Dequantized signal from two parallel quantized
observations

Vojtéch Kovanda
Dept. of telecommunications
Brno University of Technology

Czech Republic
xkovan(7 @vutbr.cz

Abstract—We propose a technique for signal acquisition that
uses a combination of two devices with different sampling rates
and quantization accuracies. Subsequent processing involving
sparsity-based regularization enables us to reconstruct the input
signal at such a sampling frequency and with such a bit depth that
were not possible using the two devices independently. Objective
tests show the evaluation of the proposed method in comparison
with the alternatives.

Index Terms—Dequantization, bit depth, multichannel, audio,
optimization, sparsity, analog-to-digital conversion.

I. INTRODUCTION

In analog-to-digital (A/D) conversion, two qualities play
a crucial role. The sampling frequency determines how broad
the signal spectrum is that can be acquired, while the number
of bits used for representing signal samples governs their
accuracy [1]. In any particular application, a combination of
a sampling frequency and a quantization step that are adequate
is required. For demanding applications, however, a proper
combination of the parameters can imply a high sale price of
the A/D conversion unit.

In this paper, we propose a system that overcomes the
described property via employing two parallel signal acqui-
sition branches. One branch consists of an A/D converter with
a high sampling frequency but a coarse quantization. The
second branch involves a significantly more accurate quantizer;
nevertheless, it operates at a low sampling frequency. The
scheme of the system is in Fig. 1. The goal is to reconstruct
a signal as close to the original signal as possible, given the
two different observations y1,ys.

If the proposed concept proves beneficial, it could allow em-
ploying cheaper components to provide an acquisition quality
comparable to high-end devices. Seen from another side, the
approach could even make possible acquisitions that would
not be accessible with a single converter; in this sense, our
approach can be understood as superresolution in time and/or
in sample value domains. Naturally, estimating the original
signal from y;,y is not straightforward and comes at the
cost of computation.

Related work. Increasing the sampling frequency and the
quantization resolution of an A/D converter has always been
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Fig. 1. Scheme of the parallel conversion. In one branch, the original signal x
goes through an anti-aliasing filter B, then the subsampling operator Dy, and
finally the quantization with a high-resolution Qfpe, producing the observation
y1. The second branch does not alter the sampling frequency and only
quantizes the signal with a low-resolution Qcoarse. Note that in practice, x
would come in as an analog signal; in our treatment, x already is assumed
in the discrete time.

of interest to the signal processing community. The parallel
branches in Fig. 1 do not represent an entirely new idea: As
regards the sampling speed, the physical limit of a sampling
device can be bypassed via involving multiple A/D converters
that are time-interleaved. Such an idea is actually a special case
of the so-called multirate filterbank A/D conversion concept
[2], [3]. To increase the resolution in value (i.e., the final
quantization accuracy) within the A/D conversion, a similar
trick of an array of quantizers with different offsets in value
can be applied [4]. In the converters of classical design, such
as >—A, the resolution is exchanged with speed [1].

In the mentioned approaches, no property of the analog
signal is utilized, except its bandwidth. Additional signal char-
acteristics can yet be exploited for the increase of sampling fre-
quency or resolution, as a postprocessing step. This has been
demonstrated in various signal processing fields, such as image
superresolution [5], audio dequantization [6] or compressive
sampling [7], [8]. An approach to increasing the sampling
frequency of the A/D conversion has been presented in [9].
The authors showed that when the observed signal from a
low-frequency A/D converter is understood as the subsampled
version of a desired signal sampled at a high frequency, it
can be estimated via optimization involving the signal sparsity

231



assumption in a proper representation system. A side effect of
increasing the effective bit depth is even demonstrated, thanks
to inherent oversampling. The dequantization of audio has
also been studied using different prior assumptions [6], [10]-
[13]. However, these methods only rely on a single channel,
which is in contrast to our approach, which combines two
parallel sources of quantized audio information to achieve
dequantization. We are not aware of any other multichannel
dequantization method.

