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Abstract
The speech quality achieved by conventional noise sup-
pression methods at high noise conditions is often un-
satisfactory. By recovering highly disturbed speech com-
ponents with speech reconstruction methods, the over-
all speech quality can be further improved. The speech
reconstruction method presented in this paper is based
on the so-called source-filter model of speech production.
The focus in this contribution will be on the estimation of
the vocal tract filter characteristics (spectral envelope) at
high noise conditions as this has been proved to be very
important for speech reconstruction. For this purpose
a deep recurrent neural network (Deep-RNN) which op-
erates as a regression model for given noise features is
utilized. The performance of the trained Deep-RNN is
compared with a priori trained spectral envelope code-
books. Subsequently, a synthetic speech signal is gen-
erated using the envelope estimates of the Deep-RNN
which is then combined adaptively with a conventionally
noise reduced signal depending on the SNR. The quality
of the resulting enhanced speech is analyzed with an ob-
jective measure, the log-spectral distance (LSD), as well
as with subjective tests. Both tests indicate a significant
quality improvement compared to conventional schemes
– especially in high noise conditions.

Introduction
In recent years speech enhancement has attracted a con-
siderable amount of research attention. Many real-world
applications require a good performance, for example,
hearing aids, mobile speech communication and robust
speech recognition. There are various noise reduction
techniques developed in the last few decades. These
methods can be classified by the number of microphones
that were used. Single-channel techniques, such as spec-
tral subtraction or Wiener filtering, are now widely used
and find use in many applications [1]. Multi-channel sys-
tems make use of the spatial structure of speech and noise
[2]. All of these methods have in common that the quality
of the estimated clean speech is improved for middle and
high signal-to-noise ratios (SNR). In case of strong distur-
bances, often no reliable improvement can be achieved,
due to speech distortions and artifacts caused by the
noise reduction. The goal of the speech reconstruction is
to improve the intelligibility and quality of strongly dis-
turbed speech. The speech reconstruction method pre-
sented in this paper is based on the so-called source-filter
model of speech production [3, 4].
Based on the source-filter model of vocal production, a
speech signal can be split into two components. The
source part describes the signal generated by the vocal

cords. This signal is then filtered by the resonance char-
acteristics of the vocal tract. As a result, any speech sig-
nal can be described by an excitation signal (source part)
and a spectral envelope (filter part) [5]. For a success-
ful reconstruction, a reliable estimation of the spectral
envelope is of great importance. The focus in this contri-
bution will be on the estimation of the spectral envelope
used for enhanced speech reconstruction.
Two methods, on the one hand the codebook method and
on the other hand a Deep-RNN, are compared and an-
alyzed for the spectral envelope estimation. Afterwards
a synthetic speech signal is generated using the envelope
estimates which is then combined adaptively with a con-
ventionally noise reduced signal depending on the SNR.
The quality of the resulting enhanced speech is analyzed
with an objective measure, the log-spectral distance, as
well as with subjective tests.

Analysis Filterbank
It is assumed that the microphone signal y(n) is addi-
tively composed of the speech signal s(n) and the noise
b(n): y(n) = s(n) + b(n). First, the speech signal is pro-
cessed with an analysis filterbank. This filterbank splits
the signal into overlapping blocks. Each block is then
weighted with a window function hana,k and transformed
into the frequency domain by means of a discrete fourier
transformation (DFT):

Yµ(n) =

N−1∑
k=0

y(nr − k) hana,k e
−jΩµk, (1)

with frame length N = 512, frame shift r = 128, sam-
pling frequency fs = 16000 Hz, and sub-band index
µ = 0, ..., N − 1.

Conventional Noise Suppression
The Wiener filter algorithm aims to suppress noise with
dynamic adjusted attenuation coefficients Gµ(n) applied
in the frequency domain as

Ŝnr,µ(n) = Yµ(n)Gµ(n), (2)

resulting in the frequency domain representation of the
clean speech estimate, Ŝnr,µ(n). There are several im-
provements to the Wiener filter algorithm. One includes
information from a previous frame into the speech en-
hancement process and is known as the recursive Wiener
filter:

Gµ(n) = max

{
Gmin, 1−

Ŝbb,µ(n)

Gµ(n− 1)|Yµ(n)|2

}
, (3)

where Ŝbb,µ(n) represents the estimated noise power spec-
tral density (PSD) [6] and Gmin is the maximum attenu-
ation.
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Speech Activity Detection
For speech activity detection (SAD), the signal-to-noise
ratio (SNR) is determined by the input signal in the fre-
quency domain [6]. For the extraction of the SNR, the
following ratio is used:

S̃NR(µ, n) =
Ŝss(µ, n)

Ŝbb(µ, n)
. (4)

Ŝss(µ, n) represents the estimate PSD of the clean
speech signal: Ŝss(µ, n) = |Yµ(n)|2 − Ŝbb(µ, n). At
this point it should be mentioned that estimation er-
rors of the noise PSD can result in negative values for
the SNR. The problem is counteracted by: SNR(µ, n) =

max{0, S̃NR(µ, n)}. The mean SNR is determined to
detect the speech activity:

