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Abstract—A blind bandwidth extension is presented which
improves the perceived quality of 4 kHz speech by artificially
extending the speech’s frequency range to 8 kHz. Based on
the source-filter model of the human speech production, the
speech signal is decomposed into spectral envelope and excitation
signal and each of them is extrapolated separately. With this
decomposition, good perceptual quality can be achieved while
keeping the computational complexity low. The focus of this
work is in the generation of an excitation signal with and
autoregressive model that calculates a distribution for each audio
sample conditioned on previous samples. This is achieved with a
deep neural network following the architecture of LPCNet [1].

A listening test shows that it significantly improves the
perceived quality of bandlimited speech. The system has an
algorithmic delay of 30 ms and can be applied in state-of-the-art
speech and audio codecs.

Index Terms—bandwidth extension, artificial bandwidth ex-
pansion, speech enhancement, audio super resolution, speech
super resolution

I. INTRODUCTION

Although today there are standardised speech codecs that
are able to code almost fullband speech and audio signals
[2], [3], todays most used codec for mobile speech communi-
cation is still AMR-NB [4] which encodes frequencies from
200 Hz to 3400 Hz (usually named narrowband, NB) only.
Blind bandwidth extension (BBWE) - also known as artificial
bandwidth expansion or audio super resolution - is a simple
approach to improve the perceived quality of NB coded speech
signals. It extends the frequency range of the speech signal
to 7 kHz (wideband, WB) or beyond without transmitting
information from the encoder. A BBWE can be added to the
decoder toolchain and no adaption of the transmission network
needs to be done. Thus it can serve as an intermediate solution
to improve perceived audio quality and intelligibility [5]–[7]
until better codecs will be implemented in the network. BBWE
has a long tradition in the audio signal processing community
[8] but recently there has been increased interest in BBWEs
based on DNNs. These systems not only increase the perceived
quality of speech but also can improve word error rates of
automated speech recognition systems [9]. End-to-end training
of convolutional or recurrent deep neural networks led to a
significant improvement compared to approaches based e.g.
on HMMs [10].

State-of-the-art DNN based BBWEs can be divided into
three categories, two of them are DNNs that output the whole
waveform either by predicting the probability density function
of speech samples as in [11], [12] or by implicitly modelling
the probability density function by a generative adversarial
network (GAN) as in [9]. The system in [11] is special because
it uses bitstream parameters of NB coded speech to condition
the network. Here the network acts as a decoder that implicitly
does bandwidth extension.

The third category are BBWEs that - motivated by the
source-filter model of the human speech production - model
only the spectral envelope of the missing frequency range,
see e.g. [7], [13]–[15]. The excitation signal of such systems
is generated by nonlinearities or by a simple copy-operation
in frequency domain. The advantage of such systems is that
spectral magnitudes are much easier to model and the DNNs
for such tasks can be much smaller with lower computational
complexity.

All networks used in the above systems usually contain
convolutional layers as in WaveNet [16], recurrent layers -
usually gated recurrent units (GRUs) - as in [17] or a mixture
of both [7].

In case the speech signal is modelled directly in time
domain, µ−law shaping is often used [16]. This makes the
probability density function more tractable and introduces
some basic psychoacoustics. If spectral magnitudes are mod-
elled, they are shaped by logarithmic- or other loudness-
derived functions [7] for the same reason.

The presented BBWE belongs to the first category since
it outputs the whole WB speech signal in time-domain.
It benefits from an internal decomposition into vocal tract
envelope and excitation signal as explained in detail in the
next section. The main motivation behind this is to keep the
computational complexity low compared to e.g. [12]. The
next section describes the system and the following Sec. III
describes the experimental setup and parameterisation. Finally
the system will be evaluated objectively and by a listening test
in Sec. IV followed by a conclusion in Sec. V.
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II. LPCNET BASED BLIND BANDWIDTH EXTENSION OF
SPEECH