II. METHOD

The proposed means of signal acquisition are shown in
Fig. 1. The parameters affecting the observations y;,ys are:
o The sampling frequency of the right-hand branch.
o The sampling frequency of the left-hand branch; in our
study it is k-times lower, due to the downsampler denoted
Dy. (Utilizing a non-synchronized downsampler might
bring additional benefits, but our simulation is based on
digitized signals at the input.)
o The bit depths of the quantizers Qgpe and Qcoarse-
o The properties of the low-pass filter B.
Due to the involvement of lossy components in the acquisi-
tion, the estimation of x back from y;,y2 is clearly an ill-
posed problem. As such, a kind of regularization has to be
introduced. As one of the options, we will make use of the
sparsity of an audio signal in the time-frequency domain in
this paper. Therefore, our recovery task can be written as

X = arg mLin MAx|1 + ory,, (DeBx) + o1, (%), (1)
x€ER

The operator A transforms a time-domain audio signal from
R% to the time-frequency domain C¥ [14], and the sparsity
of such a representation is quantified by the convex ¢;-norm
I-]]1 [15]. The functions ¢p,, and ¢, are the indicator func-
tions [16] taking value oo when Dy Bx ¢ e and X € onrse
enforcing the estimate to lie within the quantization levels
corresponding to the operators Qe and Qcoarse, respectively.
The indicator functions thus secure consistency of the solution
with the observations, while the sparsity-related term promotes
natural audio signals. Finally, the scalar A > 0 is a weight
which clearly could be omitted (i.e., A = 1) in theory, but
it can be used to influence the convergence of the practical
numerical algorithm.

The problem (1) is convex and since it contains three terms,
an advanced solver should be utilized. We make use of the
Condat—Vii algorithm (CVA) [17], [18], which utilizes proxi-
mal operators [16] corresponding to the functions involved in
(1). The CVA for our problem is given in Alg. 1.

The asterisk denotes the adjoint of a linear operator; the
adjoint of B is simply a filtering with the impulse response
flipped in time. The operator clip,(-) clips the input vector
elementwise such that the output samples reside in the interval
[, A

As for the scalars 7, o, the convergence of CVA is guaran-
teed if it holds 70| A*A+(DyB)*(DyB)+1d*Id|| < 1. Using
the properties of operator norms, we can arrive at a weaker

Algorithm 1: Condat—Vi algorithm (CVA) solving (1)
Choose parameters 7,0, p > 0 and initial values
x(® e RE, ugo) e CP, ugo) € RE/E, ugo) e RL.
for i =0,1,... do
)"((1:“1’1) _ x(i)‘— T(A*ugz) + B*Dzugl) + uél))
X('L+1) = pi(2+1) + (]_ — p)x(l)
al™ = clip, (u{? + 0 A 2%+ — x())

™ = pa™ + (1 p)uf’
p2 = ug') + oD B(2xH) — x()) 9% auxiliary
G+l .
Uy =p2—oprojy (p2/0)
ug ™t = paf ™+ (1 p)ud’
p3 = ul” + o(2%+) — x() % auxiliary
ﬁ:(f“) =p3 —oproj,_(p3/0)
i+1 ~(i+1 i
g™ = pug ™ 4 (1 p)uy

(still sufficient) condition 7o(2 + ||b||?) < 1, where ||b]|; is
the ¢1-norm of the impulse response corresponding to B. Also,
we have utilized the assumption that A corresponds to a tight
Parseval frame, which is achieved via a suitable selection of
transfrom parameters [19], see below our particular choice.
The parameter p has to satisfy p €10, 2[.

III. EXPERIMENT

For the numerical experiment, we selected recordings of
solo instruments. Such signals exhibit a great time-frequency
sparsity, which the proposed reconstruction is regularized with.
We used 83 excerpts selected from the Good-sounds dataset!
containing various instruments, each playing several musical
scales, such as violin, flute, saxophone, and clarinet. All
audio is originally sampled at 48 kHz, in the 24-bit resolution
(further on, we use the abbreviation bps for ‘bits per sample’).
The excerpts are between 10 and 20 seconds long. Audio has
been peak-normalized before any processing to make the most
of the available dynamic range.

Regarding the acquisition channels (see Fig. 1), Qcoarse Oper-
ates at a bit depth varying between 4 and 16 bps, while the bit
depth of Qg ranges between 10 and 24 bps. The quantization
is uniform (linear PCM), as is typical in audio [1]. We use the
mid-riser distribution of quantization levels, in line with [6]. In
all experiments, the downsampling factor k£ = 4 is fixed, as is
the low pass filter B, which has been designed by the Matlab
Filter Designer as an FIR filter using the equiripple method.
Note that for the purpose of the reconstruction, however, the
properties of B are not crucial; actually, the proposed system
would be applicable even if the filter were not present. The
parameters of the operator A are: the 2048-sample-long Hann
window, the window shift of 512 samples, and 4096 frequency
channels. The Algorithm 1 used 7 =1, 0 = 0.5 and p = 0.8.