SNR(n) =
1

µ1 − µ0 + 1

µ1∑
µ=µ0

SNR(µ, n). (5)

The frequency bins µ0 and µ1 correspond to the real fre-
quencies 100 Hz and 4000 Hz. Finally, the speech activity
detector is determined as follows:

cSAD(n) =

{
1, if SNR(n) > 0.3,

0, else.
(6)

Preliminary Envelope Estimation
A simple way to estimate the spectral envelope is to
smooth the magnitude input spectrum in the forward
and backward frequency. This bi-directional smoothing
is realized by a first order infinite impulse response (IIR)
filter. The frequency smoothing in the positive frequency
direction can be described as follows:

Y ′µ(n) =

{
|Yµ(n)|, if µ = 0,

λfY ′µ−1(n) + (1− λf )|Yµ(n)|, else.

(7)

Then a smoothing in the negative frequency direction is
performed in an analogous way, leading to Y ′′µ(n). The
smoothing constant is chosen by λf = 0.8.

Codebook Approach
The speech data for the codebook and the Deep-RNN
are from the CSTR VCTK corpus [7]. Disturbed speech
signals with various noise types are generated. By vary-
ing the noise power and adding the speech signal to the
noise signal, different SNRs can be generated. Fig. 1
shows the function overview for the codebook approach.
In the upper part the training process is shown. For the
codebook training undisturbed speech signals st(n) are
used. These speech signals undergo feature extraction
which calculates the logarithmized and averaged enve-

lope A
(st)
µ (n). The training uses the k-Means algorithm

[8]. Whose goal is to assign the input data A
(st)
µ (n) into

Ncb ∈ {64, 256, 1024} cluster. The sum of the square de-
viations from the cluster center should be minimal. The
following cost function is iteratively minimized to find
the optimal clusters:

Kcb =

Na−1∑
n=0

Ncb−1∑
k=0

N/2−1∑
µ=0

ϕ
(j)
nk

(
A(st)
µ (n)− C(j)

µ (k)
)2

. (8)

Figure 1: Function overview for the codebook training (top)
as well as the search (below) of the spectral envelopes.

C
(j)
µ (k) describes the centroids of the clusters at the time

of the iteration j. The binary mask ϕ
(j)
nk ∈ {0, 1} indi-

cates to which cluster the input characteristics A
(st)
µ (n)

belong. Na describes the number of spectral envelopes
used for training.
In the lower part of Fig. 1 the function overview for
codebook search is displayed. For the feature extraction,
disturbed speech signals with an SNR in the range 0–15
dB are used. Then the best codebook entry, based on
the square distance, is selected as follows:

kopt(n) = argmin
0≤k≤Ncb−1

N/2∑
µ=0

dµ(n)
(
Aµ(n)− C(jopt(n))

µ (k)
)2
.

(9)

C
(jopt(n))
µ (k) describes the prototype envelope, which is

the best replacement for the noisy envelope Aµ(n). The

Figure 2: Procedure for the feature extraction.

feature extraction is shown in more detail in Fig. 2. The
speech signals y(n) are first processed with an analysis
filterbank and transformed into the frequency domain.
Subsequently, speech activity detection takes place for
the codebook approach. It estimates envelopes only in
blocks in which speech activity is detected. Afterwards
the envelopes Y ′′µ(n) are logarithmized and the mean is
subtracted.

Deep Recurrent Neural Network
As with the codebook approach, speech signals from the
same corpus are used for training the Deep-RNN. In do-
ing so, both the envelopes during speech activity and
speech pauses are used for the training. Fig. 3 shows
the function overview. The upper part represents the
procedure for the training. For the supervised training,
clean and noisy speech features are needed. Envelope
pairs with different SNRs in the range 0–20 dB are gener-
ated and Deep-RNN models are trained with different pa-
rameters. The parameters that have been varied are the
number of layers, neurons, and time steps. Whereas the
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number of time steps indicate the number of envelopes
(Aµ(n), Aµ(n − 1), ...) that are used for estimating the
clean envelope. Furthermore, Deep-RNN models with
the Leaky ReLU [9] activation function and the ELU [10]
activation function are trained. In all models the Long
Short-Term Memory (LSTM) cells were used. LSTM
cells have shown to be very robust against exploding gra-
dient [11]. Then He-initialization and L2-regularization
are applied to all trained models [11]. A normalization
[12] of the training data, as well as dropout [13] and a
layer normalization [14] are only used for some models.
The following cost function is used to optimize the model
parameters of the Deep-RNN:

Frnn =
1

Nbs

1

N/2

Nbs−1∑
n=0

N/2∑
µ=0

(
Aest,µ(n)−A(st)

µ (n)
)2
. (10)

Aest,µ(n) describes the estimated envelope of the Deep-
RNN in the training phase. Nbs denotes the size of the
minibatch [11]. In the lower part of Fig. 3 the estimation
procedure is shown. Within the feature extraction only
those blocks with speech activity are considered. The
Deep-RNN then estimates the clean envelope ARNN,µ(n)
from the noisy envelope Aµ(n).

