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Abstract—This paper investigates the algorithmic latency of
non-learning blind bandwidth extension (BWE) approaches, and
evaluates their quality with objective measurements. BWE meth-
ods are regarded as methods for restoring high-frequency losses
caused by band limits. To satisfy the restriction and provide high-
quality sound, low-latency BWE techniques are required. This
paper focuses on the non-learning blind BWE methods, such as
spectral shifting-based approaches and non-linear function based
BWE (N-BWE). The results proved that the N-BWE method can
be performed with low-latency.

Index Terms—artificial bandwidth extension, non-linear func-
tion, objective measurement, latency issues

I. INTRODUCTION

This paper investigates the algorithmic latency of non-
learning blind bandwidth extension (BWE) approaches, and
evaluates their quality with objective measurements. BWE
methods are regarded as methods for restoring high-frequency
losses caused by band limits. For some real-time applications,
such as video calls, BWE methods are one of the most
important methods for improving speech quality. In these
applications, users receive visual and sound information si-
multaneously. Therefore, the time lag between both types of
information is strictly restricted for natural conversations. To
satisfy the restriction and provide high-quality sound, low-
latency BWE techniques are required. The learning BWE
methods proposed so far has high speech quality but high-
latency [1], [2]. Its latency has not been discussed. Therefore,
this paper focuses on the non-learning blind BWE methods,
such as spectral shifting-based approaches [3]-[5] and non-
linear function based BWE (N-BWE) [6], [7]. In the exper-
iments, the algorithmic latencies of the BWE methods were
calculated. The results proved that the N-BWE method can be
performed with low-latency.

II. MOTIVATION

Recently, since video calls or similar real-time applications
are usually used, low-latency and high-quality techniques for
speech signal processing are required. When there is a time lag
between video and sound information, users perceive this as
an echo, and it makes them feel uncomfortable irritated. It has
been reported that users feel uncomfortable when differences
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Fig. 1: Block diagram of N-BWE method

between visual and sound information exceed 10 ms, and
even a difference of 3-5 ms can be noticed [8]. Therefore,
computational and algorithmic latencies are important issues
to discuss. There are many kinds of BWE methods which can
be categorized into blind or non-blind and non-learning or
learning. In this paper, algorithmic latency of the non-learning
blind BWE methods is focused on.

III. NON-LINEAR BWE EXTENSION

A N-BWE method has been proposed as a blind and
non-learning BWE approach [6]. Figure 1 shows a block
diagram of the N-BWE method. By using basic upsampling, an
upsampled signal yy p[n] is generated, where n is a discrete-
time variable. yyp[n] has no harmonic components over
Fs,/2 kHz. A non-linear function can be used to generate
harmonic components, and a general form of a non-linear
function is given by

yw[n] = sgn(yngln]) - lynpn]®| x B, ()
with
1 (a>0)
sgn(a) =40 (a=0), (2)
-1 (a<0)

where « and [ are the parameters for controlling the nonlin-
earity, and a is a real value.

{y/wg[n], vivpln] < Ty )

1"
n| = s
vvsl =y yivsln] > Th

where T}, is a threshold value, and M is a constant value. S
in Fig. 1 compensates for delays introduced by the different
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processes involved in the generation of LF and HF compo-
nents. On the basis of procedure in Fig. 1, it is expected that
yws[n|, will compensate for high-frequency losses.

It has been reported that the N-BWE method provides high
performance in terms of speaker individuality and root mean
square log spectral distortion (RMS-LSD [9]) [7]. However,
its latency has not been discussed.

