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Abstract

In this paper, we propose a novel online algorithm for mov-

ing blind source extraction (BSE). The original algorithm

is an offline algorithm based on the recently proposed con-

stant separating vector (CSV) mixing model with auxiliary-

function-based independent vector extraction (AuxIVE). The

offline CSV-AuxIVE is not suitable for some devices that re-

quire real-time processing. In this case, we propose the online

CSV-AuxIVE which only needs to know a part of the mixed

signal and then sequentially processes the observed signal.

Then, we verified the effectiveness of the proposed method

on a specific task of the extraction of moving two-speaker

signals. The experiment compares the online CSV-AuxIVE

with the online AuxIVA. The result shows that under the same

conditions of the source of interest (SOI), the average SDR of

online CSV-AuxIVE is approximately 1.5 dB higher than that

of online AuxIVA, regardless of the change in the range and

speed of the interference (IR).

1. Introduction

As technology continues to advance, there are more and

more speech devices used in a variety of practical scenarios,

such as hearing aids, speech recognition modules in smart

homes, and speech enhancement modules in online confer-

encing. All of these applications need to extract a specific

source signal from the mixed signals recorded by the sen-

sors, provided that the information about source signals is

unknown. This technique is blind source extraction (BSE),

or generally, is blind source separation (BSS). It has become

one of the research hotspots in signal processing.

Many effective solutions have been proposed by many re-

searchers. Among them, the most classical method is in-

dependent component analysis (ICA) [1, 2], which assumes

that the source signal is statistically independent and source

separation is accomplished by maximizing non-Gaussianity.

Alternatively, among the frequency domain-based methods,

the most commonly used is independent vector analysis

(IVA) [3, 4], as an extension of independent component anal-

ysis (ICA), which uses a joint statistical source model to treat

all frequencies simultaneously. For faster convergence, inde-

pendent vector analysis based on auxiliary functions (Aux-

IVA) [5, 6] has been proposed, which eliminates the effect of

tuning parameters on the convergence speed by introducing

auxiliary functions that guarantee the monotonic decrease of

the objective function. However, the aforementioned meth-

ods perform better with static systems (meaning all sources

are static). In real situation, the speakers will move back and

forth. Thus, in such dynamic situations, these methods can

be employed in an adaptive way within small intervals dur-

ing which the mixture is approximately stationary. In [7],

researchers extend the batch-processing AuxIVA to an on-

line process for the autoregressive approximation of auxil-

iary variables. Although this online method can adapt the

speaker’s movement, the accuracy is not always so good be-

cause the movement range and the speed of the target source

change. Especially, the performance will degrade when the

source moves so quickly.

In recent years, the constant separating vector (CSV) mix-

ing model [8] has been proposed for moving BSE. It involves

both time-varying mixing parameters and time-invariant sep-

aration parameters, which effectively maintain the extraction

performance regardless of the speaker’s movement. Mean-

while, This model combined with the auxiliary function-

based independent vector extraction (AuxIVE) to accelerate

the convergence. However, CSV-AuxIVE [9] is an offline

algorithm, which is not suitable for some devices that re-

quire real-time processing, such as hearing aids and intel-

ligent speech assistants. In this paper, we propose an on-

line version of the CSV-AuxIVE model. Unlike the offline

algorithm, the proposed algorithm only needs to know part

of the mixed speech before the beginning of extraction, and

then process the input observed signals in a sequential man-

ner. Finally, we evaluated the performance of the proposed

algorithm in the experiment on dynamic two-speaker signals,

comparing with online AuxIVA [7].

