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(67)  The invention relates to a computer-implement-
ed method for processing an audio signal, in particular
including speech. The method comprises obtaining a re-
corded audio signal having a dedicated sampling rate, in
particular above 22 kHz, whereas the recorded audio sig-
nal comprises a speech portion and a noise portion. A
spectrogram is generated from the recorded audio signal
andthen applied to a processing chain of two subsequent
denoiser processes. A first of the two subsequent de-
noiser processes is a machine-learning based denoiser
process to provide a denoised spectrogram. The second
of the two subsequent denoiser process is a denoiser
process configured to remove stationary noise from a
spectrogram applied to it.
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Description

[0001] The present invention relates computer-imple-
mented method for processing an audio signal, in partic-
ular including speech. The invention also relates to a
computer system and a non-transitory computer-reada-
ble storage medium.

BACKGROUND

[0002] Generation of high quality audio is key means
for conveying a story, both for pure audio content as well
as video content to a broader audience, most important
for today’s content providers. However, conventional au-
dio recording methods often phase a drawback due to
the mediocre or bad audio quality. While a reduced audio
quality also hampers the listener’s experience, another
drawback lies in the fact that post processing of audio
requires substantial human effort. Particularly, improving
audio quality often requires several iterations, in which
the content provider listens to the processed audio signal
until the desired result are achieved.

[0003] Insome applications, audio is recorded in noisy
environments. For example, during an outside interview
the recorded audio signal may contain the speech of the
interviewer and the person who is being interviewed, but
also all kinds of arbitrary noise from various sources. This
problem does not only occur in open environments, but
also indoors, in which various other noise sources are
present, thus reducing the overall quality. An important
aspect foraudio processing is related to a denoising proc-
ess, in which the noise level of the recorded audio signal
is identified and subsequently removed. This process of-
ten requires manual work and the setting of several pa-
rameters until the desired quality and best eligibility is
obtained.

[0004] Consequently, there is a desire to simplify or at
least reduce the thoughts for this very time consuming
task.

SUMMARY OF THE INVENTIONS

[0005] Theinventors have realized that audio process-
ing and in particular speech processing requires higher
sample rate to obtain all information on the recorded
noise while maintaining the harmonics in the spectro-
gram relevant for good speech quality. When processing
audio preserving of phase information seems important,
asitwas found thatsuch phase information affects largely
the eligibility of speech. While in conventional noise re-
duction solutions mainly the amplitude portion of a signal
is processed thus adversely affecting the phase portion,
the present application seeks to reduce noise while
avoiding a distortion of the phase information in the sig-
nal, or alternatively reduce or alternatively reduce noise
in the amplitude domain and reconstruct the missing
phase.

[0006] In addition, significant improvements were
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found when dealing with high noisy signal with a chain
of two differentdenoisers. Such approach will reduce sta-
tionary noise, musical and high frequency noise in signals
with heavy speech content. Compared to previous re-
sults, the speech signals quality can be maintained.
[0007] Consequently, the inventors propose a compu-
ter-implemented method for processing an audio signal,
in particular including speech, in which a recorded audio
signal having a dedicated sampling rate, in particular
above 22 kHz is obtained, the recorded audio signal com-
prising a speech portion and a noise portion. A spectro-
gram of the respective recorded audio signal is obtained.
Subsequently, the obtained spectrogram is applied to a
processing chain of two subsequent denoiser processes
to reduce the noise in the signal. The first of the two sub-
sequent denoiser processes is a machine-learning
based denoiser process to provide a denoised spectro-
gram. The second of the two subsequent denoiser proc-
ess is a denoiser process configured to remove at least
stationary noise from a spectrogram applied to it and in
particular at least one of stationary, semi-stationary, and
musical noise .

[0008] As stated previously, high quality audio content
with speech require higher sampling rates. On the other
hand, machine-learning based trained denoiser process-
es require a lot of computational power to obtain good
results, and such computational effort increases signifi-
cantly with higher sampling rates.

[0009] Inan aspect, the inventors therefore propose a
computer-implemented method for processing an audio
signal, in particular including speech. In a first step, a
recorded audio signal having a sampling rate is obtained.
The recorded audio signal comprising a speech portion
and a noise portion. Prior to the denoiser processing it
is evaluated if the sampling rate matches a specified sam-
pling rate. Said specific sampling rate is the sampling
rate, in which the machine-learning based denoiser proc-
ess was trained with. In response to an evaluation that
the sampling rate of the obtained recorded audio signal
does not match the specified sampling rate, the recorded
audio signal is resampled to match the specified sam-
pling rate. Then a spectrogram is obtained of the record-
ed audio signal. The spectrogram is then applied to a
machine-learning based denoiser process trained at the
specified sampling rate to provide a denoised spectro-
gram. The machine-learning based denoiser process will
separate amplitude information and phase information
before applying amplitude information and phase infor-
mation to a chain of partial convolutional layers, each of
them having different kernel sizes.

[0010] Consequently, the machine-learning based de-
noiser process will act on the amplitude and phase infor-
mation separately. It was also found that amplitude and
phase information should be processed initially using
partial convolutional layers surprisingly causing better re-
sults after the training process compared to pure convo-
lutional layers.

[0011] Insome aspects, the order of the denoiser proc-
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esses may provide different results. Consequently, it is
proposed to apply the obtained spectrogram to the first
of the two subsequent denoiser processes. The output
is then applied to the second of the two subsequent de-
noiser processes. In some instances, the output of the
firstdenoiser process may be combined with the obtained
spectrogram or portions thereof to obtain a combined
spectrogram. This combined spectrogram may then be
applied to the second of the two subsequent denoiser
processes.