A. Examples of each BWE method

Figure 2 shows spectrogram examples of speech signals.
First, the original signal (a) sampled at 16 kHz has frequency
components from 0 kHz to 8 kHz. The upsampled signal
(b) from 8 kHz to 16 kHz contains only low frequency
components under 4 kHz. Signals (c¢) and (d) were generated
by shift-based BWE methods (SHIFT [3], [4] and LPAS [5]),
and signal (e) was generated by N-BWE. As these examples
show, the BWE methods in Figs. 2 (c), (d) and (e) can
generate harmonic components in high-frequency components.
The RMS-LSD scores are also shown in Fig. 2. The lower
the RMS-LSD score, the closer the degraded speech sample
is to its reference. Even though the spectrogram of N-BWE
showed a low similarity, the RMS-LSD score of N-BWE was
the lowest of all the BWE methods.

IV. EXPERIMENT
In this section, the algorithmic latencies of each BWE
method were calculated.
A. Experimental condition

All speech samples used for the experiments were collected
from the Speaker In The Wild (SITW) database [10]. The

TABLE I: Algorithmic latency of each BWE method

[ Compared method [[ Latency (ms) |

(A) UP 0.068
(B) SHIFT 0.643
(C) LPAS 14.187

(D) N-BWE I 0.443
(E) N-BWE II 0.643

SITW database consists of 4841 utterances sampled at 16 kHz
from 299 speakers. The following conditions were compared.

(A) UP
All data was simply upsampled. Note that the speech
samples did not include any harmonic components in
the high-frequency components.

(B) SHIFT
All data was extended by SHIFT [3]. The band-pass
filer was the same as [4].

(C) LPAS
All data was extended by LPAS [5] from the speech
sampled at 8kHz.

(D) N-BWE 1
All data was extended by using the N-BWE
method [6] from the speech sampled at 8kHz. The
optional filter hy[n] was defined as the all pass
filter, and the filter h[n] was band-pass filter in
Figure 3 (b). To control the nonlinearity, o and (3
in Eq.(1) were set to 1.8 and 100, respectively.

(E) N-BWE 11
All data was extended by using the N-BWE
method [6] from the speech sampled at 8kHz. The
optional filter h4[n] and hp[n] were used as band-
pass filters in Figs. 3 (a) and (b). To control the
nonlinearity, « and 3 in Eq.(1) were set to 1.5 and
100, respectively.

The design of filters hy[n] and hp[n] depended only on
interpolator K, and the parameters « and [ also depended
only on interpolator K.

B. Experimental results

To compare the algorithmic latencies of each BWE method,
the latencies were calculated under the 16-kHz-sampled sce-
nario (K = 2,F,, = 8 kHz, F,, = 16 kHz) as shown
in Table I. From the results, (D) N-BWE I achieved the
lowest latency. This was because (D) used only the band-pass
filter with small number of filter orders. The latencies of (B)
and (E) were almost similar to (D) because the filter order
strongly depended on the latency. (B) and (E) still satisfied
the requirements of real-time applications. In the case of (C)
LPAS, the number of FFT points was also included in the
calculation. The LPAS algorithm was implemented with a
2048-point FFT, and the latency of FFT only was 12.8 ms.

Figure 4 illustrate the results of each objective measurement
with box plots [6] and shows the perceptual evaluation of
speech quality (PESQ) [11], a short-time objective intelligibil-
ity (STOI) [12], and RMS-LSD scores for each BWE method.
From the results, N-BWE obtained a slightly higher PESQ
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Fig. 4: Objective measurements

scores, and a lower RMS-LSD value than LPAS. STOI was
one the measurement for the naturalness. It can be seen that
there are some relationships between STOI scores and their
latency. From these results, it was indicated that the N-BWE
method was able to lead to better RMS-LSD values with low-
latency. Consequently, it turned out that the N-BWE method
was effective for real-time applications.

V. CONCLUSIONS

This paper evaluated the effects of some non-learning and
blind BWE methods. The N-BWE is a blind, non-learning and
lightweight BWE approach. For real-time applications such
as video calls, low-latency BWE methods that are applicable
to several network services are strongly required. From the
experimental results, the N-BWE method provided the lowest
latency and better RMS-LSD values among the conventional
BWE methods. In future work, the BWE methods can use as
a technique for data augmentation, the effectiveness will be
evaluated.
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