2. Conventiomal method: CSV-AuxIVE
2.1 Blind Source Extraction

Let us first explain the BSS scheme assuming that there

are N sources recorded by M microphones. After the short-
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time Fourier transformer (STFT), let snk,l and xm
k,l denote the

STFT coefficients of the n-th source and the m-th micro-

phone, where k = 1, . . . ,K and l = 1, . . . , L represent the

frequency bin and time frame, respectively. In the frequency-

domain instantaneous mixture model, the relationship be-

tween the observed signal xk,l = [x1
k,l, . . . , x

M
k,l]

T ∈ C
M

and the source signal sk,l = [s1k,l, . . . , s
N
k,l]

T ∈ C
N can be

written as:

xk,l = Ak,lsk,l, (1)

where Ak,l stands for M ×N mixing matrix and (·)T denotes

the transpose. If M is equal to N , the inverse matrix of Ak,l

exists and is called separation matrix (Wk,l), so (1) can be

written as:

sk,l = Wk,lxk,l, (2)

For BSE, the task changes from separating each source to ex-

tracting a source of interest (SOI), so (1) can be rewritten as:

xk,l = ak,lsk,l + yk,l, (3)

where sk,l represents the SOI and yk,l represents the remain-

ing part of the mixture, which are independent of each other.

In general, we assume that the SOI corresponds to the first

source in sk,l = [s1k,l, . . . , s
N
k,l]

T ∈ C
N , implying that the

aboved source signal can be divided into sk,l = [sk,l, z
T
k,l]

T.

Consequently, the mixing vector ak,l is the first column vec-

tor in the Ak,l. Correspondingly, the separation vector wk,l

associated with the SOI is the first raw in the Wk,l, which en-

sures sk,l = wH
k,lxk,l. (·)H denotes the Hermitian transpose.

In this case, we limit the dimension of yk,l to a subspace of

dimension M − 1, so yk,l cannot be separated individually.

2.2 CSV Mixing Modeling
In the real situation, the mixing system is time-varying due

to moving sources. Let divide the observed signal into T short

intervals (blocks) based on time frames L. The length of each

block is Lb, which satisfies Lb = L/T . Each block can be

denoted by t ∈ {1, . . . , T}. In other words, for the observed

signal of each block, we consider the source is approximately

stationary and compute the corresponding mixing vector ak,t

and separation vector wk,t.

In the constant separating vector (CSV) mixing model, we

separate the mixing vector ak,l from the mixing matrix Ak,l

and can derive a extremely effective parameterization involv-

ing only the mixing vector associated with the SOI. It con-

siders that only the mixing vectors ak,l are block-dependent

(ak,t) while the separation filter wk,l are constant over the

blocks (wk). Specifically, for the t-th block, the mixing ma-

trix Ak,t in (1) has the structure [10] (we omit frame index

l = 1, . . . , L from here):

Ak,t = [ak,t,Dk,t] =

[
γk,t hH

k

gk,t
1

γk,t
(gk,th

H
k − IM−1)

]
. (4)

Similarly, the structure of separation matrix Wk,t is

Wk,t =

[
wH

k

Bk,t

]
=

[
β∗
k hH

k

gk,t −γk,tIM−1

]
, (5)

where γk,t is the scalar, IM denotes the M × M identity

matrix, the mixing vector ak,t can be divided into ak,t =
[γk,t, g

T
k,t]

T, and the seapration vector wk can be divided into

wk = [βk,h
T
k]

T. The CSV mixing model assumes that the

mixing vector ak,t and the distribution of source can vary

block by block, but the separation vector wk is constant be-

tween blocks. Combining the above equations and the rela-

tionship between the mixing matrix Ak,t and the separation

matrix Wk,t, it is easy to deduce that the relationship between

the mixing vector ak,t and the separation vector wk satisfies

wH
kak,t = 1 (called distortionless constraint), which means

that

β∗
kγk,t + hH

kgk,t = 1. (6)

In addition, the matrix Bk,t is called block matrix [9], which

satisfies Bkak = 0. The remaining signal source can be

represented by zk = Bkxk = Bkyk, where yk = Dkzk.