[0012] In some aspects, a short-time Fourier transfor-
mation is performed on the recorded audio signals to
obtain a spectrogram. It was found that denoising, par-
ticularly with preserving phase information requires a
slightly longer time scale. Therefore to obtain the spec-
trogram, it is proposed to use a window length in the
range of 15 ms to 75 ms, in particular 23 ms to 50 ms.
Further, an optional FFT size of 1024 or 2048 is found
to provide good results.

[0013] In an aspect, the first of the two subsequent
denoiser processes is the machine-learning based net-
work structure. The network structure comprises sepa-
rated prediction networks for amplitude- and phase in-
formation to provide a denoised amplitude portion and a
denoised complex phase portion of the applied spectro-
gram. They are referred to as amplitude prediction net-
work (that is a network for predicting amplitude informa-
tion) and phase predicting network (that is a network for
predicting phase information), respectively. In other
words, instead of providing a trained network for the
whole spectrogram or the combined information of am-
plitude and phase, the proposed network structure sep-
arates amplitude and phase information from the spec-
trogram into an amplitude portion and a phase portion
and processes them separately. The reason for this ap-
proach lies in the fact that the features for the amplitude
and the phase may be different. Nevertheless, it was
found that a complete separation would provide deterio-
rated results, as phase by itself does not have a structure
and will therefore be hard to estimate. In an aspect, the
separated prediction networks are configured to commu-
nicate with each other. In other words, the method pro-
poses to provide information and particularly output re-
sults from the amplitude prediction network to the phase
prediction network and vice versa. With the information
from the amplitude- predicting network, the features for
phase estimation is significantly improved.

[0014] In this regard, the spectrogram and more pre-
cisely the amplitude portion of the spectrogram and the
phase portion of the spectrogram are each applied to a
chain of two different 2D partial convolutional layers to
produce a respective feature map. The layer may have
all different kernel sizes. It was found that partial convo-
lutional layer perform better at low and high frequencies,
the former relevant of speech. Close to edges in the am-
plitude and phase portions of a time slice in the spectro-
gram, the result are improved, if partial convolutional fil-
ters are used instead of pure convolutional filters.
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[0015] Inafurtheraspect, the separated prediction net-
works for the amplitude- and phase information compris-
es three subsequently arranged processing blocks in-
cluding the same processing elements. Processing of
information is done three times in a row, whereas the
results of a processing block is input to the subsequent
block. Alternatively the processing steps can also be re-
peatedly performed, such that the outputresults are feed-
back as inputs. The three block of the amplitude predic-
tion network are configured to handle local time-frequen-
cy correlation of the input feature. In addition, they enable
the identification of global correlations on the frequency
axis such as harmonic correlations, allowing the following
blocks to extract high-level features for amplitude predic-
tion.

[0016] As stated previously, the amplitude and phase
prediction networks communicate and share information
to obtain a structure for the phase prediction. For this
purpose, an output of each block of the amplitude pre-
diction network is fed into an output of the respective
block of the phase prediction network. Likewise, the out-
put of each block of the prediction network for the ampli-
tude information is fed into the output of the respective
block of the prediction network for the phase information.
It should be noted that this communication loop occurs
for each block in the amplitude and phase prediction net-
works to ensure any structure found in the amplitude fea-
tures is communicated to the phase. However, it may be
sufficient for some applications to reduce the communi-
cation loops and feed the output only of one block of each
path the respective other path.

[0017] Inanaspect, each block of the phase prediction
network comprises two subsequent convolutional layers
having a kernel size equals to the kernel size of the two
subsequent 2D partial convolutional layers.

[0018] It was found that spectrogram having speech
as main audio often include non-local correlations in the
spectrogram along the frequency axis. A typical example
is the correlations among harmonics. To capture and cor-
rectly predict those features, 2D convolution layers hav-
ing small kernels may not be sufficient. Hence, it is pro-
posed in some aspect to include a first frequency trans-
formation block being an input element of each block of
the amplitude prediction network. Likewise, a second fre-
quency transformation block is applied to the last of each
convolutional block and thus forms the output element
of each block. The frequency transformation blocks each
comprise a trained transformation matrix applied on the
frequency axis to obtain a feature map containing infor-
mation about all frequency bands. In this regard, the first
and second frequency transformation block may com-
prise the same structure.

[0019] Afterthe feature map has beengenerated within
the amplitude and phase prediction network, the respec-
tive outputs are used to predict the amplitude and phase
masks. In some aspects, the amplitude prediction net-
work comprises a bi-directional Long Short Term Memory
network, Bi-LSTM with a unit number smaller than 600
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for amplitude mask prediction. In addition, several fully
connected layers of the same size and then a subse-
quently reduces size may be arranged after the Bi-LSTM
network. The processed phase feature map is reduced
to a complex and normalized value feature map, wherein
the two channels correspond to the real and the imagi-
nary parts of the predicted phase.

[0020] The result combined to a spectrogram is the
output of the denoising process. In some instances, the
results can be transformed back using an ISTFT to obtain
adenoised audio signal. In addition or alternatively a Grif-
fin Lim Algorithm, GLA is applied to the final output of
both denoiser. Applying a GLA is a possible way to re-
construct any smaller missing part of the phase, in case
the second denoiser has aversively affected or removed
parts of the amplitude in the spectrogram, which might
lead to inconsistencies in the phase.

