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Abstract—In the field of speech signal processing, speech
source mixture separation is a known challenge. It is addressed
by finding the closest estimate of the original speech source from
the speech mixture. Source separation solutions can be based on
multiple channels or single channel model. In multiple channels,
multiple speakers and microphones are assumed while in single
channel multiple speakers and a single microphone are assumed.
One of the most widely used algorithms in the single-channel
model is the Ideal Ratio Mask (IRM). Although IRM is efficient,
it has a major drawback; the high memory footprint as it
stores all frequency components of the Short-time Fourier
transform (STFT). This makes it less suitable for embedded
applications. We propose a solution based on the optimization of
Mel-frequency Cepstrum Coefficient (MFCC) and Non-centroid
K-nearest neighbor (Nk-nn) algorithms that minimizes memory
utilization and achieves high Signal-to-Interference Ratio (SIR).
Our experimental results show that the proposed solution
improves SIR while minimizing memory requirements compared
to the reference IRM.

Index Terms—source separation, single-channel, ideal ratio
mask, Mel-frequency Cepstrum Coefficient, NK-nn.

I. INTRODUCTION

A high SIR low-overhead implementation of single-channel
speech source separation is aimed at extracting the closest
estimate of the original speech sources from a mixture of
sources with minimum memory resource utilization. This
solution can be seen as following the human’s ability to tune-
in to one speaker at a time in a simultaneous multi-speaker
environment.
In the time-domain, the mixture can be linearly represented
as x = α1*s1 + α2*s2, where s1 and s2 are the clean speech
sources for two speakers, α1 and α2 are the channel impulse
responses, and x is the mixture. This representation results
in an ill-posed problem because the number of variables is
more than the number of equation and as a consequence, it
has many solutions. Single-channel speech source separation
can be mainly classified into two basic classes: Computa-
tional Auditory Scene Analysis (CASA) [1], and ill-posed
underdetermined feature-based blind source separation. The
CASA methods mimic the ability of the human auditory
system [1] to extract individual sound sources in a noisy
environments. Basically, CASA systems exploit the harmonic
structure during source separation. On the other hand, feature-
based (source-filter model) methods incorporate individual

source characteristics which are learned during a training
phase. In this paper, we use the source-filter model approach.
The signal can be decomposed into a fine spectral structure
related to the excitation signal and a coarse spectral structure
representing the Vocal Tract Filters (VTF).

In this work we try to address the problems faced when
applying conventional single-channel speech source solutions.
There is one major advantage to this model: low memory
utilization due to dimension reduction of the feature vector
compared to reference IRM.
The rest of the paper is organized as follows. In section II,
we present the related work. In section III, we present our
solution; the high SIR low-overhead implementation of single-
channel speech source separation. In section IV, we present
experimental setup and result, and section VI concludes the
paper.

II. RELATED WORK

Single-channel source separation problem is a common
research topic in the signal processing community. Most
results are obtained by prior knowledge about the signal.
Huang et al. in [2] separated vocal sources using Robust
Principal Component Analysis (Robust-PCA) in [2]. Li et al.
in [3] researched the use of source separation to find fault in
a machine. Kim et at. in [4] investigated source coding with
application to source separation. Parvaix et al. in [5] used a
water marking-based method for informed source separation
with a single sensor.
Girin et al. in [6] investigate informed source separation for
linear instantaneous underdetermined audio mixture. Baras
et al. in [7] research coding/indexing strategy for informed
source separation on linear instanteneous underdetermined
audio mixture. Virtanen in [8] and Roweis in [9] investigate
the use of temporal continuity. Vaerenbergh et al in [10]
use spectral clustering approach to separate sources. Amari
et al. in [11] investigate blind source separation. Yipeng
et al. in [12] investigate the optimality of an ideal binary
time-frequency mask and provide the conditions for the
optimality of IBM mask. Hartmann et al. in [13] explore the
effects of both the accuracy of the mask estimation and the
strength of language model. Minipriya et al. [15] review IBM
and IRM mask estimation techniques for monaural speech
separation. Sun et al. in [16] explore the merits of sparse



