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Abstract—Blind source extraction (BSE) becomes particularly
challenging when the source of interest (SOI) is moving. Con-
stant separating vector-based independent vector extraction with
auxiliary function optimization (CSV-AuxIVE) uses a block-
varying mixing model and estimates a time-invariant separating
vector to extract the moving SOI. However, its performance
deteriorates when the number of microphones is limited. To
overcome this limitation, a switching mechanism was introduced
in SWCSV-IVE, allowing different separating vectors across time
blocks and frequency bins. Despite this improvement, SWCSV-
IVE still suffers from instability due to inter-state permutation
ambiguity. In this paper, we propose GC-SwCSV-IVE, a geo-
metrically constrained switching CSV-based IVE method that
incorporates geometric constraints (GC). By exploiting direction-
of-arrival (DOA) information of the SOI, GC-SwCSV-IVE guides
the optimization of switching separating vectors for improved
robustness. Additionally, we introduce a state regularization
technique to further enhance numerical stability during opti-
mization. Experimental results show that the proposed method
significantly improves both extraction performance and accuracy
across various microphone configurations.

I. INTRODUCTION

Blind source separation (BSS) is a fundamental technique
in acoustic signal processing [1], aiming to separate individ-
ual source signals from observed mixtures in scenarios with
multiple concurrent sources. A widely adopted approach is
independent component analysis (ICA) [2]-[4], which achieves
separation by maximizing the statistical independence among
the sources. For speech signals, frequency-domain ICA (FD-
ICA) [5] is commonly employed to handle convolutive mix-
tures with long room impulse responses (RIRs). However, FD-
ICA suffers from the inner permutation problem, caused by
the independent processing of each frequency bin. To address
this problem, independent vector analysis (IVA) was proposed
[6]-[8], which models higher-order dependencies across fre-
quency components to align sources consistently. However,
conventional IVA is limited to the determined case where the
number of microphones equals the number of sources and is
incapable of selectively extracting a specific source of interest
(SOI), due to the outer permutation problem.

To enable focused extraction of a single target source,
blind source extraction (BSE) has been developed to isolate
a single SOI, while treating all other signals as interference
or background noise. Independent vector extraction (IVE), a
specialized variant of IVA, achieves the extraction by lever-
aging the non-Gaussian nature of the SOI in contrast to an
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approximately Gaussian background [9], [10]. However, these
methods rely on a time-invariant mixing model [9], [10], which
limits their effectiveness when the SOI is moving. To address
this limitation, the constant separating vector (CSV) concept
was introduced into the IVE framework [11], resulting in the
CSV-AuxIVE method [12]. This approach allows the mixing
system to change across time blocks. Despite this improve-
ment, CSV-AuxIVE struggles when only a few microphones
are available, as estimating a single constant separating vector
that effectively spans the entire motion range of the SOI
demands more spatial degrees of freedom than the array can
provide.

To reduce reliance on the number of microphones, a switch-
ing mechanism [13]-[15] has been incorporated into IVE,
resulting in SWIVE [16]. SWCSV-IVE [17] represents an early
attempt to integrate this mechanism into the CSV model. It
extends CSV-AuxIVE by assigning multiple separating vectors
across time blocks and frequency bins. However, SwCSV-
IVE is hindered by the inter-state permutation problem [18],
where the extracted source may not consistently correspond
to the SOI across different block-frequency regions. This
inconsistency can prevent SWCSV-IVE from outperforming the
original method or achieving reliable extraction.

To address this issue, in this paper, we propose a geomet-
rically constrained switching CSV-based IVE (GC-SwCSV-
IVE), which incorporates direction-of-arrival (DOA) based
spatial information via geometric constraints (GC) [19]. Ge-
ometric constraints have shown effectiveness in both blind
source separation and extraction [20]-[23]. Building on this,
GC-SwCSV-IVE leverages prior knowledge of DOA of the
SOI to guide the optimization of switching separating vec-
tors, effectively mitigating the inter-state permutation issue.
Additionally, a state regularization technique is introduced to
enhance numerical stability, especially for states assigned to
fewer block-frequency regions. Experimental results confirm
that GC-SwCSV-IVE significantly improves both the extrac-
tion performance and accuracy across varying numbers of
microphones.

II. SIGNAL MODEL AND PROBLEM FORMULATION

Consider an acoustic scenario involving a target source
along with multiple interference and noise sources. A micro-
phone array with M elements is used to capture the signals. In
the short-time Fourier transform (STFT) domain, the observed



signals can be represented as
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where f =1, , Fandl =1, , L index the frequency
bins and time frames, respectively, F' and L denote the total
number of frequency bins and time frames, A; € CM*M
represents the mixing matrix, x;; € CM*! represents the
observed signals, Sy, is the SOI and z;; € CM-Dx!
represents the background signals.