[0021] In some other aspects, the spectrogram or the
denoising mask from the previous denoiser may form the
input of a subsequent denoising process. Hence in this
regard, the subsequent denoising process may be ap-
plied to the clean denoised signal the previous denoiser
or it can be given a "mask" which can be applied to give
the clean signal. Further alternatively, the subsequent
denoiser can receive directly the mask. Hence, the sec-
ond denoiser can "denoise" the "denoising mask" of the
first denoiser. In contrast to the previous one, the second
denoising process uses a non-machine-learning based
trained process.

[0022] When applying the spectrogram to the second
of the two subsequent denoiser process, a predeter-
mined quantile may first be obtained out for all compo-
nents of each frequency bin in the spectrogram. The
quantile allows controlling how "clean" the desired output
is. In some instances, a user may chose or set the quan-
tile to some desired or pre-defined values. For example,
if arecorded audio signal may still comprise an undesired
noise level, a higher quantile can be chosen. In some
instances the median (quantile=0.5) is selected. In a sub-
sequent step, the selected quantile is used to remove
components of the spectrogram smaller than the ob-
tained median to provide a denoised spectrogram. This
particular step make use of the fact that the human voice
focusses main portions of its energy in arelatively smaller
number of frequency bands Hence, higher frequency do
usually not contain further speech information, apart from
harmonics of the spectrum, but are usually noisy.
[0023] Using a quantile may also have the benefit of
avoiding the need of any knowledge of the actual noise
level. Together with a higher sampling rate, which gen-
erates a lot of spectrogram bins, one can make use of
the focussed energy in small bands and generally con-
siders all portions below the selected quantile to be noise.
As a result, the process generate a denoised spectro-
gram.

[0024] In an aspect, the output of this process may
then be further decomposed into a dense portion of the
denoised spectrogram and a sparse portion, wherein the
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dense portion comprises components of the denoised
spectrogram having a particular structure, and more pre-
cisely having the harmonic structure of the recorded sig-
nal.

[0025] A different aspect is related to a computer-im-
plemented method of any of the preceding claims, where-
inthe step of obtaining a recorded audio signal comprises
evaluating if the sampling rate of the recorded audio sig-
nal matches a specified sampling rate. The specific sam-
pling rate is generally higher than the usual frequency
for normal speech to capture not only the fundamental
frequency, butalso the very high and particular all audible
harmonics in the signal. The sampling rate may be there-
fore 44.1 kHz or multiples thereof like 98.2 kHz. Alterna-
tively, the sampling frequency may also be 48 kHz or
multiple like 96 kHz, 146 kHz 192 KHz. If the sampling
rate does not match a specified sampling rate, the re-
corded audio signal will be resampled to match the spec-
ified sampling rate. After resampling if necessary, a spec-
trogram is obtained therefrom, wherein the spectrogram
comprises a plurality of energy or frequency bins. The
spectrogram can be obtained using ISTFT or any other
suitable transformation.

[0026] Usually the exact noise figure of the signal and
the noise itself is not known in advance. The method
therefore proposes to remove components of each en-
ergy bin in the spectrogram that are smaller than a pre-
viously obtained quantile to provide a first denoised spec-
trogram. Advantageously, the method make use of the
fact that speech and language usually focusses its main
portion of its energy in certain frequencies, while other
frequency ranges carry relatively low energy mostly com-
ing from noise. By proper selection of a quantile and then
removing the component from the spectrogram lower
than a threshold set by the quantile, one can remove the
main portion of the stationary noise from the spectro-
gram. Depending on the desired level of noise suppres-
sion, a user may set the quantile to a dedicated value
that provides him with the best results. Generally, the
quantile will be higher if more noise is present in the sig-
nal.

[0027] Any denoising method (such as the ones de-
scribed above, the machine-learning-based one and a
non-machine-learning based one) might lead in some
instances to spurious peaks in the spectrogram which
are perceived as ‘'musical noise’. To remove such noise,
the present invention proposes to decompose the spec-
trogram denoising mask into a dense portion and a
sparse portion, wherein the dense portion comprises
components of the denoised spectrogram within a pre-
determined structure, in particularly a harmonic struc-
ture.

[0028] While this resampling as above is mentioned in
respect to certain method steps, one should note that it
is not restricted to a specific method. Rather re-sampling
of the recorded and to-be-processed signals may be en-
forced as soon as the denoiser process is not set up for
the sampling rate of the recorded signal. This can happen
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for example if the Machine-learning based denoiser has
been trained with example signal of a different sampling
rate. Further, the various layers and elements in the de-
noiser comprise a certain dimension corresponding to a
certain sample rate.

[0029] The computational effort increases with in-
creasing sample rate significantly due to the require
memory consumption and processor time needed.
Hence, to obtain audio processing in a suitable time or
even in real-time one has to make a trade-off between
the sampling rate and the processing time. On the other
hand, it has been found that processing and denoising a
recorded signal at higher sampling rate usually provides
better results as eligibility of the processed signal de-
pends on correct phase reconstruction and the harmon-
ics in the original signal.

[0030] Another aspect concerns a computer system
that comprises one or more processors. A memory is
coupled to the one or more processors. The memory
comprises instructions, which when executed by the one
or more processors cause the one or more processors
to perform the method of any of the preceding claims. A
further aspectis related to non-transitory computer-read-
able storage medium comprising computer-executable
instructions for performing the method of any of the pre-
ceding claims.

