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Abstract

Classical algorithms for speech enhancement mostly con-
sist of digital filters, which utilize a statistical approach
for optimal estimation of the noise power spectrum. Be-
cause of constraints classical algorithms can lead to un-
satisfactory results, especially at high noise. Machine
learning is used for the challenging task of speech en-
hancement and particularly in reconstruction of speech
components that are masked by noise. For speech recon-
struction the source-filter model of speech production is
applied. The model can be used for speech reconstruc-
tion in such a way, that the excitation signal (produced
by the human glottis), as well as the so-called envelope
(filter characteristics of the vocal tract), are estimated
separately and subsequently combined. In this work a
deep recurrent neural network (deep-RNN) is applied as
regressive model to estimate an IIR-Filtered spectral en-
velope in the first approach, as well as a clean cepstral
envelope representation in a second approach. Finally,
the proposed approaches are analyzed objectively and
compared.

Introduction

Speech enhancement can be done by applying analytical
models such as the source-filter model of speech produc-
tion [1]. Together with data driven estimation techniques
it is possible to recover almost lost speech signal parts,
even at high noise, which can be denoted as speech re-
construction [2].

Since the envelope is a important part of a speech sig-
nal this work focuses on that, without attempting to be
a full speech enhancement. In the same manner previ-
ous work focused on using repetitive Long Short-Term
Memory (LSTM) layers for narrow-band spectral enve-
lope estimation (up to 2 kHz), which emerges from an
IIR-Filter [3][4][5]. Further motivation of this work is to
estimate an entire broadband envelope (up to 8 kHz) af-
ter hyperparameter tuning and extending formerly used
training methods. Since in cepstral domain a broadband
envelope representation requires only a small number of
coefficients, the hypothesis is that size of the neural net-
work can be reduced by a Cepstral-Lifter approach. Es-
timation of cepstral coefficients has shown significant im-
provement of speech quality [6].

The Log Spectral Distance (LSD) [7] is used as objective
measure to compare the spectral envelopes for speech-
frames, as well as for noise-frames. Finally the best
found hyperparameter sets for both feature extraction
approaches are discussed concerning size of the neural
network and speech intelligibility (STOI) [8].

Speech Feature Extraction

Assuming a single channel scenario, the time discrete mi-
crophone signal y,, can be described as an addition of the
desired speech signal s, and noise d,, as follows:

Yn = Sp + dn- (1)

The source-filter model of speech production is a LTI
system approach to classify two subsystems of a human
speech signal production [7] wherein:

a) The filter denotes the envelope, which is produced
by the vocal tract.

b) The source denotes the excitation, which is produced
by the human glottis.

It is applied introducing the speech s, as a convolution
of the envelope a,,, with the excitation b,,:

Sp = Qp, * by, (2)

Analysis filterbank

A windowed STF'T is performed on the discrete time do-
main expression 1 by DFT-modulated filterbank [9] us-
ing an analysis window hana i (Slepian), a frame width
of Nppr = 512 where p is called subband index counting
@ = 0,..., Nppr frequency bins. The window applies a
frame shift over r = 128 discrete time steps, at a sam-

pling frequency of f; = 16 kHz, with Q, = JggpuT as
follows:
Nprr—1 )
Yin = Z ynrfkhanaykeﬂguk’ (3)
k=0

whereas 7 represents the frame index. The conjugate
complex spectral components get neglected since redun-
dancy isn’t necessary for further processing except back
transformation, so that a upper boundary M = % +1
can be used meanwhile. However, only the magnitudes
of the complex spectrum vectors Y, , are used for the
envelope estimation.

Spectral envelope extraction by ITR-Filter

The envelope A, , in spectral domain is extracted by
means of a first order IIR-Filter approach applied on
magnitude spectrum Y, ;. The implementation consists
of a forward and backward smoothing with a smoothing
constant A = 0.8 of each STFT frame (low-pass) [5]. The
forward smoothing is done recursively [10] as follows:

, [Y,nls if u=0,
wn / (4)
AY, + (1= N[V, else.

