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Abstract— A single-channel speech enhancement method is
proposed, which performs feature extraction and mask process-
ing in spherical-mapped short-time spectral (SMSTS) domain.
The features in the SMSTS domain are represented as three-
dimensional direction cosines, obtained by mapping complex-
valued short-time spectral components onto a three-dimensional
unit sphere. The direction cosines have continuous properties, in
contrast to the inherently discontinuous nature of conventional
short-time spectral phase. Simulation results demonstrate that the
proposed method outperforms conventional speech enhancement
approaches, which use real and imaginary components in the
complex-valued short-time spectral domain as features, in terms
of scale-invariant signal-to-distortion ratio (SI-SDR) and short-
time objective intelligibility (STOI) metrics.

I. INTRODUCTION

Speech-based applications, such as cellular communications,
voice assistants, hearing aids, and teleconferencing systems,
play crucial roles in daily life. A key technical challenge is
mitigating quality degradation caused by noise that corrupts
speech during recordings in noisy environments. Speech en-
hancement or noise suppression techniques aimed at reducing
noise and enhancing speech clarity in noisy environments have
been investigated over the years. Speech enhancement methods
can be realized using both single-channel and multi-channel
audio inputs. Multi-channel [1] approaches leverage spatial
differences between target sound and noise sources through
beamforming with multiple microphones, while single-channel
[2] approaches use statistical properties of time-frequency
characteristics through single-microphone information. Im-
proving single-channel speech enhancement remains critical,
as it requires only a single microphone and can be seamlessly
integrated into existing legacy single-microphone systems.

Most single-channel speech enhancement methods trans-
form the input speech signal into a short-time spectral domain
based on short-time Fourier transform (STFT). In this domain,
the desired speech features are estimated and enhanced. The
enhanced output signal is reconstructed using inverse STFT
(ISTFT). The short-time spectrum of the input speech sig-
nal obtained by STFT has complex values and is typically
represented as an amplitude spectrum and a phase spectrum
via polar coordinate transformation. The phase spectrum is
often regarded as having minimal impact on sound quality
enhancement, leading many methods to focus primarily on the
amplitude spectrum [3], which is more visually interpretable
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and easier to model. However, recently, the importance of
estimating the phase spectrum has been reaffirmed [4]-[6]. The
primary challenge in estimating the phase spectrum lies in its
discontinuous and complex nature, which makes it difficult to
model directly using the same techniques employed for the
amplitude spectrum. Therefore, some deep-learning methods
have been proposed to estimate the complex spectrum as a
pair of real and imaginary parts [7]-[13], instead of directly
estimating the phase.

Given the continuity of the real and imaginary parts of the
complex spectrum, estimating these components is more prac-
tical than directly estimating the discontinuous phases. How-
ever, this approach may not effectively exploit the intuitively
accessible features of the amplitude spectrum. To address this
issue, a feature representation method was proposed that maps
the short-time spectrum in a two-dimensional complex plane
onto a three-dimensional sphere, where the direction angles
relative to the axes of the three-dimensional coordinates are
used as feature values [14]. In this method, unlike conventional
phase angles, each direction angle remains continuous.

In this study, we propose a single-channel speech en-
hancement method that performs feature extraction and mask
processing in spherical-mapped short-time spectral (SMSTS)
domain [14]. According to the evaluation results [14] based
on nonlinear correlations calculated using the maximal infor-
mation coefficient (MIC) [15], both the real and imaginary
spectra tend to be highly correlated with both the amplitude
and phase spectra. In contrast, the direction angle spectra
in the SMSTS domain exhibit lower correlation with either
amplitude or phase spectra, respectively. Therefore, the feature
representation based on the direction angles is expected to
capture the intuitive characteristics of amplitude and phase
more effectively than the real and imaginary representations
while avoiding the discontinuity of the phase.

II. SPEECH ENHANCEMENT WITH COMPLEX-DOMAIN
RATIO MASKING

This section describes an example of a conventional speech
enhancement system based on a complex ideal ratio mask
(cIRM) estimation [7], as shown in Fig. 1. A complex spec-
trogram S, of size M x K is obtained by applying STFT
to a noisy speech signal a(n) = c¢(n) + v(n), where M
and K denote the number of frames and frequency bins,
respectively, ¢(n) and v(n) are a clean speech and noise
signals, and n indicates discrete time index. Each element of



Fig. 1: System configuration with complex-domain ratio masking.

