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Abstract. The Unpredictability Measure computation algorithm ap-
plied to psychoacoustic model-based broadband noise attenuation is dis-
cussed. A learning decision algorithm based on a neural network is em-
ployed for determining audio signal useful components acting as maskers
of the spectral components classified as noise. An iterative algorithm
for calculating the sound masking pattern is presented. The routines for
precise extraction of sinusoidal components from sound spectrum were
examined, such as estimation of pitch variations in the optical track
audio affected by parasitic frequency modulation. The results obtained
employing proposed intelligent signal processing algorithms will be pre-
sented and discussed in the paper.

1 Introduction

An approach of spectral subtraction, employing perceptual filtering driven
by an intelligent algorithm, used for signal enhancement is presented in this pa-
per. A neural network is a main part of the decision system employed to classify
noisy patterns (see [11] for more details). The idea of applying psychoacous-
tic fundamentals for signal enhancements in terms of perceptual filtering was
also demonstrated by others [8]. Number of methods related to noise reduction
problem have been proposed, among which Wiener and Kalman adaptive filtra-
tion, or spectral subtraction belong to the most frequently applied[4]. However,
these methods do not take into account some subjective proprieties of human
auditory system[5] successfully exploited in some audio coding standards[2][3].
Additionally, adaptive noise reduction (Wiener and Kalman) suffers from several
drawbacks such as: computational complexity, problems in estimation of filter
parameters and slow convergence of parameters, which in case of dynamically
varying signals (music) result in significant distortions[24][28][25][26]. Spectral
subtraction techniques, which are computationally efficient and do not face slow
convergence problems, are far more popular in acoustic noise reduction [27].
However, these methods may suffer from artifacts produced by non-ideal esti-
mation of signal and noise estimation in the frequency domain. Both adaptive
and spectral subtraction do not employ proprieties of sinusoidal components



versus components with chaotic phase in the signal’s and noise parameters esti-
mation.
As it was reported in earlier work [7], employing human auditory system models
for parasite noise reduction may be very effective. Application of precise sound
perception modeling appears to be necessary for this task and as discussed in
[10], it requires implementation of a complex psychoacoustic model [6]rather
than the simplified one exploited in the MPEG standard [3].
Another problem related to archive audio recorded in optical tracks is parasitic
frequency modulation originated from motor speed fluctuations, tape damages
and inappropriate editing techniques. This kind of distortion is usually defined
as wow or flutter, or modulation noise (depending on the frequency range of
the parasitic modulation frequency). As particularly wow leads to undesirable
changes of all of the sound frequency components, sinusoidal sound analysis orig-
inally proposed by McAulay and Quatieri [12] was found to be very useful in the
defects evaluation. In such approach tracks depicting tonal components changes
are processed to obtain precise wow characteristics [13–17]. Notwithstanding all
of the cited proposals there is still a need for further algorithmic approach to the
wow restoration as it can be very complex sharing periodic or accidental nature.
Therefore this paper, similarly as the previous one [16] addresses the problem of
wow extraction, however in this case also employing soft computing.

2 Noise removal algorithm

The masking phenomena are fundamental for contemporary audio coding
standards [2] [3], although it can be also exploited in noise reduction [7] [10].
More detailed information on psychoacoustics principles of signal processing can
be found in abundant literature [5] [6] [9] also including our papers [7] [10] [11].
Significant role in the psychoacoustic modeling play tonality descriptors of spec-
tral components. The tonality may be represented by the Unpredictability Measure
parameter [1] used for calculation of the masking offset. Masking offset for the
excitation of bx Barks at frequency of bx Barks is given by the formula:

Ok,x = αt
k · (14.5 + bark(x)) + (1− αt

k) · 5.5 (1)

The tonality index αt
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Thus, based on the literature [6], the masking threshold of the Basilar membrane
T , stimulated by the single excitation of bx Barks and of magnitude equal to
Sx is calculated with regard to:{

Ti,x = Si · 10−s1·(bx−bi)/10−Oi,x , bx ≤ bi

Tj,x = Sj · 10−s2·(bj−bx)/10−Oj,x , bx > bj
(4)

where Si,Sj are magnitudes related to excitations bi,bj and global masking
threshold is obtained by summing up all of individual excitations.

