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Abstract—The paper presents an evaluation of popular audio
inpainting methods based on autoregressive modelling, namely,
extrapolation-based and Janssen methods. A novel variant of
the Janssen method suitable for gap inpainting is also proposed.
The main differences between the particular popular approaches
are pointed out, and a mid-scale computational experiment is
presented. The results demonstrate the importance of the choice
of the AR model estimator and the suitability of the new gap-wise
Janssen method.
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I. INTRODUCTION

Audio inpainting is a challenging signal processing task,
where missing parts of an audio signal have to be completed.
For a human listener, the result should be as pleasant as
possible and ideally not noticeable. Previously proposed au-
dio inpainting solutions cover a wide range of approaches,
from autoregressive modelling [1]-[5], through optimisation
methods [6]-[10] to deep learning [11]-[13] or graph-based
methods [14].

For signal gaps up to ca 80 milliseconds, the iterative
method of Janssen et al. [1] proposed in 1986 constantly ranks
among the best, according to numerous studies [7], [10], [15],
[16]. The extrapolation methods [3]-[5], [17] are non-iterative
and utilise a twofold extrapolation (from left to right and right
to left) while the two particular solutions are blended together
using a crossfading scheme. Such an approach belongs among
the most popular, perhaps thanks to its simplicity and speed,
and is actually used in the Matlab function fillgaps. The
patented method of Etter [2] considers the just mentioned
approach suboptimal and proposes to join the two directions
of extrapolation using a single optimisation criterion.

Besides slight variances in how to model the signal, different
algorithms for estimation of the coefficients are available [19],
which will be discussed in detail further on.

Unfortunately, a thorough, systematic comparison of autore-
gressive approaches seems to be absent in the literature. In
this paper, we review the principle of autoregression-based
methods, point out main differences between the particular
popular approaches, and present a mid-scale computational
experiment on an audio inpainting dataset. Last but not least,
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we also propose a new variant not present in the literature and
examine its performance compared to known approaches.

II. MODELLING AUDIO AS AN AUTOREGRESSIVE PROCESS

An autoregressive (AR) process of order p is a discrete-time
stochastic process {X,, | n = 0,%+1,+2,...} defined by the
relation

Xpta X, 1+ -+ap1 Xy p =L, foraln, (1)

where {E,} is white noise process with a zero-mean and
variance o2 > 0 [19, Def.3.1.2]. Expression (1) can be
interpreted as passing the excitation noise {E,} through an
all-pole filter with coefficients a1, as, ..., ap+1, Where a1 =1
[20, Ch.4]. The order p defines the range of indexes that
determine the output in the current time instance. As such,
the frequency resolution increases with increasing p.

For a particular observation of the process, x € RY, (1) can

be written as
p+1
Zaixmrl,i =e,, a=1,n=1,.... N+p. (2
i=1
Vector x is zero-padded to its new length N + p, such that
(2) is correctly defined. The above is closely related to the
notion of convolution, and it is actually in accordance with
the convention of the Ipc function in Matlab.

From the perspective of model fitting, the vector e € RV *P
is called residual error [21, Sec.8.2.2]. Given the observed
signal x and the order p, the coefficients of the AR model are
usually estimated via the optimization problem

1 2
argmin —||e(a, x)|| 3)
a 2

where we denote a = [l,as,a3,...,ap+1]', and e =
le1,€2,...,en1p] is defined in (2) as a function of both the
signal x and the coefficients a. This problem can be effectively
solved using, for example, the Levinson—Durbin algorithm
[22], [23]. Using the estimate of autocorrelation naturally
imposes the notion of the autocorrelation algorithm; however,
it is commonly referred to simply as the LPC algorithm, where
LPC stands for linear prediction coefficients.

In contrast to LPC, Burg algorithm [24] for the estimation of
the AR parameters involves an extra assumption that the same
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parameters should model both the signal x and its version
flipped in time. In effect, this results in another quadratic
term that extends (3). Kauppinen and Roth prefer the Burg
algorithm for audio signal extrapolation [4, Sec.4.2] since
the underlying all-pole filter obtained this way is stable [18,
Sec.12.3.3]. A frequency-warped Burg algorithm has been
proposed [17] that allows focus on specified spectral bands,
however, the effect of warping is comparable to increasing the
model order p in the non-warped case [17, Sec.5].
Additional terms can be optionally appended to the objective
(3) that regularise either the reconstructed signal or the AR
coefficients, as proposed in [25], [26]. However, such an
approach is not explored satisfactorily, and we do not include
it in the present treatment. The role and effect of regularisation
in autoregressive modelling will be treated in a separate
contribution of Mokry and Rajmic, currently in preparation.