As already observed by Jax et. al. [18] the upper 4 kHz band
of speech sampled at 16 kHz (meaning the signal containing
frequencies from 4 to 8 kHz) contains elements that can be
predicted from the lower 4 kHz band as well as elements that
can not be predicted. In their work they calculated mutual
information between the upper band spectral envelope and
features extracted on lower NB speech signal. From this
mutual information they derived a lower bound of log spectral
distortion of the upper band spectral envelope extrapolated
from the NB features. Their observed lower bound may be
the reason why state of the art BBWEs are able to synthesise
the missing signal with good perceived quality but are not
able to reproduce the precise formant structure - the upper
band spectral envelope of BBWE-speech is a rather smooth
version of the original envelope. This holds for voiced as well
as unvoiced speech. Although this mismatch can be very large,
the perceived degradation is often low - particularly when the
mismatch happens in very high frequency ranges. This is the
motivation of the proposed BBWE that doesn’t rely on a very
large network that tries to predict all dynamics of the original
speech signal.

The network architecture used for this work is based on
LPCNet [1], a generative network that achieves similar perfor-
mance as WaveNet while having low computational complex-
ity. The complexity measured in their paper enables real-time
implementation on a AMD A1100 (Cortex-A57) processor
while WaveNet is not capable of real-time processing on state
of the art GPUs.

LPCNet is designed for either speech synthesis [1] or speech
coding [19]. It is based on the decomposition of speech
into an excitation signal and an envelope, similar to speech
codecs [2], [4]. The envelope in LPCNet is represented by
Linear Prediction Coefficients (LPCs). With the LPCs given,
a recurrent network models the spectrally flat excitation signal,
which is much easier to model than the original speech signal.
This network models the distribution of the excitation signal
as a product of conditional probabilities:

p (x) =
T∏

t=1

p (xt|x1, . . . , xt−1, x̂1, . . . , x̂t), (1)

where xt is the output WB speech excitation sample at time t
and x̂t is the NB speech sample at time t. Each audio sample is
therefore conditioned on previous samples, and as a result, the
network predicts samples that are fed back into the network.

The LPCNet based BBWE is presented in Fig. 1. The main
differences to the original paper are:

• the LPCs representing the NB spectral envelope are
extrapolated with a simple network to a WB spectral
envelope. This is done in the green block in Fig. 1 by
a separate GRU

• an additional recurrent path feeding the NB excitation
signal - upsampled to 16 kHz - from the input NB speech
to the GRU

The presented BBWE has three main building blocks, each
containing a DNN. Two of them (shown in orange and green)
operate on frames, the third (shown in blue) operates on audio
samples. Dashed arrows in the figure represent data flow on
frame rate, solid arrows represent data flow on sample rate.

In contrast to the original paper, where the LPCs are
derived from spectral magnitudes, they are calculated here by
autocorrelation of windowed time-domain frames followed by
Levinson recursion [20]. The LPCs are then transformed to
Line Spectral Frequency (LSF) coefficients [21]. LSFs are a
bijective transformation of LPCs with several advantages: First
they are less sensitive to noise disturbances and an ordered
set of LSFs with minimum distance between the coefficients
will always guarantee a stable LPC filter. Second, the spectral
envelope at a particular frequency only depends on one of
the LSFs. These properties make them suitable for being
extrapolated to a set representing a WB envelope. This is done
in the green block by a separate gated recurrent unit (GRU)
with two layers. These LSFs are transformed back to the LPC
domain for further processing.

Envelope representations together with fundamental fre-
quency (pitch) are the most important elements in the human
speech production process. With these two parameters given,
it is already possible to build a rudimentary speech synthesiser
[22]. In LPCNet, the extrapolated LPCs and pitch values are
input to the second network operating on frames. This network
comprises two convolutional layers with residual connection
followed by two fully connected layers to generate a compact
representation of the input values. The 1X3 filter kernels of this
network (orange) are calculated on past and future frames and
are the main source of algorithmic delay. The output of this
network is used as conditioning parameter to the sample-rate
network generating the WB speech excitation signal (shown
in blue in Fig. 1). Other inputs to the blue network are the
LPC excitation signal calculated in the LPC residual block
by the well know LPC recursion [20], the delayed output of
the network before and after sampling, and the prediction
(explained below). This network consists of two layers of
GRUs, followed by a dual fully connected layer, ending in
a softmax activation.