2.1 Perceptual noise reduction system

In the perceptual noise reduction system (Fig. 1), published first at the
KES’2004 conference [11], it is assumed that noise is of additive type. Spectral
representation of the disturbance is calculated with regard to spectral subtrac-
tion techniques [4].

Fig. 1. General lay-out of noise reduction system

Because noise suppression in this approach is based on masking some spectral
components of the disturbing noise, it is necessary to determine which compo-
nents should be masked and which should act as maskers. For this reason, so
called rough estimate X̂ref (jω) of the clean signal’s spectrum is obtained with
accordance to spectral subtraction method [4] based on the iterative algorithm
represented by the Noise Masking block in Fig. 1.
The proposed algorithm [7] [10] has been recently improved and extended with
a learning decision algorithm. The new Decision System module [11] containing
a neural network is responsible for determining which components are going to
be treated as maskers U ( useful components), and which represent distortions
and are going to be masked D (useless components). The basic classification
(without neural network application described in Sect. 4) can be carried out on
the basis of the following expressions:

U = {X̂ref
i ; |X̂ref

i | > T ref
i ∧ |Yi| > TY

i , 1 ≤ i ≤ N/2} (5)

D = {Yi; |X̂ref
i | ≤ T ref

i ∨ |Yi| ≤ TY
i , 1 ≤ i ≤ N/2} (6)



where i denotes spectrum component indexes, U and D are sets containing useful
and useless information. T ref is the masking threshold caused by the presence
of X̂ref (jω) , and TY is the masking threshold of the input signal: Y ref (jω).
Lowering of the masking threshold preserves more noise of the input signal,
so the influence of the reconstruction filter is significantly smaller than it is in
case of the uplifting method, giving less distorted output signal. Modified global
masking threshold T β

x at barks can be calculated with regard to formula:
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where T β
i,x and T β

j,x represent new masking thresholds, caused by reduced sin-
gle excitations and β is vector containing reduction factor values for the noisy
components. UL(x) and UH(x) (similarly DL(x) and DH(x)) denote subset of
U(or subset of D ) containing elements with frequencies lower or equal (L) to bx

barks, and frequencies higher than bx barks (H).
Since values of β may differ for the elements of D, and changing each value
affects T β

x , thus it is impractical to calculate all reducing factor values directly.
For this reason sub-optimal iterative algorithm was implemented [11].

2.2 Unpredictability Measure application

Calculation of the masking offset, described by (1) plays a significant role
in the masking threshold calculation. In noisy signals, tonal components that
are occurring just above the noise floor, may be not very well represented by
the Unpredictability Measure (UM) parameter due to the strong influence of the
noisy content. A practical solution to this problem is extending time domain
resolution, by increasing overlap of the frames used only for unpredictability
calculation. Standard Unpredictability Measure (2-3) refers to the fragment of
the signal represented by 3 consecutive frames, i.e. beginning of this fragment
( Tstart) is at the beginning of the frame with t − 2 index and the end of the
fragment (Tstart ) is at the end of frame with t index, with accordance to (3).
Consequently, the same fragment is divided into N equally spaced frames, so
that the improved UM can be expressed as:
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while Tstart ≤ tn − 2 < tn − 1 < tn ≤ Tstop and ct
k = c̄t

k . Addition-
ally, classification of the spectrum components in non-linear spectral subtraction,



can be extended by some psychoacoustic parameters, i.e. the tonality description
values. By analyzing time-frequency domain behavior of the UM vectors calcu-
lated for each frame, it is easy to spot tracks representing harmonic content of
the signal. Basing on this observation, artificial neural network was deployed
as the decision system for classifying, ctn

k patterns. A set of training data was
obtained from the noise fragment and from the noisy signal - ctn

k vectors of the
noise represented useless components, while those obtained from the noisy input
signal, classified as useful components with standard spectral subtraction algo-
rithm, represented patterns of the useful signal. A three-layer neural network of
the feed-forward type was used in the experiments. Its structure was defined as
follows:
• Number of neurons in the initial layer is equal to the number of elements in

the feature vector
• Number of neurons in the hidden layer is equal to the number of neurons in

the initial layer
• Output layer contained one neuron in the output neurons in the initial

and the output layers have log-sigmoid transfer functions, while neurons
in the hidden layer have tan-sigmoid transfer functions.The weights and
biases, were updated during the training process, according to Levenberg-
Marquardt optimization method. A method of controlling the generalization
process was also used. Such an approach is very effective for recovering si-
nusoidal components, however it does not significantly improve recovery of
non-tonal components. Therefore it should be considered as an extension to
the spectral subtraction decision process. The algorithm was verified exper-
imentally (the results are discussed in Sect. 4).