SHORT DESCIRPTION OF THE DRAWINGS

[0031] Further aspects and embodiments in accord-
ance with the proposed principle will become apparent
in relation to the various embodiments and examples de-
scribed in detail in connection with the accompanying
drawings in which

Figure 1 shows an embodiment of the main aspects
for a method of processing an audio signal in accord-
ance with some aspects of the present invention;

Figure 2 illustrates an exemplary embodiment of a
process flow according to some aspects of the pro-
posed principle;

Figure 3 shows an embodiment of the prediction net-
work in accordance with the first denoiser of the pro-
posed principle;

Figure 4 shows a more detailed view of potion of the
amplitude prediction network in accordance with
some aspects of the proposed principle;

Figure 5 illustrates a structure of a frequency trans-
formation block to capture global correlation in the
frequency bands;

Figure 6 and 7 show a simplified spectrogram with
an energy distribution to illustrate the various proves
steps of an embodiment of the second denoiser.
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DETAILED DESCRIPTION

[0032] The following embodiments and examples dis-
close different aspects and their combinations according
to the proposed principle. The embodiments and exam-
ples are not always to scale. Likewise, different elements
can be displayed enlarged or reduced in size to empha-
size individual aspects. It goes without saying that the
individual aspects of the embodiments and examples
shown in the figures can be combined with each other
without further ado, without this contradicting the princi-
ple according to the invention. Some aspects show a
regular structure or form. It should be noted that in prac-
tice slight differences and deviations from the ideal form
may occur without, however, contradicting the inventive
idea.

[0033] In addition, the individual figures and aspects
are not necessarily shown in the correct size, nor do the
proportions between individual elements have to be es-
sentially correct. Some aspects are highlighted by show-
ing them enlarged. However, terms such as "above",
"above" "below", "below" "larger", "smaller" and the like
are correctly represented with regard to the elements in
the figures. So it is possible to deduce such relations
between the elements based on the figures.

[0034] The inventors have realised that for a proper
denoising process the respective audio signal should
have a relatively large sampling rate to be able to recon-
struct the phase information, as it turned out that the de-
noising process may distort the phase information of the
recorded audio signal. Further, a good phase information
as well as harmonics in the spectrum is helpful for the
human ear to reconstruct the audio signal and provide a
good eligibility. Consequently, harmonics ad phase in the
recorded audio should be preserved as much as possible
during the denoising process to maintain the audio qual-
ity. In addition, some content providers may perform fur-
ther post processing to generate a spatial audio signal,
a stereo signal or any out output.

[0035] At the same time, a denoising process should
be flexible, that is it should be able to denoiser noisy
audio signal without deteriorating the quality for less
noisy or clean audio signals. It has been found that cur-
rent speech denoiser may not be sufficient for this pur-
pose, as they are implemented with a relatively low sam-
pling rate that does not allow for proper reconstruction
of higher harmonics. Hence, it is proposed to provide a
denoising method with a fixed sampling rate and adapt
the sampling rate of recorded audio signals to be proc-
essed to the fixed sampling rate. The fixed sampling rate
for the denoiser process is set to a value, which on the
one side offers good results with regard to audio quality,
while at the same time, only requiring foreseeable com-
putational effort. A sampling of 48 kHz, 44 kHz has been
found suitable for the denoising process according to the
proposed principle. A sampling rate of 22 kHz may also
be sufficient, when less computation power is available.
[0036] Figure 1 illustrates an embodiment of the pro-
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posed principle. The recorded audio signal S1 is provided
and its sample rate identified. The denoising processes
DN1 and DN2 are configured to process recorded audio
signals at specified and fixed sampling rate. Consequent-
ly, step S2 evaluates and compares the sampling rate of
the recorded audio signal with the specified sampling
rate. In response to a mismatch, the recorded audio sig-
nal is resampled to match the specified sampling rate.
Otherwise, the recorded audio signal can be directly ap-
plied to the denoiser process.

[0037] Forthe purpose of simplicity, the term "recorded
audio signal" corresponds to a recorded audio signal hav-
ing a sampling rate matching a specified sampling rate
of the subsequent denoising process. It should be noted
that the two denoiser processes are implemented on the
same sampling rate. However, this is not a requirement
per se. Rather itis possible to resample the output of the
first denoiser to match the sampling rate of the second
denoiser process.

[0038] The proposed method now includes two subse-
quent denoiser processes DN1 and DN2 arranged in a
chain like structure, in which the first denoiser process
DN1 acts on the recorded (and resampled) audio signal
and provides it respective output to the second denoiser
process DN2. It has been found that the differentdenoiser
processes are able -in particular- in audio signals with
different noise types to improve the overall denoising re-
sults. In other words, two subsequent denoiser process-
es arranged subsequently to each other may improve
the overall audio quality and are able to compensate for
an individual denoiser’s drawbacks or disadvantages.
[0039] The first of the subsequent denoiser processes
DN1 is a machine-learning based denoiser process to
provide a denoised spectrogram. In contrast thereto, the
second of the two subsequent denoiser processes DN2
is implemented differently and particularly without a ma-
chine-learning based algorithm. The second of the two
subsequent denoiser processes DN2 is a denoiser proc-
ess configured to remove at least stationary noise, and
optional musical noise from a spectrogram applied to it.
[0040] It was found by the inventors that a very noisy
recorded audio signal may result in an insufficient de-
noised audio signal, whereas said audio signal still con-
tains hearable and sometimes annoying noise reducing
the overall audio quality. Applying the output of the first
denoiser process as a machine-learning based denoiser
process to second process implemented completely dif-
ferently improves the overall audio quality by identifying
and removing stationary and musical noise from the
spectrogram.