III. AUDIO INPAINTING USING AUTOREGRESSION

To formalize the problem of audio inpainting, assume that
the observed signal x = [z1,...,2x]" € RV consists of reli-
able samples identified by the set of indices M C {1,...,N},
and vacant samples at positions M = {1,...,N} \ M.
The goal of inpainting is to estimate the missing samples at
positions M. In the so-called consistent case, the samples at
positions M are meant to be preserved, i.e., any candidate
solution X to the inpainting problem should satisfy &,, = x,
forall n € M.

In this work, the focus is on the practical scenario where the
signal contains several gaps, i.e., segments of consecutive lost
samples, surrounded by an intact context. For this scenario,
two approaches based on AR modelling are applicable.

First, the extrapolation-based method fits two independent
sets of AR parameters for each gap, one for the left context and
one for the right context of the gap. These coefficients are then
used to extrapolate (predict) both contexts inside the gap, and
the forward- and backward-extrapolated signals are then cross-
faded using a predefined suitable function. Although numerous
fading options are possible (see, for instance, [3, Sec. 4.2]), we
resort to the raised cosine function [2, Sec.IL.].

Second, the Janssen method is based upon alternating esti-
mation of the AR model for a signal frame and the missing
samples in this frame [1]. The method iteratively updates the
AR coefficients of a signal frame (the current estimate of the
missing samples being fixed) and the missing samples (with
fixed estimate of the model parameters). As such, it solves!
a problem similar to (3) where both a and x are variables, and
X is constrained to stick to the reliable part of a signal frame.
Since the AR model is most suitable for stationary signals,
the method is usually applied independently in temporal signal
frames. These frames typically overlap in time, and they can
be extracted using rectangular window (as mentioned in [6,
Tab. I1I]), but numerous other options are readily available.

Finally, we propose a novel use of the Janssen method,
which, instead of overlapping frames, treats each gap in the

'Such a problem is non-convex. Even though each Janssen iteration is
guaranteed to decrease the objective, it might fail to find the global optimum.

signal separately (hence the name gap-wise Janssen method).
This means that a single AR model is fitted to both left
and right contexts of the gap.” Such a way of using the
context is similar with the extrapolation-based method, but
the AR coefficients (shared by both contexts) are estimated
as in Janssen method. Note that this approach first appeared
in [10] with hyperparameters (the context length, model order
and estimation algorithm) chosen intuitively. Apparently, the
proposed approach cannot be used in scenarios with random
positions of missing samples, in contrast to the above window-
based version.

IV. EXPERIMENTS & RESULTS

The test signals are 9 recordings of individual musical
instruments, taken from the EBU SQAM database [27]. They
are sampled at 44.1kHz and cropped to a length of around
7 seconds. We chose solo instruments since AR models are
expected to perform well on them; a sum of multiple AR
processes generally may not be an AR process of order reason-
ably comparable with the individual signal orders. Therefore,
the more complex the signal, the less suitable it is for AR
modelling.

To simulate degradation, we consider gap lengths from
10 ms up to 80 ms, and create 10 gaps in each signal at
pseudorandom locations.” From AR-based methods, we use
all three aforementioned approaches: The extrapolation-based
method and gap-wise Janssen are applied with fixed context
length 4096 samples (approx. 93 ms). The frame-wise Janssen
uses window length 4096 samples and 3 window shapes:
rectangular, Hann, and Tukey (see, e.g., [28, Sec.V]). All
methods are applied with variable model order p and either
Burg or LPC algorithm to fit the AR model.

The quality of reconstructed audio is assessed using the
signal-to-distortion ratio (SDR). For the reference (i.e., unde-
graded) signal y and the reconstruction fcé SDR in decibels is
computed as SDR(y, %) = 10log;, % In our case, the
SDR is only computed in the inpainted sections of the signal.

The perceived quality of the signal is evaluated using the
objective metric PEMO-Q [29], which predicts the subjective
difference of the signals y and X in terms of the objective
difference grade (ODG), ranging from —4 (very annoying) to
0 (imperceptible difference). An alternative choice, which is
common in other audio processing fields, is PEAQ [30], [31].
However, this metric is not decisive enough in the case of gap
inpainting [32].

A. Effect of the estimator

First, we evaluate the performance of the inpainting methods
depending on the estimator of the AR model. Hence, for each
test instance, two versions of each inpainting method are run,

21f, furthermore, the Burg algorithm is used to estimate the AR coefficients,
it means that a single AR model is assumed not only for the whole gap context,
but also for its flipped version.
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varying in the use of either LPC or Burg algorithm to estimate
the AR parameters.