Therefore, for the t-th block, (1) can be rewritten as

xk,t =

[
γk,t hH

k

gk,t
1

γk,t
(gk,th

H
k − IM−1)

] [
sk,t
zk,t

]
. (7)

In the offline CSV-AuxIVE algorithm, the auxiliary func-

tion approach [5, 6] was used to update the separation filter

wk efficiently. Here, the filter wk is updated with several

iterations as follows:

wk =

(
T∑

t=1

Vk,t

σ̂2
k,t

)−1 T∑
t=1

wH
kVk,twk

σ̂2
k,t

ak,t = P−1
k Qk, (8)

where σ̂2
k,t denotes the variance of the source for the t-th

block and Vk,t is the weighted spatial covariance matrix.

3. Proposed method: Online-CSVAuxIVE

In [9], although the authors divide the observed signal into

several blocks in the frequency domain, the method does not

process each block separately. It means that we must know

all of the observed signals before extraction, which is called

offline CSV-AuxIVE algorithm. However, for some devices

that require real-time processing of signals, such as hearing

aids, multi-person online conferencing devices, the offline

CSV-AuxIVE algorithm may lead to high latency and is not

applicable. Therefore, to further improve the applicability of

this algorithm, this paper proposes an online version of the

CSV-AuxIVE algorithm, with the specific idea of processing

each piece of data sequentially and updating it to obtain a

different mixing vector ak,t for each of block. In this paper,
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Figure 1: Layout of experimental environment.

Table 1: The conditions of sources (range & speed)

Index Speed
Range (start angle → ending angle)

SOI (male) IR (female)

1 Static N/A 45◦ 135◦

2 Slow Small 35◦ → 55◦ 125◦ → 145◦

3 Fast Small 35◦ → 55◦ 125◦ → 145◦

4 Slow Large 0◦ → 90◦ 90◦ → 180◦

5 Fast Large 0◦ → 90◦ 90◦ → 180◦

6 Very Fast Large 0◦ → 90◦ 90◦ → 180◦

we call the original algorithm the offline CSV-AuxIVE model

and the proposed algorithm the online model.

In this paper, we introduce the recursive update in each

block to calculate Pk,t and Qk,t as:

Pk,t = αPk,t−1 + (1− α)
Vk,t

σ̂2
k,t

, (9)

Qk,t = αQk,t−1 + (1− α)
wH

k,tVk,twk,t

σ2
k,t

ak,t, (10)

where α is the forgetting factor. Pk.t and Qk,t are updated

after several iterations. The pseudo code is summarized in

Algorithm 1. For the proposed algorithm, there are three pa-

rameters that have a large impact on the results: the forgetting

factor α, the length of the blocks Lb, and the initial value set-

ting of the matrix Qk.

4. Experiment
We verified the effectiveness of online CSV-AuxIVE for

sources at different ranges and speeds, comparing with the

conventional online AuxIVA. The parameters of the com-

pared algorithms are:

(1) online CSV-AuxIVE with Lb = 150 frames and α = 0.3.

(2) online AuxIVA with Lb = 20 frames and α = 0.95.

4.1 Experiment conditions
The dataset is from Experiment 4.2 in [9]. The authors at-

tached wireless speakers to a manually driven rotating arm,

manually controlled the range and speed of movement of

Algorithm 1 Pseudo-code of online CSV-AuxIVE

Input: xk,t, Lb, α, Maxiter

Output: yk,t

1: (Initialization)
2: wk,0 = [1, 0, ..., 0]T ∈ C

m×n

3: Pk,0 = Rk,0 = 10−12 × Identity Matrix ∈ C
m×m

4: Qk,0 = Null Matrix ∈ C
m×n

5: for t = 1 → T do
6: (Enhancement)
7: yk,t = wH

k,t−1xk,t

8: [γk,t−1, g
T
k,t−1]

T = ak,t−1

9: yk,t = γk,t−1yk,t
10: (Updating)
11: for k = 1 → K do
12: Ĉk,t−1 = E[xk,t−1x

H
k,t−1]

