a combined threshold with parameter = 4.6. The
values of B are chosen based on the maximum ISNR value. Noise reduction is considerable.

The study was also conducted for several speech signals and in all cases the quality metrics showed an
improvement in the signal characteristics after filtering. Figures 6 and 7 show plots of the metrics at the filter output
for another than F2 speech signal. It can be noted the similarity in improvement of the PESQ and ISNR after
filtering.

It is clear from these graphs that there is a certain value of , at which the quality metrics at the filter output
are maximised. At the same time, for hard and combined thresholds the value of metrics is different - the optimal
value of B for combined threshold is significantly higher than for hard threshold.
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Signal + noise, SNR =10 dB
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0.2 —
0
0.2 .
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b)
Filtered signal, hard threshold
T T T
0.2 |
0
0.2 .
I I I I I I I I I
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
c)
Filtered signal, combined threshold
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0.2 —
0
-0.2 — —
I I I I I I I I I
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
d)
Fig. 5. Time diagrams of the F2 signal processing. a) - reference, b) - signal + noise (SNR =10dB),
¢) - filtered signal (hard threshold, p = 2.8), c) - filtered signal (combined threshold, p = 4.6)
PESQ score for file F3
4.5 T T T T T T T

MOS-LQO

2 3 4 5 6 7 8 9 10

Fig. 6. PESQ metric for file F3
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SNR improvement for file F3
I I I 1 1

10 T T

dB
\
\
1

~
2F ~d =1

Fig. 7. ISNR metric for file F3

For signals with SNR equal to 10 and 20 dB, the PESQ value is higher in the case of using the combined
threshold for filtering. We also note that the optimal B shifts towards higher values when the input SNR decreases
and the optimal P is approximately the same when the SNR is the same for different test signals. Thus, it can be
recommended to use the combined threshold. Knowing the optimal value of B it is possible to adapt the filtering to
the known SNR at the filter input. In general, =8 seems to be a reasonable (quasi-optimal) solution for the filtering
method with the combined threshold.

Conclusions

The problem of filtering human speech audio signals distorted by AWGN using the one-dimensional DCT
filter with full overlap of blocks of size N=32 is considered. The PESQ speech quality metric was used to evaluate
the performance. The efficiency of noise filtering using hard and combined types of threshold and parameter § lying
in the range of 2 - 10 has been analysed. It is shown that in some cases the use of filtering does not make much
sense, but in other cases a positive effect is observed. It is found that the greatest efficiency of filtering in
accordance with the PESQ metric is achieved when using a combined threshold with B~8§.
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