Fig. 2: System configuration with SMSTS-domain ratio masking.

Sq is represented as S, j, corresponding to the m-th frame
and the k-th frequency bin, i.e.,

Sa = [Sm,k]7 (1)
=577 +78577, 2
= [ssz +issiz], )

where S5 and S5*> denote the real and imaginary parts of
Sa, and S;"” and S'7 denote their elements. By applying

S£r> and S to a neural network as inputs, a complex mask

M = M<7‘> + jM<i>’ (4)
where
Mo = | M7 + 3857 | )

in element-wise form, is estimated. Subsequently, a masked
spectrogram is obtained by element-wise complex multiplica-
tion,

Su= [(S57 +3S52) - (M7 + M) ©)
By applying ISTFT to S,, the clean speech estimate ¢(n) is
reconstructed.

III. SPEECH ENHANCEMENT WITH SMSTS-DOMAIN
RATIO MASKING

In this section, we propose a novel speech enhancement ap-
proach that masks unwanted components in spherical-mapped
short-time spectral (SMSTS) domain, whose configuration is
shown in Fig. 2.

A. Spherical-Mapping of Short-Time Spectral Components

The concept of spherical mapping of short-time spectrum
[14] is introduced here to address both the 2m-phase jumps
caused by phase wrapping and the w-phase jumps owing to

(a) Hemisphere mapping.

(b) Whole-sphere mapping.
Fig. 3: Concept of spherical mappings.

amplitude zero crossing. There are two types of mapping
schemes: hemisphere and whole-sphere mappings.

Figure 3(a) shows the hemisphere mapping scheme. The unit
hemisphere of radius 1 is placed in the three-dimensional xyz
space, where the original complex spectral component .S, i, is
on the plane at z = 1. Subsequently, S, . is mapped onto the
hemisphere as the point P, j that intersects the line connecting
the spectral component and the origin in zyz space. The cosine

i 3 <z> p<y> <z>
components of the direction angles 6°~, 0,.°" and 0% are
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Fig. 4: U-Net structure.

calculated as follows:

s
cos 05 = — ) )
VS 2 + (S57)2 +1
cos Hniy,: = S;Zl? , ) (8)
VS + (8572 +1
1
cos 057 = ©))

VR + (S +1

where 0% € [0, 7], 0,,% € [0,], and 057 € [0,7/2].
Similarly, Fig. 3(b) shows the whole-sphere mapping
scheme. Here, the original complex spectral component S, j
is on the plane at z = 0. Subsequently, S, ; is mapped to
the unit whole-sphere as the point P, j intersecting the line
connecting the spectral component and the point (0,0, —1).

The cosine components of the direction angles 0%, ov
and 9;2,3 are calculated as follows:
25<7‘>
cos 055 = - mok ) (10)
TSRS+
25<i>
cos Y = mk_ ) 11
G g T S L M
L= (S5o)? = (S5R)?
cos 9;2,: = ’ : (12)

<r> <i> ’
<y>
where 057> € [0, 7], 0% € [0, 7], and 07 € [0, 7).
The original complex spectral component S, ; can be
reconstructed by employing the directional cosines cos 655",
cos 0¥~ and cos 057 as

S cosO5">  cosOY 13
mk = <> T <>
cos Omvk cos 9m7k

in the hemisphere case, and as

s cos 055> ~ cos 9;1’,? ”
_ ) n \
™k T T cos 9;? 77 + cos 0;5,?, (19

in the whole-sphere case.

B. SMSTS-Domain Masking Procedure

The diagram in Fig. 2 illustrates a speech enhancement
procedure based on the SMSTS-domain ratio masking. The

three direction cosine spectrograms Sy = [cos 0], where

d € {z,y, z}, are calculated from each element of the original
spectrogram S,, based on (7) to (9) for the hemisphere
scenario, or on (10) to (12) for the whole-sphere scenario. By
applying the three spectrograms S<%> to a neural network as
inputs, three mask spectrograms M <>, whose elements are
denoted as M;fi,f, are estimated. Thus, the masked direction

cosine spectrograms S%> are obtained as
S5% = Jeos Oty - M- (15)

Consequently, the masked complex spectrogram S, is recon-
structed by element-wisely applying either the hemisphere-
mapping reconstruction formula (13) or the whole-sphere-
mapping reconstruction formula (14) to SS%> depending on
the mapping scenario.