Thttps://www.upf.edu/web/mtg/good-sounds
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A. Objective evaluation

We measure the performance of the algorithms using objec-
tive metrics: the common signal-to-distortion ratio (SDR) and
the objective difference grade (ODG) provided by the PEMO-
Q computational psychoacoustic model [20]. The ODG scale
ranges from —4 to 0 (worst to best). These metrics are used
for comparing our estimate x with reference signal x. We also
evaluate SDR and ODG of the quantized signal observation
xq and an estimate given by a different dequantization method
compared with the reference signal x to judge the effectiveness
of our method. The estimate we are comparing with is obtained
by using the Chambolle-Pock algorithm (CPA) considering
only single channel observation xq; the CPA was taken from
[6]. We compare the results with the same bits per sample.

The results are presented in Fig. 2 and 3 in a condensed way.
Instructions on how to read the graphs are in the captions.

As an example, take the case of 4 bps of the yy branch and
16 bps of the y; branch. As the y; branch is downsampled by
a factor of 4, the effective number of bits of this combination
is 4bps + i - 16bps = 8bps. Our reconstruction provides
an average SDR of 43.09dB which we compare with the
reconstruction given by the CPA (i.e., CP(xq)) using the
same number of effective bits resulting in an average SDR of
37.02 dB. From the graph, we can see that the 8-bit xq without
processing provides an average SDR of 29.25dB. The same
combination of bit depths but this time in terms of the ODG
scale, we see that our method provides an average ODG of
—2.70. Using the CPA with the same bps increases the ODG
of xq from —3.18 to —2.51. On the other hand, combinations
with a higher effective number of bits in our reconstruction,
for example 14 bps, are not better than using CPA, as we can
see from the graph.

B. Computational considerations

Algorithm 1 was run for 200 iterations. With regard to the
SDR plots, the maximum SDR achieved within these 200
iterations is presented. In particular cases, a small additional
SDR improvement can be obtained by running more than 200
iterations; nevertheless, increasing the iteration count does not
bring an improvement in most cases; typically, it is the other
way round. Such an interesting effect is due to the presence
of the ¢; norm in (1): After reaching a good SDR within
the constraints given by I, and [goue, the £ norm starts
to prevail, and as a lower ||Ax||; is promoted, the signal is
pushed towards lower quantization decision levels, therefore
worsening the SDR [6]. The same effect is observable in the
strip corresponding to the CPA in Fig. 2, since the CPA utilizes
the /1 norm as well. The described effect is nevertheless not
present in the ODG scores, and no significant improvement
typically occurred with a greater number of iterations. Thus,
the ODG value was computed based on the iteration no. 200.

Note that in Alg. 1, the parameter A\ appears solely in con-
nection with the clip operator. For each particular combination
of the bit depths of the quantizers, a different choice of A is
advantageous as it speeds up the convergence and yields better

results. Finding a right A requires hand-on tuning, but we took
advantage of values published in [6] as the starting point.

For a 19-second-long excerpt, a single iteration of the CVA
takes about 0.18 second on a PC with Intel 3.6 GHz CPU and
64 GB RAM. Thus, the excerpt was reconstructed in about
40 seconds, i.e., twice the realtime.

IV. CONCLUSION

We have shown the possibility of reconstructing the desired
signal from two parallel acquisition branches. Our algorithm
scored well in both objective and subjective tests. In the future,
testing at higher sampling rates is necessary.

The advantage of our algorithm further lies in the fact that
by combining common converters with bit depths such as 4,
8, or 16 bps, we are able to achieve signal quality that would
correspond to a less common converter with a bit depth of,
for example, 9 bps.

Further extensions come naturally. For example, our ap-
proach exploits the simplest form of sparsity available; one
could think about employing advanced signal priors such as
the social sparsity [21] or the phase-consistency [22]. In such
cases, only parts of the CVA algorithm would change. Gener-
alization to nonuniform quantization would be straightforward.
We have demonstrated the concept in the field of audio;
however, the concept is general enough to be translated to
image or video processing fields, with suitable regularizers.
Finally, the concept allows increasing the sampling frequency
beyond the frequency physically available in a device [9], i.e.,
superresolution.

Codes for Matlab are publicly available?

Zhttps://github.com/rajmic/parallel-dequantization
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Fig. 2. Dequantization results in terms of the SDR; averages across test signals are presented. Each field in the main grid corresponds to a combination of
bit depths in the two branches. The lines in the graph represent the combinations with the same number of effective bits. The colors code the SDR value of
our reconstruction X related to the original signal x (a lighter color indcates a closer estimate). The horizontal strip just below the main grid shows the SDR
of the single channel reconstruction, CP(xq). The bottom strip presents the SDR of xq without postprocessing.
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Fig. 3. Dequantization results in terms of the ODG, presented in analogy with Fig.
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