[0041] Figure 2 shows a more detailed implementation
of the proposed method illustrating various aspects of
the inventive concept. As previously stated, a recorded
audio signal is obtained in step S1. The recorded audio
signal may have been sampled at a certain sampling rate
or the sampling rate may be unknown. Consequently,
step S10 offers an evaluation, in which the sampling rate
of the recorded audio signal is identified, evaluated and
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compared with a predetermined value. The predeter-
mined value corresponds to the fixed sampling rate at
which audio signals have to be applied at the denoiser
process. Further, itis the sampling rate defining the gen-
eration of the spectrogram be generated from the audio
signal and used for the denoising process.

[0042] Consequently, if the evaluation step S10 deter-
mines that the sampling rate of the recorded audio signal
matches of the prespecified sampling rate, the method
continues with step 11. However, if the evaluation step
S10 determines that the sampling rate of the recorded
audio signal does not match the specified sampling rate
reassembling of the recorded audio signal will be per-
formed in step S2 to match the specified sampling rate.
[0043] In step S11, a spectrogram is obtained by for
example by performing a short time Fourier transforma-
tion, STFT on the recorded audio signal. It has been
found however that for the subsequent machine-learning
based denoiser process, it is a useful to extend the win-
dow length, as well as the FFT size to a large value. The
improved results caused by such extension may originate
from the fact that the phase of noise within the signal may
be time correlated to such extent that noise may extend
forwards and backwards in time. Consequently, extend-
ing the window length for the short time Fourier transfor-
mation, STFT may capture that noise completely and
therefore offer better training results in the subsequent
machine-learning based denoiser process.

[0044] The obtained spectrogram comprises the am-
plitude and phase information for each energy orfrequen-
cy bin over a certain period of time. It is applied to the
first denoiser process in step S12. An implementation of
the first denoiser process will be explained in greater de-
tail below with respect to figures 3 to 5 below. Neverthe-
less, the first denoiser process will predict amplitude and
phase information in response to its machine-learning
based algorithm and provides a denoised spectrogram
as an output.

[0045] In step S13, the denoised output spectrogram
is evaluated with regard to quality, in order to decide
whether the obtained denoising process is sufficient or
second subsequent denoiser process has to be applied.
Such evaluation can be done either automatically by
measuring the remaining mean or median noise level or
manually by simply listening to the output results by a
user.

[0046] If the evaluation determines that the quality is
sufficient, the process ends step S14. If you evaluation
determines that the quality is not a sufficient the output
results of the first denoiser process is applied as an input
to a second denoiser process in step S15. The second
denoiser process in step S15 is implemented differently
compared to the first denoiser process in step S12. In
other words, the denoising method steps S12 and S15
are different such that in any case different results would
be observed when the same audio signal is applied to
them. In particular, they may apply different approaches,
e.g. one denoiser if acting on the amplitude information
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alone, while the other denoising process utilizes phase
and amplitude information to reduce the noise.

[0047] In some aspects of the second denoiser proc-
ess is a non-machine-learning based algorithm, with,
which is configured to reduce the noise level without
knowledge offer the median noise level within the spec-
trogram. This enables the second denoiser process to
reduce the noise without knowledge of the actual noise
level by sorting the various energy bins and then remov-
ing those components within the energy bins, which are
smaller than a certain threshold level. The results of the
second denoiser process is a spectrogram deprived from
stationary and musical noise.

[0048] Insome instances, the two denoiser processes
may ultimately distort or remove components from early
spectrogram. Consequently, step S16 may either per-
form an inverse short-term Fourier transformation ISTFT
to obtain the denoised signal or alternatively perform a
Griffin Lim Algorithm, GLA on the output results after the
second denoiser process. The algorithm is a way to re-
construct of the missing part of the phase information, in
case the denoising process is removing parts of the mag-
nitude in the spectrogram. The latter may lead to incon-
sistencies in the phase, which can be fixed by the re-
spective algorithm.

[0049] Referring now to Figure 3, showing an illustra-
tion of the first denoiser process utilising a machine-
learning based algorithm. The machine-learning based
denoiser process makes use of two separate predicting
networks P1 and P2. The first predicting network P1 pre-
dicts the denoised amplitude portion of the spectrogram
applied to it is input while the second predicting network
P2 predicts the respective phase information and outputs
the denoised phase of the spectrogram. It has been sur-
prisingly observed that the phase information of the spec-
trogram contains almost no structure, which makes it
hard for the predicting network P2 to predict correctly the
denoised phase information. On the other hand, the am-
plitude feature map may offer a structure, which in turn
may be correlated with the phase. Consequently, both
networks are communicating with each other at various
stages throughout the generation of the feature map.
[0050] Each path comprises a respective input stage
BP1 and BP2, at which the respective amplitude or phase
information of the spectrogram is provided. The input of
the network, as a short time Fourier transformed STFT
spectrogram is a complex valued spectrogram having a
matrix T x F, wherein T represents of the number of times
steps and F represents the number of frequency bins.
The respective input stages comprises different groups
of 2D partial convolutional layers, which are used to pro-
duce the feature map in the amplitude predicting network
P1 as well as in the phase predicting network P2.
[0051] The input stage BP1 and BP2 with their partial
convolutional layers for each predicting network are cou-
pled to arespective streaming block TSBP1 and TSBP2,
respectively. Those streaming blocks are subsequently
repeated three times for the amplitude-predicting net-

10

15

20

25

30

35

40

45

50

55

work as well as for the phase predicting network, such
that the output of each streaming block is applied to the
respective input of the next streaming block.