IV. SIMULATIONS

In this section, we present the simulation results to compare
the performances of the conventional complex-domain and the
proposed SMSTS-domain speech enhancement processing.

A. Simulation Conditions

We compared the speech enhancement performances of
two proposed methods and two conventional methods, i.e.,
HSMcosRM (hemisphere-mapped direction cosine ratio mask-
ing), WSMcosRM (whole-sphere-mapped direction cosine ra-
tio masking), cRM (complex ratio masking as in (6)), and
cRM“*, where cRM®* is an alternative complex ratio masking
with the following multiplication [7],

So=[s M sz oMEz] . a

For the mask estimation in both the complex- and SMSTS-
domains, U-Net [16] was employed as a neural network in
Figs. 1 and 2. Figure 4 shows a schematic diagram of the
U-Net. Although this diagram reflects the SMSTS-domain
implementation in terms of the input channel, the overall
structure remains consistent with that of the complex-domain
implementation. The encoder and decoder consisted of five
symmetrical convolutional layers, interconnected by skip con-
nections at the corresponding hierarchical level. The input data
size for each channel at the top layer was 257 x 512, while the
size at the bottom layer was 16 x 16. The learning rate was
set to 0.003, batch size was set to 16, and number of epochs
was set to 100.
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(a) Target speech.

(a) SI-SDR relationships: Unprocessed versus processed signals.

(b) Noisy speech.

(b) STOI relationships: Unprocessed versus processed signals.

Fig. 5: Performance comparisons for SI-SDR and STOI scores
(third-order regression curves fitted by 600 data clips).
(c) Processed by HSMcosRM.

We utilized a portion of ICASSP 2023 Clarity Challenge
dataset for training and evaluation. In this study, 6,000 pairs
of clean and noisy speech data clips were randomly divided
into 80 percent, 10 percent, and 10 percent for training,
validation, and evaluation, respectively. The original audio was
downsampled from 44.1 kHz to 16 kHz. The STFT frame size
was 512 (32 ms), hop size was 128 (8 ms), and the window
function was a Hann window of 512 sample length.

Scale-invariant signal-to-distortion ratio (SI-SDR) [17] and
short-time objective intelligibility (STOI) [18] were used as
evaluation metrics.

(d) Processed by WSMcosRM.

B. Results and Discussions

Figure 5(a) illustrates the relationships between the SI-SDR
of the noisy speech before processing (horizontal axis) and
the SI-SDR of the speech after processing by each method (¢) Processed by cRM.
(vertical axis). Figure 5(b) illustrates the relationships for
the STOI scores in the same manner. Each curved line in
the graph represents a third-order polynomial regression line,
fitted to the results obtained from the 600 test data clips for
each method. These figures demonstrate that the proposed two
methods outperform the two conventional methods in both SI-
SDR and STOI scores. Notably, the performance gap widened
as the level of noise in unprocessed speech increased. When
comparing the two proposed methods, WSMcosRM exhibited (f) Processed by cRM®!,
slightly better performance than HSMcosRM.
Figures 6(a) to 6(f) compare the amplitude spectrograms
for an example of the simulation results. Figures 6(a) and
6(b) show the amplitude spectrograms of the target clean

Fig. 6: Amplitude Spectrograms.
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speech, and the noisy speech, respectively. Figures 6(c) to 6(f)
show the amplitude spectrograms obtained with HSMcosRM,
WSMcosRM, c¢RM, and cRM@%*, respectively. From these
figures, the proposed methods, HSMcosRM and WSMcosRM,
consistently outperform the conventional methods, cRM and
cRM“,

V. CONCLUSIONS

In this study, we proposed a single-channel speech en-
hancement method that performs feature extraction and mask
processing in the SMSTS domain. The features in the SMSTS
domain are represented as three-dimensional direction cosines,
which avoid discontinuities inherent in the original short-time
spectral phase. Compared to conventional speech enhancement
methods that use real and imaginary parts in the complex
STFT domain as features, the proposed method outperformed
in terms of SI-SDR and STOI metrics under our simulation
settings. The results indicated that directional cosines in the
SMSTS domain serve as effective features for enhancing
speech quality.
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