The compute prediction block in Fig. 1 computes the
WB speech prediction st on previous output speech samples
yt−(1...M):

st =

M∑
i=0

aiyt−i, (2)

which is added to the excitations signal xt to form the output
signal:

yt = xt + st, (3)

where ai are the LPCs (without the first coefficient always
being 1). This is just the same IIR filter operation to shape
the flat excitation signal x as in well known LPC applications
[20].
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Fig. 1: Proposed system containing three main building blocks,
each containing a DNN. Two of them (shown in orange and
green) operate on frames, the third (shown in blue) operates
on audio samples. Input is time-domain NB speech, output is
time-domain WB speech.

A. Speech Data Preprocessing

Initial experiments feeding NB speech upsampled to 16 kHz
into the network caused an annoying emphasis in the output
signal close to 4 kHz. This is caused by relative sharp stop of
spectral content at 4 kHz of the NB speech. To circumvent this
artefact, the upper band containing zero energy is filled with
either high-pass filtered noise or with high-pass filtered NB
signal distorted by some nonlinear function. We used the latter
approach with simply squaring the NB signal while retaining
the sign followed by a linear-phase high-pass filter with 4 kHz
transition frequency [15].

B. Data Representations and Loss

As already observed in [16] training a generative network
with mean square error loss on floating-point speech data will
not produce good results. Instead it is common to predict
samples as classes and use sparse categorical cross-entropy
as loss. When using this loss, the speech data needs to be
quantised and the number of quantisation levels has influence
in the architecture and complexity of the generating network.
Pre-shaping the time-domain data going into the network as
well as the targets with the well known µ−law function will
make the probability density function of the quantised data
more Gaussian and thus easier to model. The µ−law function
is already used in the first ever standardised audio codec [23]
for this reason. Furthermore the quantisation noise will be
shaped to be less audible. To keep the quantisation noise in
high frequencies less audible a first-order pre-emphasis filter
is applied as in the original paper.

The output of the network is converted to a time-domain
signal by sampling from a multinomial probability distribution

parameterised by the network prediction instead of simply
taking the argument with maximum likelihood. This multi-
nomial distribution is parameterised by the output of the dual
fully connected layer (dual FC) which is a variant of a fully
connected layer that helps determining whether an output value
falls within a certain range (µ−law quantised intervals). Since
it is beneficial to have a more noisy output for unvoiced
speech and a cleaner output for voiced speech the distribution
temperature is parameterised by the pitch correlation estimated
on the NB speech. This is done as in the original paper [1].

C. Sparse Matrices

Initial large matrix sizes in the GRUs causing high computa-
tional complexity are successively decreased by sparsification.
Sparse weight matrices have a large number of entries with a
value of exactly zero and thus do not need to be calculated.
The network is trained with initially large matrices and during
training sub-matrices are identified with a norm of their
elements falling below a threshold. These sub-matrices are set
to zero and the loss is no more backpropagated through them.

D. Reference Systems

To justify the proposed decomposition of speech into spec-
tral envelope and excitation signal for bandwidth extension
together with it’s complex structure, we compare it to two
simpler systems shown in Fig. 2 (a) and (b) as well as a
previously published system [7]. System (a) is basically the
sample-rate network of the proposed system (Fig. 1) without
the recurrent paths. The input is NB speech is fed to the same
GRU as in the proposed system and trained to predict WB
speech. No LPC residual is calculated here. The GRU needs
to model the distribution of WB speech with much higher
dynamics than the LPC residual. The evaluation Sec. IV will
show that the GRU is not capable of improving NB speech
significantly.