[0052] In addition, as visualised in Figure 3, a cross
communication linkis established between the amplitude
and phase predicting networks at various positions. The
link occurs between the respective streaming blocks
TSBP1 and TSBP2. Particularly, the output of the first
streaming block TSBP1 of the amplitude-predicting net-
work P1is combined with the output of the first streaming
block TSBP2 of the phase predicting network P2 and
subsequently applied is input to the next streaming block
TSBP2. Likewise, the output of the first streaming block
TSBP2 of the phase predicting network is combined with
the output of the first streaming block TSBP1 in the am-
plitude-predicting network P1 and then subsequently ap-
plied as input to the subsequent streaming block TSBP1
of the amplitude-predicting network.

[0053] Consequently, the communication between the
respective amplitude and phase predicting networks take
place after each of the streaming blocks TSBP1 and
TSBP2, respectively. The exchange ofinformation is suit-
able for the phase prediction as the phase itself may not
comprise a significant a structure and therefore itis hard
to predict. The outputs of the respective streaming blocks
in the amplitude and phase pass of the last streaming
block is then combined and subsequently applied to a
respective prediction network PN1 for the amplitude and
PN2 for the phase to predict the denoised amplitude and
phase information.

[0054] Althoughthe general structure for the amplitude
and phase pass of the predicting network in accordance
with the proposed first denoiser process look similar, the
respective elements within the blocks are different. Such
differences are illustrated with regard to Figure 4, show-
ing the block elements for the input stage BP1 and the
first streaming block stage TSBP1 of the amplitude-pre-
dicting network. The input stage of the first amplitude-
predicting network comprises a group of 2D partial con-
volutional layers CL1 and CL2, which are used to produce
arespective feature map for the amplitude path. The par-
tial convolutional layer CL1 include a kernel size with an
n x m kernel matrix, which is followed by a subsequent
convolutional layer CL2 with an m x n kernel matrix. As
an example, a 1 x m matrix and its transformed counter-
part an m x 1 can be used. The feature map output is
then applied to the streaming block TSBP1.

[0055] The stream block TSBP1 for the amplitude-pre-
dicting network comprises three convolutional layers
CL3, CL4 and CL5 to handle local time frequency corre-
lation for the input feature and the feature map provided
by the input stage BP1.

[0056] The convolutional layer comprises a different
kernel sizes, whereas the total size of the first convolu-
tional layer, CL3 and the last convolutional layer CL5 in
each streaming block TSBP1 comprise the same kernel
size and include a matrix of m x n. The convolutional
layer in between includes a one-dimensional matrix of
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kernel size px 1. The convolutional layers are surrounded
by frequency transformation blocks FTB1 and FTB2 used
before and after the three convolutional layers. The fre-
quency transformation blocks enable the capturing of glo-
bal correlation on the frequency access, such as harmon-
ic correlations. The output of the last frequency transfor-
mation block of the first and second of the three streaming
blocks TSBP1 is coupled to the input of the subsequent
streaming block.

[0057] In addition, as illustrated in Figure 3, the output
is also combined with the output of streaming blocks
TSBP2 of the phase predicting network, and vice versa.
As a result, the combined output of the amplitude-pre-
dicting network and the phase predicting network is then
subsequently applied to the next stream a block TSBP
of the amplitude-predicting network and the phase pre-
dicting network, respectively.

[0058] The phase predicting network comprises a sim-
ilar structure of input stage BP2 having two partial con-
volutional layers of different kernel sizes. The input stage
BP2 provides a feature map for the phase information,
which is subsequently applied to the first streaming block
TSBP2. However, in contrast to the amplitude-predicting
network, the phase predicting network and its streaming
blocks TSBP2 are simplified and only comprise two con-
volutional layers. It has been observed that the convolu-
tional layers inthe streaming blocks TSBP2 can comprise
the same kernel structure as the partial convolutional lay-
ers in the input stage BP2 to provide the feature map.
Consequently, the phase predicting network and it
streaming blocks are designed lightweight. In the present
implementation of the phase predicting network, the sec-
ond (partial) convolutional layer -both in the input stage
BP2, as well as in each streaming block TSBP2- com-
prises a kernel size m x 1 with a relatively large value for
m. This enables the predicting network to capture long-
range time domain correlations, which are present in the
phase information.

[0059] Insome instances, a global layer normalisation
can be performed before each convolutional and partial
convolutional layer in the phase predicting network. Fur-
ther, depending on the noise characteristics, it has been
found that an activation function for the phase predicting
network s not necessary as the presence of such function
actually decreases performance in the phase prediction.
[0060] As stated previously, the communication be-
tween the amplitude-predicting network and the phase
of predicting network is important to the success of the
combined stream block structure. Particularly, the phase
predicting network has only a reduced success for phase
prediction without additional information from the ampli-
tude predicting network as the phase comprises no sig-
nificant structure. Consequently, as shown in figure 3,
the output features of each stream block TSBP is com-
bined before being input into the subsequent stream
block or used as an input for the amplitude and phase
prediction. The functional block f(TSPBI, TSBP2), using
a gating mechanism for combination, is similar in both
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networks and includes an element of element-wise mul-
tiplication of the output of a streaming block the respec-
tive predicting network with a 11 convolution of the re-
spective output of the other streaming block: f(TSPB1,
TSBP2)= TSPB1 o CL(TSBP2) with CL being the 1x1
convolution.