Figure 3: Functional overview for the Deep-RNN: The up-
per part shows the training sequence and the lower part the
estimation structure of the spectral envelopes using trained
Deep-RNN model parameters.

Speech Reconstruction
For generating the synthetic signal spectrum Ŝsyn,µ(n),
the excitation signal spectrum extracted from clean
speech data is used and combined with the spectral en-
velope estimates:

Ŝsyn,µ(n) = exp
(
Arec,µ(n) + E(st)

µ (n) +m(yt)(n)
)
,

(11)

where Arec,µ(n) ∈
{
ARNN,µ(n), C

(jopt(n))
µ (k), Y ′′µ(n)

}
,

m(yt)(n) describes the current mean of the noisy enve-

lope, and E
(st)
µ (n) represents the logarithmized spectrum

of the excitation signal. Finally, the synthetic and the
conventionally noise reduced signals are combined adap-
tively depending on the SNR:

Ŝrec,µ(n) =

{
Ŝsyn,µ(n), if d′µ(n) = 1 ∧ µ < µg,

Ŝnr,µ(n), else,
(12)

where the parameter µg describes the cutoff frequency of
2000 Hz. d′µ(n) is a binary mask used to indicates sub-
bands with low SNR for speech reconstruction. Then the

reconstructed speech signal Ŝrec,µ(n) is processed with a
synthesis filterbank leading to ŝ(n).

Objective Evaluation
In order to compare the two methods, a large number of
speech signals with different SNR, ranging from 0–15 dB,
are generated. The envelopes are estimated in the low
frequency range 0–2000 Hz, since the noise in the vehicle
has the strongest effect in this range. Fig. 4 shows the
LSD of the different RNN models. The LSD measure is
defined as follows:

Klsd (13)

=
1

NTD

NTD−1∑
n=0

√√√√ 1

Ng(n)

µg−1∑
µ=0

d′µ(n)
(
A

(st)
µ (n)−Aµ(n)

)2

,

NTD denotes the number of blocks of all test data. Aµ(n)
describes the estimated envelopes of the Deep-RNN mod-
els or codebooks. Ng(n) =

∑µg−1
µ=0 d′µ(n) is the sum of the

binary mask d′µ(n). The model that performed best used
the Leaky ReLU activation function with all optimiza-
tions of the RNN. Two layers with 32 neurons each and
4 time steps proved to be favorable. Fig. 5 compares the

Figure 4: LSD for different Deep-RNN models.

three methods used for spectral envelope estimation. The
black line describes the simple procedure of IIR smooth-
ing. It can be seen that does not perform as well as the
other methods at high noise levels. Below is the codebook
approach with different sizes. At high SNR the mean de-
viation decreases with increasing codebook size. At low
SNR the search algorithm has difficulty selecting the ap-
propriate codebook entry. This is due to the fact that
fewer frequency bins with a satisfactory SNR are avail-
able for the codebook search. It also shows that the esti-
mated envelopes of the Deep-RNN with the Leaky ReLU
activation function, normalization, 2 layers, 32 neurons
and 4 time steps perform best.

Subjective Evaluation
For the subjective evaluation, 10 people including audio
experts are asked to carry out 2 tests for speech quality
and intelligibility. In the first test 10 highly disturbed
speech signals with SNR=0 dB are used. A speech re-
construction based on the 3 different spectral envelope
estimations (Deep-RNN, IIR, CB) is compared to a con-
ventional noise reduction method, the Wiener filter. In
all 3 subtests, the proposed speech reconstruction per-
formed better. In the second test, the different speech
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Figure 5: LSD for codebook, Deep-RNN, and IIR-
smoothing.

Figure 6: Compare of adaptive combination vs. Wiener
filter.

reconstruction methods are compared and the subjects
are asked to select the best reconstruction method. As
before, 10 speech signals from 5 different female and male
speakers are used. It can be seen that the speech recon-
struction based on the Deep-RNN has the best result.
This is because artefacts can be heard during the recon-
struction with the codebook approach and a little noise
during the reconstruction with the IIR filter.

Figure 7: Reconstructed signals with different methods.

Conclusion
In this contribution two methods for estimation of spec-
tral envelopes are presented and analyzed. The codebook
method uses the k-Means algorithm to train the proto-
type envelopes. The codebook approach is compared to
a deep recurrent neural network. Different models are
trained to estimate the clean envelope from the noisy en-
velope. Furthermore, the temporal correlation of speech
is exploited, in which the past envelopes are taken into
account. This is realized through the temporal unfold-

ing of the Deep-RNN. The model with the Leaky ReLU
activation function, two layers with 32 neurons each and
4 time steps cut off best, both in comparison with the
codebook and the IIR smoothing. Additionally the sub-
jective tests have shown a slight overall improvement of
speech reconstruction compared to conventional noise re-
duction methods. Also by direct comparison of the dif-
ferent speech reconstructions the Deep-RNN performed
best.
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