representation theory with ideal binary mask. Yongqian Chen
in [17] investigate Single-channel blind source separation
based on Nonnegative Matrix Factorization (NMF) and it
application to speech enhancement. Michael et al. in [18]
research on Single-channel Speech Separation based on
Source-filter Representation.
The aforementioned works use IRM, Ideal Binary Mask
(IBM) or their variants which require the use of all frequency
components of a speech frame for the separation of a frame
mixture. This does not address the memory capacity problem
of embedded systems.
Our proposal addresses the memory capacity shortfall of
embedded systems by using 13-element MFCC feature vector
computed from a frame of length 256 for classification. This
makes our proposal suitable for embedded applications.

III. MFCC, NK-NN BASED SINGLE-CHANNEL SPEECH
SOURCE SEPARATION ALGORITHM

Fig. 1. Illustration of speech source separation implementation architecture

Speech is a slowly changing signal, it is stationary over
a short period of time. The time in which the speech is
stationary is approximated and used as the window length
in samples for the implementation of the Short-time Fourier
transform (STFT). Speech is classified as voiced or unvoiced.
This classification is based on the source of the excitation
signal. For voiced-speech, the excitation signal is a pulse train
that originates from the lung, while for unvoiced-speech it is a
random noise sequence. In either case, speech is produced by
passing the excitation signal through the vocal tract, which is
modeled as an all-pole filter and has transfer function given by
Eq. (1), in [16], and in [17]. The asterisk in Eq. (1) represents
complex conjugate, Gvt is a constant gain which is equal to
one, and r is the coefficient of the pole of the filter . The
impulse response of the transfer function is given by Eq. (2).

Hvt(z) =
Gvt∏l

i(1− riz−1)(1− r∗i z−1)
(1)

hvt(n) =
N∑
n

Hvt(z)z
−n (2)

Speech sound is then produced by the convolution of the
impulse response of the all-pole filter hvt which in this case is
the vocal tract and the excitation signal. This is defined by (3).
Our proposal uses MFCC as the feature vector. It has similar
functionality to the vocal tract.

s(n) = hvt(n) ∗ u(n) (3)

Eq. (4) is the short-time fast Fourier transform (STFT) of the
speech signal.

Si(k) =

255∑
k=0

si(n)w(k) exp(−j2πkn/N) (4)

where i in Eq. (4) represents the i-th frame. Eq. (5) is the
energy of the clean speech for a frame.

Si(k) = |Si(k)|2 (5)

Eq. (6) is the speech mixture, x(n) from two sources in
additive noise.

x(n) = αs1(n) + αs2(n) + v(n) (6)

The index n = 0, 1, .., N-1, represents the position of samples
such as x(0), x(1), ..., x(N−1)T , where N is the total number
of samples. T is transpose operator, α is the channel impulse
response. When s1(n) is taken as the pure target speech source,
s2(n) is the interference and vise versa. Both the target and
the interference impinge on the microphone concurrently, and
v(n) is the additive white Gaussian noise which is uncorrelated
with the speech sources.

The architecture of our solution is shown in Figure 1. The
upper part is used for training. In that part we segment the
clean speech signal into frames of length 256. A frame length
that is a power of two results in efficient implementation of
STFT. This is followed by applying Hamming window of
length 256 to the frames. The STFT si(n) is computed using
Eq. (4). Where i is the frame index, and k is the frequency
bin. The energy of each frame is computed using Eq. (6) and
compared to a threshold value which is used to decide whether
there is active speaker or not. The frames with energy level
above the threshold are considered to have active speakers
therefor are retained and frames with energy level below the
threshold are discarded.

The following equations make up the lower part of Figure
1. Eq. (7) is the STFT of the mixture.