Alternatively the GRU can be used to extrapolate the NB
speech excitation signal as shown in (b). Here the GRU needs
to model a similar distribution as in the proposed system with
the difference that the GRU has no information about the
prediction from the LPC-shaping. This results in a mismatch
between the excitation signal and the LPCs causing noisy
artefacts as shown in the evaluation Sec. IV.

Furthermore the proposed system will be compared to the
previously published system [7]. This system uses a mixture of
convolutional layers and recurrent layers to predict the energy
of frequency bands of about 1 Bark width. The excitation
signal is generated - similar to spectral folding - by copying the
NB spectrum to the missing upper band (a common practice in
speech and audio coding [3]). These frequency band energies
contain similar information as LPC envelopes so the DNN in
this system performs similar to the GRU extrapolating the LPC
envelope see Fig. 1.

III. EXPERIMENTAL SETUP

All network parameters are as in the original paper. The
additional frame-rate network extrapolating LPCs in LSF
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Fig. 2: Reference systems for comparison. Input is time-
domain NB speech, output is time-domain WB speech.

domain has two GRUs with kernel sizes 8x32 and 32x8. A
global mean is removed from the LSF before feeding them to
the GRU and is added back after extrapolation.

The training material is from the VCTK database [24] as
well as other speech items of different languages. In total 6
hours of training material were used, all of it resampled to
16 kHz sampling frequency. Silent passages in the training
data were removed with a voice-activation-detection. The
features for the conditioning were generated with the provided
code from the original paper, but with the data augmentation
switched off. The signal is split into 10 ms audio frames
resulting in an algorithmic delay of 30 ms due to lookahead
(see Sec. II). The network was trained with a variant of the
mini-batch stochastic gradient descent algorithm (SGD) called
Adam [25]. The DNN was trained with the deep learning
library Keras [26].

IV. EVALUATION

Since the main intention of this work is to show the
superiority of the proposed system over the reference systems,
a MUSHRA listening test [27] was conducted. According
to the MUSHRA methodology, the test items contain the
reference marked as such, a hidden reference and the NB
signal serving as anchor. 8 experienced listeners participated
in the test.

The results are presented in Figure 3 per item and averaged
over all items. The proposed BBWE is shown in brown. The
box plots show mean values and 95% confidence intervals. The
speech items are about 10 seconds long and neither part of the
training nor the test set. The items are from native speakers
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Fig. 3: Results form a MUSHRA listening test [27] with 8
experienced listeners. The box plots show mean values and
95% confidence intervals for each speech item as well as all
averaged. The MUSHRA scale estimates the perceived quality
from 0 or ”bad” to 100 or ”excellent”. Results are: blue:
hidden reference cyan: NB anchor brown: proposed bandwidth
extension pink: previously published system [7] red: reference
system (a) black: reference system (b)

with different nationality: Chinese, English, French, German
and Spanish.

The results show that the proposed BBWE enhances NB
speech by more than 35 MUSHRA points for almost all items
except the Spanish female and male items. Both items have
a very pronounced pitch with harmonics ranging till nyquist-
frequency. At least for the male item this is untypical. The
proposed BBWE fails here retain the tonal structure resulting
in buzzing (female item) or noisy (male item) artefact.

The reference system (a) only generates little extension
signal and adds noise to the speech signal. As result it does
not perform better than the NB anchor on most items. The
reference system (b) suffers from the mismatch between the
excitation signal and the LPC envelope resulting in strong
broadband noise.

V. CONCLUSION

The presented BBWE improves NB speech with low com-
putational complexity and an algorithmic delay of 30 ms -
suitable for real-time communication. This is achieved by
decomposing the signal into en envelope representation and an
excitation signal. Although the network used for extrapolating
the envelope is a very simple network, the presented system
is able to generate good quality speech. Furthermore the
blind extrapolated envelope can be replaced by an envelope
quantised at the encoder and transmitted with few bits as e.g.
in [15].
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