[0061] The frequency transformation blocks FTB1 and
FTB2 are illustrated with their main elements and struc-
ture in Figure 5. The input that is the feature map either
from the first input stage or the respective output from
the previous stream blocks, are forwarded directly to a
point-wise multiplication or fed into an attention block to
predict portions of the feature map that require a higher
attention. The attention block uses 2D and 1D convolu-
tional layers. The result is subsequently multiplied with
the input feature map. The result with the relevantfeature
marked by the attention map is then forwarded to element
FC, which contains a trainable frequency transformation
matrix that is now applied to each feature map slice for
each point in time.

[0062] After this block each energy been in the feature
map contains information from all frequency bands, al-
lowing the subsequent correlation layers in the stream
blocks to exploit global frequency correlation for ampli-
tude and phase estimation. The output of the frequency
transformation block FTB or FTPB2 is concatenated with
the original input and then applied to a 1X1 convolution
layer. In addition, normalisation and activation can be
implemented for all convolution layers.

[0063] The machine based-learning denoiser process
of the proposed principle provides improved results over
conventional denoising algorithms or algorithm that uti-
lise machine-learning based. This is achieved by the
phase prediction using the structure from the amplitude-
predicting network taking into account that both networks
are trained with audio data sampled at a higher sampling
rate, e.g. in the range of 22 kHz or higher. The high sam-
pling rate will preserve phase information even for higher
harmonics of the speech fundamentals. In addition, itwas
found that partial convolution and layer, particularly as
input stage provides further benefits for the respective
predictions.

[0064] The seconddenoiser process implements a dif-
ferent approach and follows the idea that a spectrogram
with residual noise can further be improved without the
precise knowledge of the level of stationary or musical
noise. Figures 6 and 7 illustrate, by way of example, the
various steps for the second denoiser process. In this
regard, it is assumed that a stationary noise often corre-
sponds or at least is similar to arbitrary white Gaussian
noise AWGN that, under usual circumstances can be di-
rectly subtracted from the audio signal. However, such
approach requires knowledge about the overall power of
the stationary noise within the audio signal to be able to
calculate a medium or mean value and subsequently
subtract that value from the audio signal. In certain ap-
plications, for example with denoising in real-time, but
also for recorded audio signals the level of noise is gen-
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erally unknown and such approach usually fails.

[0065] Consequently, the inventors have proposed a
revised method following the idea that the main energy
portions of speech audio signal is focused on relatively
few energy or frequency bins, usually around the fre-
quency ranges for speech. The idea makes use of the
further fact that in audio signals with a higher sampling
rate the respective speech energies is concentrated in
very few frequency bins. Hence, instead of knowing noise
inadvance, it might be possible to use the pre-determined
quantile on the overall spectrogram to reduce or simply
remove components below the threshold given by the
quantile. In other words it is assumed that energy in each
time slice and frequency bin below a threshold given by
the pre-determined quantile does not belong to the
speech, but is noise or at least and undesired signal.
[0066] Such approach is presented in Figure 6 in the
left and right drawings. The left drawing illustrates by way
of examples four frequency bins f1 to f4 as well as three
time slices t1 to t4 of a spectrogram. For each time slice
and in each frequency bin the energy deposit in the re-
spective tf-cell is illustrated. As visible from the left draw-
ing, the main energy components are concentrated in
relatively low frequency bins over the whole period t1 to
t3. This results from the fact that for audio content having
speech the main energy is concentrated in those frequen-
cy bins, in which the fundamental of the speech signal
as well as first few harmonics are located. In the present
case as shown in figure 6, frequency bin f1 as well as
frequency bin f2 of timeframe t3 contains the main energy
portions. For evaluating the quantile and for the present
example the median, the various energy components are
sorted according to their energy values providing overall
12 values. Consequently, the median evaluated in this
example, after the sixth value and more precisely be-
tween the values of 0.1 and 0.2.

[0067] Inaccordance with the presentinvention shown
in Figure 6 is a right, drawing the values that are below
the threshold, or simply speaking, lower than via respec-
tive medium are simply deleted and set to 0. For this
example, the median was used. However, one may use
a lower or higher quantile depending on the noise level.
For very noisy signals, the quantile may be set to 0.7 or
0.8 to supress the noise. However, here is a trade-off,
because for larger quantile values the risk that speech
harmonics are accidently removed may increase.
[0068] This process step will result in the structure
showing in figure 7, left drawing, in which several values
have been set to 0, except for the main speech compo-
nents in frequency bin f1 and f2. This approach will al-
ready remove most of stationary noise but -as shown in
Figure 7- leave out several residual components, here in
frequency bin f3 for time t1 and frequency bin f4 for time
t2. These residual components are considered musical
noise, as they do not relate to the speech itself, but most
likely originate from spurious leftovers.

[0069] Inthe nextstep, according to the proposed prin-
ciple, the spectrogram with already removed stationary
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noise is decomposed into a dense portion as well as a
sparse portion. The dense portion mainly contains the
speech information located in the lower frequency bins,
while the sparse portion includes the musical noise. After
the decomposition, the sparse portion is removed from
the overall spectrogram and an inverse short-time Fou-
rier transformation is performed to obtain the denoised
audio signal.

Claims

1. A computer-implemented method for processing an
audio signal, in particular including speech, compris-
ing the steps of:

- obtaining arecorded audio signal having a ded-
icated sampling rate, in particular above 22 kHz,
the recorded audio signal comprising a speech
portion and a noise portion;

- obtaining a spectrogram of the recorded audio
signal;

- applying the spectrogram to a processing chain
of two subsequent denoiser processes,

wherein a first of the two subsequent denoiser proc-
essesis a machine-learning based denoiser process
to provide a denoised spectrogram;

wherein the second of the two subsequent denoiser
process is a denoiser process configured to remove
at least stationary noise from a spectrogram applied
to it.