3 Parasitic modulation compensating algorithm

The proposed algorithm (presented in Fig.2) for wow defect evaluation is to
estimate the pitch variation function pw(n) from the contaminated (wow) input
signal xw(n)[23]. The first stage of the algorithm, depicted as STFT in Fig.2,
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Fig. 2. Block diagram of wow estimation process

results in a time-frequency representation of the input signal. The distorted in-
put signal, initially divided into time-frames (with an appropriate overlapping)
is windowed with the Hamming window for better side-lobe suppression. To gain
frequency resolution the windowed signal is zero-padded and then it is packed
into the buffer for a zero phase spectrum [18]. Finally, Discrete Fourier Trans-
form (DFT) is evaluated for every time-frame buffer to obtain the time-frequency
representation .
The next stage of the algorithm (presented in Fig.3) is to detect tonal compo-
nents of the signal. In the first step candidates for tonal components are detected
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Fig. 3. Structure of the Tonal Components Detection Block

as local maxima (peaks) of a magnitude spectrum stored in XSTFT . Since these
peaks result either form the main-lobes or the side-lobes of the spectral compo-
nents it is necessary to exclude the latter ones. It also essential to reject the peaks
resulting from localized noise [23]. This task has to be performed according to
an appropriate criterion. The most intuitive, an amplitude threshold, recognizes
component as a tonal peak when its amplitude is above the certain threshold.
As this criterion suffers from many drawbacks other criteria for peak validation
have been proposed [19, 20, 23]. Nevertheless, none is enough sufficient by oneself
for distorted and noisy musical signals which are of interest of this paper.
We propose an intelligent algorithm, depicted as Candidates Selection block in
Fig.2, containing three independent criteria. Those are as follow:
• Sinusoidal Likeness Measure (SLM) - the criterion assumes the tonal peaks

in analysis spectrum provide the result of multiplication of the tonal compo-
nents by the window function. Thus the maxima of cross-correlation function
of the main-lobe’s spectrum of the candidate and the analysis window would
indicate the presence of a sinusoidal components [21]:

Γ (ω) =
∣∣ ∑

k
|ω−ωk|<B

X(ωk)W (ω − ωk)
∣∣ (11)

where X and W are spectra of analyzed signal and window respectively, B
is the low-pass bandwidth within the cross-correlation evaluated.
The main drawback of this preliminary criterion is that it may acknowledge
a side-lobe component as a tonal part.

• Phase Measure - this criterion assumes that the phase of the tonal compo-
nent’s main-lobe varies significantly less than those resulted from noise. This
criterion validates the result of the SLM criterion selection.

• Relative Amplitude Threshold [21] - this criterion can discard some side-
lobes as well as components of a minor significance:

h(kp) = |X(kp)| − 0, 5 · |X(kv+)|+ |X(kv−)| (12)

where, X represents the DFT array, k - the frequency bin index, subscript
p represents the peak, and subscripts v+,v− represent the adjacent local
minima.

The next step is to estimate their true (instantaneous) frequency values as they
are relevant due to the time-frequency resolution trade-off in the STFT repre-
sentation. As mentioned earlier, the zero padding was applied to gain frequency
resolution but still this resolution is constant over the signal bandwidth. More-
over, for signals that are non-stationary within the analysis frame, inter-frame
modulations, which effect in peaks smearing may occur [24].



To overcome above mentioned drawbacks, the spectral reassignment method, de-
picted as Instantaneous Frequency Estimation block (Fig. 3), is employed. This
method [22] assigns the tonal component’s value to the STFT frequency bin’s
center of gravity:

ω̂(x; t, ω) = ω + =
{STFTdw(x; t, ω)

STFTw(x; t, ω)