The results are presented in Fig. 1. The overall distribution
of the results in the scatter plots indicates that in terms
of SDR, the Burg algorithm is clearly favourable in the
case of the extrapolation-based inpainting. For the considered
iterative algorithms, the results indicate minor preference of
the LPC. In terms of the ODG, the observations are much
more pronounced. Besides extrapolation-based inpainting, the
preferability of Burg algorithm is indicated also in the gap-
wise Janssen algorithm. Notably, a conclusion in case of the
frame-wise Janssen algorithm depends on the model order
and the selected window. With the Hann or Tukey window,
inpainting results appear to depend on the chosen estimator
only for large model orders (and the LPC scores better in this
case). With the rectangular window, the dependence on the
model order is clearly amplified. Furthermore, a large portion
of results in this case implies that the Burg algorithm is a better
choice if the model order is low, and vice versa.

To assess statistical significance of the results, Wilcoxon
signed rank test* is performed on the paired results obtained
using LPC and Burg algorithm. The p-values, for each method
and model order, are shown in Tab. I. If the p-value is lower
than the chosen significance level «, it indicates the rejection
of the null hypothesis that the Burg algorithm and LPC
lead to results having an identical median, with the alternate
hypothesis that the Burg algorithm leads to a higher median.

B. Effect of the model order

The AR model order p plays a crucial role in the modelling
and also significantly affects the inpainting results, as demon-
strated in Fig. 2. Note that Fig. 2 plots the same data as Fig. 1,
but with a focus on the effect of the model order and the gap
length.

Similarly to the study of preferences between LPC and Burg
algorithm, the model order affects the results differently for
different inpainting methods. A clear scheme is observed in the
case of the extrapolation-based and gap-wise Janssen method,
where increasing the model order up to p = 2048 results in
both higher SDR and higher ODG. However, the order p =
3072 does not further increase the resulting quality, which
we attribute to insufficient context length for fitting an AR
model of such a high order. For frame-wise Janssen, the results
are further affected by the chosen window shape: the best
results are scored using model order p = 512 with Tukey or
rectangular window and p = 1024 with Hann window.

Furthermore, Fig. 2 reveals that the observed phenomena
do not largely depend on the length of the gap.

C. Comparison with other methods

To provide a context for the results of AR-based methods,
selected variants are compared with the methods that belong
to the state-of-the-art in optimisation-based audio inpainting,
namely A-SPAIN [7] and A-SPAIN-MOD [15]. The results in
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terms of SDR and ODG are presented in Fig. 3. The most
significant observation is the dominance of the extrapolation-
based and gap-wise Janssen methods, especially in gaps longer
than 50 ms.

V. CONCLUSION

The paper presented an evaluation of popular audio inpaint-
ing methods based on autoregressive modelling, both using
extrapolation and iterative estimation. In addition, a novel
gap-wise approach to the Janssen method was proposed. The
experiments demonstrated the importance of the choice of the
AR model estimator (i.e. choosing the LPC or Burg algorithm)
and the model order. The concluding test revealed that the gap-
wise Janssen method (using Burg algorithm) is recommended
as an autoregressive reference for future tests on inpainting
middle-length gaps.

If computational speed is an important criterion, note that
for all approaches, the computational load is proportional both
to the order of the AR model and to the gap length. Moreover,
the Burg algorithm is more demanding compared to LPC.
From the perspective of computational time, the extrapolation-
based approach is preferred (elapsed times are up to around
0.15s per signal with p = 2048, while the gap-wise Janssen
reaches up to 11.5s per signal with p = 1024 and up to 165
with p = 2048; both using the Burg algorithm).

The  Matlab codes for the  methods  dis-
cussed in the present paper are available at
https://github.com/ondrejmokry/Inpainting Autoregressive.
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Fig. 1. Comparison of the estimators in terms of SDR (top row) and PEMO-Q ODG (bottom row). Per each inpainting method, the scatter plot shows the
results using LPC vs. Burg algorithm to estimate the AR coefficients.
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Fig. 2. Comparison of the model order choices in terms of SDR (top row) and PEMO-Q ODG (bottom row). Per each inpainting method, the plot shows the
results using LPC (darker shade, dashed line) vs. Burg algorithm (lighter shade, solid line) to estimate the AR coefficients. Note that the same colour coding
of the model order as in Fig. 1 applies.
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