-1
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The backward smoothing is done analogues yielding the
envelopes AY =Y/ .
In addition the excitations are extracted by element-wise

Yy
division: BZ n = A‘; . The reconstruction takes place

by combining the exmtatmn and the estimated envelope

again by element-wise multiplication: Y = B}, nAu -

Cepstral envelope representation
The real cepstral coefficients [11] based on the STFT in
Eq. 3 are calculated by

Nprpr—1
cY = _—— 201og, g |V n|e? 2", 5
1w = Nppr kZ:O 810 | / ,n‘ (5)

A lifter is applied by splitting the vectors of Eq. 5 by
u. The 1ower I' = 20 coefficients of Eq. 5, counting

=0,...,I'—1, represent the envelope A  , used by the
RNN T he excitation B}, , is obtained by neglecting the
first I' coefficients so that the index counts p =T, ..., M.
The reconstruction is done by joining the Vectors and
mirror to a full cepstrum that consists of the estimated
envelope representation by the RNN and the clean exci-
tation. A DFT and inversion of the logarithm is used for
back transformation into spectral domain.

Feature normalization

The Eq. 6 shows how the normalization [12] is applied.
It is done by mean subtraction followed by division of
the standard deviation sigma over each p feature, along

every 1 =0, ..., N time-frame of a whole data set:
mean: /i,l,
—_——~
=
LY a,
~ n=0
Apn = : (6)
N-1 | N2 2
N Z A = N Z Ay
n=0 n=0

sigma: o4,

The normalization paradigm by choice is to normalize
clean speech features first and applying the obtained pa-
rameters on the noisy speech features. The same nor-
malization method is applied to the ITIR-Filtered spec-
tral envelopes as well as on the cepstral representation
of the envelopes. Denormalization is done vise versa by
multiplication of sigma and adding mean.

RNN Architecture

The implementation of the well known Deep-RNN is done
as shown in [12] with repetitive layers that consist of
LSTM-cells and the Leaky ReLU activation function.
The number of layers is defined by njayer and the number
of LSTM cells per layer is defined by nneurons. The size of
the neural net can be calculated by ngize = Nayer - Mneurons-
Data set

The data set consists of 236 speech samples of one and the
same female speaker chosen from the Edinburgh Corpus
[14]. Noisy speech data is produced based on clean data
by adding car interior noise at a driving speed of 140
km/h for several Signal-to-Noise Ratios [7] (SNR from

—5dB to 15 dB in 5 dB steps) by means of Eq. 1. The
noise signal has its significant power in the lower half
frequency band as usual for interior noise of a driving
car [2]. This minimalistic setup has been chosen for the
purpose of architecture tuning and finding good training
parameters. The data set is split as follows: Training (85
%), validation (13 %) and application (2 %).
Optimization

The Adam Optimizer of Tensorflow is used to minimize
the Mean Squared Error Loss (MSE) [12] and is applied
every epoch on a number of feature-frames Ny, which is
denoted as the mini-batch-size. A batch however repre-
sents the whole data set which is entirely trained during
one epoch by Mini-Batch Gradient Descent [12] training
method. The MSE gets calculated for normalized clean
envelopes flz and normalized estimated envelopes Av G

as follows:
Nmp M—1 2
LMSE***Z Z (A ) - (7
n=0 p=0

During training the loss gets double checked by validation
by applying same model parameters on the validation
data set. If validation loss gets less, the model parameters
gets saved, otherwise the model has become worse and
the learning rate rje.m is decreased by %, which is also
known as Performance Scheduling [12]. If validation loss
gets much bigger or much smaller than training loss, the
training runs into overfitting or underfitting, respectively
and thus training stops at this point to save computation
time, which is referred to as Farly Stopping [12]. Dropout
[13] as well as £o- Regularization [12] are used to reach less
overfitting and less complexity during training.