Xi(k) =

255∑
m=0

xi(m)w(m) exp(−j2πkm/N) (7)

The energy of the mixture is computed in Eq. (8). This
equation is identical in functionality to the energy computation
of the training part of Figure 1.

X
′
(k) = |X(k)|2 (8)



Computing the filter bank requires the conversion of fre-
quency from Hz to Mel-frequency and vise versa. Eq. (9) is
used to convert frequency in Hz to Mel-frequency representing
nonlinear human perception of sound. Eq. (10) is used to
convert from Mel-frequency back Hz, where f is the frequency
value

M(f) = 1125 ∗ ln(1 + f

700
) (9)

M−1(m) = 700

(
exp(

m

1125
)− 1

)
(10)

and m is the Mel-frequency value. There are 26 filter banks.
The rest of Mel-frequency filter bank is computed using Eqs.
(11-14), where k is the frequency index range from 0 to half
the sampling frequency (fs/2).

Hm(k) = 0, for k < f(m− 1) (11)

f(m) is the quantized filter of the bank.

Hm(k) =
k − f(m− 1)

f(m)− f(m− 1)
, f(m− 1) ≤ k ≤ f(m) (12)

Hm(k) =
f(m+ 1)− k

f(m+ 1)− f(m)
, f(m) ≤ k ≤ f(m+ 1) (13)

Hm(k) = 0, for k > f(m+ 1) (14)

Hm(k) is then applied to Eq. (8) followed by nonlinear
rectification operation (log(.)) and then the discrete cosine
transform (DCT) of the rectification operation.

The classifier is the NK-nn. Its inputs are the MFCC
feature vectors extracted from the mixture and a collection of
MFCC feature vectors from clean speeches. The MFCC is the
nonlinear representation of how humans perceive sound. The
collection of MFCC feature vectors are store in 2-dimension
matrix for each speaker, where the rows are the number of
frames and the columns are the coefficients. The classifier
computes the sum of the difference between the MFCC from
the mixture and the MFCC from the collection of MFCCs for
all speakers using the objective function defined by Eq.(15).
Sound continuity has been established in [1]. It states that
sound from the same source are in close proximity. Our NK-
nn classifier where k is the three nearest neighbours makes use
of that. The computation of the centriod is not needed. This
is because the centriod does not contribute to the performance
of our solution in a meaningful way.

R = min
∑
i

∑
j

||xj − si,j || (15)

By applying Eq. (15) on the input MFCCs, we will find
optimal Si,j that minimizes it. This is the convergence criteria.
For every classified frame, there is a corresponding copy of
STFT vector. This is used for the reconstruction of the signal.

The steps required for the training, classification, and re-
construction of the classified signals are the following: The
steps of the training phase:

1) Segment clean speech of each speaker into frames of
length 256 with 50 percent overlap.

2) Compute STFT of each frame.
3) Compute energy of each frame and compare it against

a threshold, those above the threshold are retained and
those below the threshold are discarded.

4) Compute MFCC of each frame and store it.
The steps of the classification phase using NK-nn:

1) Segment speech mixture signal into frames of length 256
with 50 percent overlap.

2) Compute STFT of each frame and save a copy for use
in reconstruction

3) Compute energy of each frame and compare it against
a threshold, those above the threshold are retained and
those below the threshold are discarded together with
the saved copy of corresponding STFT.

4) Compute MFCC of each frame and use it immediately
in classification.

5) Use NK-nn to compute the errors between the mixture
MFCC and the MFCCs of clean speech for speaker one
and two.

6) Find the minimum error i.e., the convergence point of
the NK-nn.

7) If the three minimum errors are from class speaker 1,
classify it as belonging to class speaker 1 else class
speaker 2

The step in reconstruction:
1) Compute inverse STFT; this is the inverse of the copy

of the corresponding STFT of the classified frame.
2) Overlap add; this step reconstructs the time-domain

signal for the inverse STFT through overlapping frames
based on the hop size.