}
(13)

where, STFTw is STFT using analysis window w, STFTdw is STFT employing
the first derivative of a window function.
After the tonal components detection the tracking stage (presented in Fig.4), in
which the peaks are linked to create trajectories is launched. Since the pitch
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Fig. 4. Structure of the Tonal Components Tracking Block

variation curve pw(n) is evaluated from the trajectories it is proposed to take into
account only the relevant tracks, that can depict the wow defect well. Therefore
it is reasonable to form only these trajectories which are based on the most
prominent tonal peaks from the magnitude spectrum. The idea for joining tonal
components together applies the following frequency criterion [12]:
The K− th tonal component TPIF [K, j] is joined together with the P − th track
FT [P, j] when:

|TPIF [K, j]− FT [P, j − 1]| = min
(|TPIF [:, j]− FT [P, j − 1]|) (14)

and |TPIF [K, j]− FT [P, j − 1]| < fDev (15)

where, min(·) denotes minimal value and fDev is the maximum frequency devi-
ation.
The most prominent tonal components, stored in MP matrix, correspond to the
peaks of the greatest magnitude hence are considered to be the most perceivable
ones. A new track is ”born” only from the components stored in MP matrix
that were not fitted to any existing tracks. A track is ”dead” when there is no
continuation according to the frequency criterion.
The last stage of the presented algorithm, according to the diagram in Fig.2, is
the PV C generation stage in which the pitch variation function pw(n) is com-
puted. First, the relative frequencies are calculated for all of the tracks stored
in the FT matrix. Next, RFT (Relative Frequency Tracks) matrix is obtained
by dividing each track frequency values by the preceding point values. Secondly,
median is calculated in RTF columns (i.e. discrete time moments)[16]. Finally,
pw(n) is obtained as a cumulative product of the mean values computed for each
discrete time moment.
Since the optimal values of Sinusoidal Likeness Measure (SLM), Phase measure,
and Relative Amplitude Threshold are unknown, we applied standard fuzzy logic



reasoning to determining the tonal components TPACK [i, j] true (instantaneous)
frequency values. Due to space limitation for this paper more details on that
will be discussed during the paper presenting at the RSFDGrC 2005 in Regina,
Canada.

4 Experiments and results

4.1 Experiments concerning noise reduction

It is important to notice, that for the comparison purposes in the informal
subjective tests the same spectral subtraction algorithm was used to calculate
the rough estimate X̂ref as for perceptual reconstruction. Figure 5 presents
time-domain changes of the masked noise for a saxophone melody recorded with
44100 Hz sampling rate. The second part of the experiments was devoted to
analyze performance of the intelligent unpredictability measure pattern classi-
fication employed in spectral subtraction. Below spectrograms (Fig. 6) present
signal recovered with standard linear spectral subtraction method, and with
spectral subtraction improved by UM vector classification system (as described
in Sect. 2.2).

Fig. 5. Time varying SNR for 24 dB noise attenuation, calculated for each processing
frame, for input signal (solid line), for perceptually reconstructed signal (dashed line)
and for signal restored with spectral subtraction (dotted line), which was used as the
rough estimate of the restored signal

4.2 Experiments concerning wow compensation

The proposed wow compensating algorithm was tested on several archival
sound samples recorded in the Polish National Film Library and the Documen-
tary and Feature Film Studio. Presented example epitomize obtained results.
Figure 7 depicts the spectrogram of the sample simultaneously with the de-
tected tracks and the evaluated pitch variation curve (PV C). As can be noticed



Fig. 6. Spectrograms of signal restored with spectral subtraction (upper plot), and
with spectral subtraction enhanced by intelligent pattern recognition system (lower
plot)

from the spectrogram only the most relevant tracks are taken into account for
the PV C extraction.
Example presented in Fig.7 clearly demonstrates computed PV C and wow
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Fig. 7. Tracks detected by the algorithm plotted on the spectrogram with the simul-
taneously plotted pitch variation curve

defect convergence. It is also worth to mention that the obtained PV C charac-
teristics were successfully utilized in restoration process.

5 Conclusions

The Unpredictability Measure (UM) intelligent pattern recognition system
involving UM for spectrum components classification has been presented as an
extension of the spectral subtraction algorithms. Applying some properties of
the human auditory system to noise reduction allows one to preserve much more
of the input signal’s energy and consequently enables decreasing unfavourable



influence of the reconstruction filter.
As experiments resulted in satisfactory wow defect evaluation, the presented ap-
proach appears to be valid. The presented algorithm manages to detect changes
of the pitch variation function pw(t). However, in case of strong variations of
pw(t) (e.g. accidental wow defect), it still needs to be more robust, especially
at the pitch variation tracking stage. Therefore, a further development of this
algorithm is underway.
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