2. A computer-implemented method for processing an
audio signal, in particular including speech, compris-
ing the steps of:

- obtaining a recorded audio signal having a
sampling rate, the recorded audio signal com-
prising a speech portion and a noise portion;

- evaluating ifthe sampling rate matches a spec-
ified sampling rate;

- inresponse to an evaluation that the sampling
rate does not match the specified sampling rate:
Resampling the recorded audio signal to match
the specified sampling rate;

- obtaining a spectrogram of the recorded audio
signal;

- applying the spectrogram to a machine-learn-
ing based denoiser process trained at the spec-
ified sampling rate to provide a denoised spec-
trogram;

wherein the machine-learning based denoiser proc-
ess separates amplitude information and phase in-
formation before applying amplitude information and
phase information to a chain of partial convolutional
layers, each of them having different kernel sizes.



10.

17

The computer-implemented method according to
claim 1, wherein the obtained spectrogramis applied
to the first of the two subsequent denoiser processes
and its output is applied as a combined spectrogram
to the second of the two subsequent denoiser proc-
esses.

The computer-implemented method according to
any of the preceding claims, wherein the step of ob-
taining a spectrogram comprising one of the steps of:

- obtaining a STFT from the recorded audio sig-
nal with a window length in the range of 15 ms
to 75 ms, in particular 23 ms to 50 ms and an
optional FFT size of 1024 or 2048.

The computer-implemented method according to
any of the preceding claims, wherein the first of the
two subsequent denoiser processes comprises a
network for predicting amplitude information and a
network for predicting phase information separated
from the network for prediction amplitude information
to provide a denoised amplitude portion and a de-
noised complex phase portion of the applied spec-
trogram, whereas the separated networks are con-
figured to communicate with each other.

The computer-implemented method according to
claim 4, wherein for each separated prediction net-
work, the applied spectrogram is input to chain of
two subsequent 2D partial convolutional layers to
produce a respective feature map.

The computer-implemented method according to
claim 5 or 6, wherein the separated prediction net-
works for the amplitude- and phase information com-
prises three subsequently arranged blocks including
the same processing elements.

The computer-implemented method according to
claim 7, wherein an output of each block of the pre-
diction network for the amplitude information is fed
into an output of the respective block of the prediction
network for the phase information;

and the output of each block of the prediction network
for the amplitude information is fed into the output of
the respective block of the prediction network for the
phase information.

The computer-implemented method according to
any of claims 6 to 8, wherein each block of the pre-
diction network for the phase information comprises
two subsequent convolutional layers having the
same kernel size as the two subsequent 2D partial
convolutional layers.

The computer-implemented method according to
any of claims 6 to 9, wherein each block of the pre-
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diction network for the amplitude information com-
prises a first frequency transformation block being
the input element of each block and a second fre-
quency transformation block being the output ele-
ment of each block, the frequency transformation
block comprising a trained transformation matrix to
obtain a feature map containing information about
all frequency bands.

The computer-implemented method according to
any of claims 5 to 10, wherein the prediction network
for the amplitude information comprises a bi-direc-
tional Long Short Term Memory network, Bi-LSTM
with a unit number smaller than 600.

The computer-implemented method of any of the
preceding claims, wherein applying the spectrogram
to the second of the two subsequent denoiser proc-
ess comprises:

- obtaining a predetermined quantile, in partic-
ular the median out of all components of each
frequency bin in the spectrogram;

- removing components of the spectrogram
smaller than the obtained median to provide a
denoised spectrogram;

The computer-implemented method of claim 12, fur-
ther comprising:

- decomposing the denoised spectrogram into
a dense portion and a sparse portion, wherein
the dense portion comprises components of the
denoised spectrogram, that comprise in partic-
ular a harmonic structure.

The computer-implemented method of any of the
preceding claims, wherein the step of obtaining a
recorded audio signal comprises:

- evaluating if the sampling rate of the recorded
audio signal matches a specified sampling rate,
the specific sampling rate being one of:

- 44 1 kHz or multiples thereof

- 48 kHz or multiples thereof;

- inresponse to an evaluation that the sampling
rate does not match the specified sampling rate:
Resampling the recorded audio signal to match
the specified sampling rate;

A computer-implemented method for processing an
audio signal, in particular including speech, compris-
ing the steps of:

- obtaining a recorded audio signal having a
sampling rate, the recorded audio signal com-
prising a speech portion and a noise portion;

- evaluating ifthe sampling rate matches a spec-
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ified sampling rate;

- in response to an evaluation that the sampling
rate does not match the specified sampling rate:
Resampling the recorded audio signal to match
the specified sampling rate;

- obtaining a spectrogram of the recorded audio
signal, wherein the spectrogram comprises a
plurality of frequency bins;

- obtaining a predetermined quantile, in partic-
ular the median out of all components of each
frequency bin in the spectrogram;

- removing components of each frequency
bin in the spectrogram smaller than the ob-
tained the predetermined quantile to pro-
vide a first denoised spectrogram;

- decomposing the denoised spectrogram
into a dense portion and a sparse portion,
wherein the dense portion comprises com-
ponents of the denoised spectrogram within
a pre-determined structure, in particularly a
harmonic structure.

16. A computer system comprising:

- ONe or more processors;
- a memory coupled to the one or more proces-
sors and comprising instructions, which when
executed by the one or more processors cause
the one or more processors to perform the meth-
od of any of the preceding claims.

17. A non-transitory computer-readable storage medi-
um comprising computer-executable instructions for
performing the method of any of the preceding
claims.
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