At the end of the reconstruction of the classified frames, the
signal-to-interference ratio is computed using Eq. (16).

SIRi(k)dB = 10log10
( ∑N−1

k=0 |Si(k)|2∑N−1
k=0 |Si(k)− Ŝi(k)|2

)
(16)

Where Ŝi is the separated source, it is an estimate of the
original speech source for a given speaker.

IV. EXPERIMENTAL SETUP AND RESULT

The experiment was carried out on a local workstation with
Intel i7 quad-core processor, 8 GB RAM, 2.7 GHz of clock
frequency. MATLAB R2020B was used to implement Figure
1. The data used for the experiment are: clean speeches,
and mixtures from clean speeches. They are four speakers,
two male and two female. Each speaker speaks for 5s. The
utterances were ”We were away for three years”, and ”Good
friend are hard to fine”. The sampling rate is 16 kHz and the
ADC resolution is 16 bits, this amounts to 5.12Mb. The clean



speeches as well as the mixtures were segmented into frames.
The frame length is 256 samples, this is approximately 16 ms
time window and the overlap is 50 percent resulting in 623
frames per speaker. The speech mixture configurations are the
following:

1) first male speaker and second male speaker
2) first female speaker and second female speaker
3) first male speaker and first female speaker
4) first male speaker and second female speaker

Table 1 illustrates and compares memory utilization by the
proposed NK-nn and the reference IRM. The results show
that the proposed Nk-nn method is more efficient in terms
of memory utilization compared to the reference IRM method.

TABLE I
ILLUSTRATION OF THE MEMORY UTILIZATION FOR THE REFERENCE IRM

AND THE PROPOSED NK-NN

Memory Utilization for IRM and NK-nn
IRM NK-nn

MFCC not required 0.13 Mb
Mask 2.562 Mb not required

Clean speech
for four speaker
for 5s

5.12 Mb 5.12 Mb

Three mixture 3.84 Mb 3.84 Mb
Memory usage
per speaker or
mixture

2.562 Mb 2.562 Mb

Total 14.084 Mb 11.652 Mb

It can be seen that the NK-nn algorithm with MFCC as
feature vector utilizes 0.13 Mb for its classification of the
entire speech signal while the IRM method utilizes 2.562 Mb
for the same signal. This amounts to 0.05 which is the ratio of
the memory required by the proposed solution to the reference
IRM. The reduction in memory utilization is attributed to the
dimension reduction implicit in MFCC implementation. The
proposed solution requires 13 element MFCC feature vector
to classify one frame, while the IRM method requires the
entire speech frame of 256 samples for its mask used for
classification.
Figures 2 illustrates the SIR comparison for the proposed
algorithm and the reference IRM for the utterances ”We were
away for three year” from the first female and first female
speakers and ”Good friends are hard to find” from the second
female and male speakers.

It can be seen that the proposed solution performs
better than the reference solution by an average of 5.1
dB SIR. The IRM mask used in the reference solution
for classification is a binary mask, it can only make hard
decision as a consequence. The proposed solution uses three
MFCC vectors with minimum error from a specific class
for its classification. This is soft-decision. The advantage of
soft-decision is, it takes into account variation of individual
speaker of the same utterance.

SIR of Proposed solution vs Reference IRM
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Fig. 2. Illustration of the SIR results obtained from proposed solution, and
reference IRM solution for the mixture of first female and first male speakers

V. CONCLUSION

In this paper, we propose a solution that estimates the
speech sources from a mixture of speech sources using
optimized MFCC and NK-nn algorithms. Our proposed
solution reduces memory utilization by 17.27 percent
compared to reference IRM and achieves 5.1 dB higher SIR
compared to the reference IRM. The proposed solution is
suitable for embedded applications that requires less memory
utilization. Due to the higher SIR of the solution, it is also
suitable for use in factory where there is high interference
and in automation where speech commands is required.
Extending our solution to energy efficient implementation on
embedded systems is the target for future work.
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