13: end for
14: for Iter = 1 → Maxiter do
15: for k = 1 → K do
16: σk,t−1 =

√
wH

k,t−1Ĉk,t−1wk,t−1

17: end for
18: rt−1 =

√∑
k |wH

k,t−1xk,t−1|2
19: for k = 1 → K do
20: ak,t−1 =

Ĉk,t−1wk,t−1

wH
k,t−1Ĉk,t−1wk,t−1

21: Vk,t−1 = E[xk,t−1x
H
k,t−1/rt−1]

22: Pk,t−1 = αPk,t−2 + (1− α)
Vk,t−1

σ2
k,t−1

23: atmp =
wH

k,t−1Vk,t−1wk,t−1

σ2
k,t−1

ak,t−1

24: Qk,t−1 = αQk,t−2 + (1− α)atmp

25: Rk,t−1 = αRk,t−2 + (1− α)Vk,t−1

26: wk,t−1 = P−1
k,t−1Qk,t−1

27: wk,t−1 =
wk,t−1√

wH
k,t−1Rk,t−1wk,t−1

28: end for
29: end for
30: end for

the two sources, and recorded the mixed signals of the two

source signals in different states using four linear micro-

phones spaced 16 cm apart. The male voice represents the

SOI and the female voice represents the interference (IR). The

layout of the experimental environment is shown in Fig.1,

with two source signals moving on a semicircular trajectory

with a radius of 1 m.

From Table 1, it can be seen that each source signal has

6 different conditions, and after combining with each other,

there are 36 different mixed signals.

The signal-to-noise ratio (SDR) of segmentation followed

by averaging is used as a criterion for judging the perfor-

mance of the algorithm. SDR is calculated using BSS-

eval [11]. The length of the segments is 1 s. The experimental

conditions are shown in Table 2.
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Figure 2: Average SDR of 36 mixtures by online AuxIVA.

(Lb = 20, α = 0.95)

In
te

rfe
re

nce

static
small, slow

small, fast
large, slow

large, fast
large, very fast

Source of Interest

static
small, slow

small, fast
large, slow

large, fast
large, very fast

S
D

R
[d

B
]

0

2

4

6

8

10

Figure 3: Average SDR of 36 mixtures by online CSV-

AuxIVE. (Lb = 150, α = 0.3)

4.2 Results
We compare the SDR between online AuxIVA and online

CSV-AuxIVE using Figs. 2 and 3. As shown in Fig. 2, Aux-

IVA performs well only when the SOI is stationary. And

when the SOI starts to move, its performance decreases. On

the other hand in Fig. 3, online CSV-AuxIVE shows less sen-

sitivity to the movement of the SOI. If the SOI moves slowly,

online CSV-AuxIVE performs better than online AuxIVA re-

gardless of the movement of the IR. Forcusing only the con-

dition of the SOI movement as {Slow, Small}, CSV-AuxIVE

had about 1.5 dB higher SDR improvement than online Aux-

IVA regardless of the variation of the moving range and the

moving speed of the interference.

5. Conclusion

In this paper, for the moving BSE, we found a novel and

effective offline CSV mixing model. To make this algorithm

applicable to devices with the requirement of real-time pro-

Table 2: Experimental conditions

Sampling rate 16 kHz

STFT window function Hann

STFT window length 1024 samples

# of Iteration (Maxiter) 100

Initial value of Q Zero matrix

Initial value of P 10−12× Identity matrix

Room dimensions 12× 8× 2.6m

cessing, we have proposed an online version of the CSV-

AuxIVE algorithm. Unlike the offline algorithm, the pro-

posed algorithm needs to know only a part of the mixed signal

and then process the input observed signals sequentially. The

results confirmed that the average SDR of the online CSV-

AuxIVE was about 1.5 dB higher than that of the online Aux-

IVA under the same conditions of the target source, regardless

of the variation of the moving range and the moving speed of

the interference.
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