Evaluation Methods

Speech activity detection

In order to apply measures separately, a speech activity
detection for binary frame masking is realized to distin-
guish speech-frames and noise-frames by signal-to-noise
ratio SNR,, of the current frame:

by = 1 for SNR,, > 9, (8)
0 else,

whereas for the noise power estimation the Improved
Minima Controlled Recursive Averaging Algorithm (IM-
CRA) is used [15]. ¥ is set to 0.4. Speech-frames are se-
lected by 5;25?6“}‘ = b, and noise-frames are selected by
Be=noe =1 — b,. Ny is the number of all time-frames of
same SNR, separated for each case ¢ by Nf = ZNf ! By

Objective measure

The Log Spectral Distance (LSD) [7] between a set of
clean and estimated envelopes Aj, , and Az , in spectral
domain gets calculated for both cases ¢ over N¢ as fol-
lows:

| Nl M- As 2
- Jo 10 log S .
N¢ nz:;) " Z_: [ O\ Ay,
)

LSD® =
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Results

Several parameter studies have been done in order to find
a possibly optimal hyperparameter set for each feature
type as shown in Fig. 1. The found sets which behave
best for speech are shown in Tab. 1.
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Figure 1: Block diagram of the Framework.

Table 1: Best parameters for used dataset.

Approach

Parameter | —p-pret Cepstral-Lifter
Tneurons 257 32

Nlayer 3 4

Nsize 771 128

Nub 512 2048

ly 0.001 0.001
dropout 0.4 0.2
best epoch 14 505

Tlearn 5e—4 2.5e~°

Due to a reference curve (LSDs between noisy and clean
envelopes), it has shown for cepstral-Lifter approach
to have about 0.56 to 1.10 dB higher LSD on the
used data set than the IIR-Filter approach, which has
to be respected for a direct comparison of absolute values.

Increasing the number of neurons npe. from 32 to
257 yield a decrease of LSD in speech regions, but vise
versa in noise regions as shown in Fig. 2(a) and 3(a).
The same can be said for increasing the number of layers
Nayer from 2 to 3. The estimated envelopes in speech
regions are getting significantly better from —5 dB until
approximately 12 dB SNR-level, where reference and
estimation curve subtend. In noise regions the estimated
envelopes show improvement at any SNR level used.

Increasing the number of layers njayer result in a
lower overall LSD when cepstral coefficients being
estimated in speech-frames as expected, but not in
noise-frames, as shown in Fig. 2(b) and 3(b). The overall
characteristic of LSD show unexpected behavior and
rises at high SNRs. The estimated envelopes getting
significantly better in speech regions until about 9 dB
SNR, where reference and estimation curve subtend. In
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noise regions the estimated envelope of the best found
parameter-set show improvement at any SNR level.

A more efficient comparison can be done by look-
ing at the differences A of average LSD and STOI
measures of the estimations regarding noisy- / clean-
reference curves, along the SNRs, as shown in Tab. 2.
The mean improvement of LLSD is higher using ITR-Filter
approach during speech and even more during noise and
STOI shows a higher improvement, too.

Table 2: Mean improvement of RNN envelope estimations.

] Approach
Measure TIR-Filter Cepstral-Lifter
ASTOI 26.39 6.77
ALSDsPeech 3.89 dB 3.26 dB
ALSD™"® 22.90 dB 5.75 dB
Conclusion

The shown results lead to the conclusion that the spectral
ITIR-Filter approach is to be preferred over the Cepstral-
Lifter approach regarding the architecture used. The
ITIR-Filter approach yield higher overall improvements
over the Cepstral-Lifter approach but trade-off is the 6
times bigger size ng;,. regarding the two best architec-
tures discussed. The Cepstral-Lifter approach is still an
interesting research topic, which may need a different
setup to perform better. Thus in this work noise- and
speaker-generalization has not been taken into account
yet, methodical extensions will be made in the future to
prevent effects of speaker- and noise-overfitting, by more
generalized data sets.
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Case: Speech.
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(a) Spectral IIR-Filter approach.

Case: Speech.

— Reference: noisy to clean distance
ceps-coeffs16 Neurd2 Lay2
ceps-coeffs16 Neurd2 Lay3

9r = ceps-coefis 16 Neurd2 Lay4

LSD [db]
v

5 0 5 10 15
SNR [db]
(b) Cepstral-Lifter approach.

Figure 2: LSD measures for envelope estimations within different hyperparameter sets during speech.

Case: Noise.
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(a) Spectral IIR-Filter approach.

Case: Noise.
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(b) Cepstral-Lifter approach.

Figure 3: LSD measures for envelope estimations within different hyperparameter sets during noise.
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