To capture the time-varying mixing process resulting from
the movement of the SOI, we adopt a block-varying mix-
ing model, as used in CSV-based IVE methods [11], [12].
This model partitions the total L time frames into 7' (>1)
consecutive blocks, each containing L, = L/T frames, and
assumes that the mixing matrix remains constant within each
block but can vary across blocks. Mathematically, this model
is formulated as

Sy
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where t = 1,...,T denotes the block index, and Ay, €
CMxM represents the block-dependent mixing matrix. Based

on (2), the original time frame-based signals Sy ;_1)r,+'>
Zf (t—1)Ly+1'> a0d X ¢ (;_1), 41 can be reformulated as Sy 1/,
zg0, and x¢ 4 v, respectively, where I’ =1, ..., L; denotes
the frame index within the ¢-th block. Following the approach
in [9], one can parameterize the mixing matrix Ay, as
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where a;;, € CM*! denotes the block-dependent mixing
vector for the SOI, and Qy; € CMx>(M-1) represents the
mixing subspace associated with the background signals. Let
us assume that Ay is invertible. The corresponding block-
varying demixing model is given by
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where Wy ; = A;i
Similarly, the demixing matrix W ; can be parameterized

as
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where w; € CM*1 is the so-called constant separating vector,

assumed to be time-invariant across all frames, (-)" denotes
the conjugate transpose, and B ; € CM~1*M represents the
demixing submatrix for the background signals.

It is important to note that the above parameterization is
derived under the constraint that By ;ar; = Opr—1 [9], where
0,71 denotes the (M — 1) x 1 zero vector. The parameters
V§,ts h?, gy, and S} are introduced to simplify the derivation,
where (-)* denotes the complex conjugate, and Ip;_; is the

(M —1) x (M —1) identity matrix. With this formulation, the
SOI can be directly estimated as

Spar =wWixg o (6)

ITI. PROPOSED GC-SWCSV-IVE
A. Switching mechanism-based CSV model

The existence of a time-invariant separating vector generally
requires a large number of microphones to ensure sufficient
spatial degrees of freedom [12]; otherwise, the extraction
performance may degrade. To address this limitation, we
incorporate a switching mechanism [13]-[16] into the CSV
model, as proposed in our previous work [17], to mitigate
performance degradation in scenarios with a limited number
of microphones. With this mechanism, the mixing model in
(2) can be reformulated as
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where A(J ) denotes the mixing matrix corresponding to the
j-th state, 6V ft € {0,1} is a binary switching variable that

satisfies Z = (5(] ) = 1, the index 5 = 1,...,J represents the
switching state w1th J being the total number of switching
states. Based on the switching mixing model in (7), the
corresponding demixing system can be rewritten as
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where the demixing matrix W(Jt can be reparameterized,
following (5), as
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Consequently, the SOI can be estimated as
%wzwwﬁm% (10)

where the term Z )(W(J )) acts as a selector, choosing

the appropriate separatlng vector from the set {WSCJ ) }; for each
block-frequency bin. This allows different separating vectors
to model distinct time-varying characteristics across blocks,
instead of relying on a single separating vector as in the
original CSV model. As a result, the method relaxes the need
for a large number of microphones.

B. Probabilistic model

To incorporate prior DOA information into the optimization
of the switching separating vectors, we adopt the maximum a
posteriori (MAP) principle to derive the cost function [20].
Assuming that the observed signals are independently and
identically distributed (i.i.d.) across all frequency bins and time
frames, and that Sy, and z;,; are mutually independent,
we derive the negative MAP-based cost function. This cost is
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averaged over the blocks assigned to w;j ) for 1 <j<Jand
is given by
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where T(j ) = ZtT (5(j ) represents the number of time

blocks a551gned to wgf ) E[-] denotes the expectation over

time frames within the ¢-th block, p(Sy.;/) and p(zy, ;) are
the probability density functions (PDFs) of the SOI and back-

ground signals, respectively, and p(w ;)) represents the prior

distribution of the separating vector from W;jz as we focus

only on modeling the prior of the SOI. Note that the first two
terms of (11) correspond to the negative log-likelihood (NL).
The background signals are assumed to follow a zero-mean
circular complex Gaussian distribution, i.e., p, ~ CA(0,C,),
and C, is the covariance matrix of zs ;. The PDF of the SOI
is given by

Sftl’ -2
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where a?t is the block-varying variance of Sy, which

is unknown but can be aé)grommated by the sample-based

variance J]%t = Z 5ft( )HC w(j) with Cy; =

E[xf,@l/xf’tyl,] being the covarlance matrix of Xy, and f(-)

is assumed to be a PDF modeling a time-varying Gaussian

variable, enabling the switching mechanism across frequency

bins. This formulation differs from that in [12] and is expressed
|Sperl®

as
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where 7, ;- is the time-varying variance of Sy /G ;.
Permutation inconsistencies arise when different separating
vectors from the set {w;j )}j are applied across frequency
bins and time blocks, leading to ambiguity in the extracted
signal, i.e., it may correspond to either the SOI or one of
the background signals. This ambiguity negatively impacts
separation performance. While CSV-AuxIVE aims to estimate
a single separating vector that covers the entire movement
range of the SOI, our approach instead guides the optimization
of multiple separating vectors, encouraging each to produce
strong beam responses within that range after switching. To
achieve this, we introduce a prior in (11) that constrains the far-
field responses of the switching separating vectors at specified
DOAs. We refer to this prior as the GC, which is defined as
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where A\gc is the weight of GC, ® is the set of steering di-
rections, d¢ 4 is the steering vector corresponding to direction
¢, and cg4 is a non-negative constraint. A value of c4 > 1
indicates signal enhancement from direction ¢, while smaller
values correspond to suppression. Since the objective is to
preserve only the SOI, we set ¢, = 1 within the angular range
of the SOI, which is assumed to be known (i.e., the start and
end directions of the movement of the SOI are given). The set
® = {¢1,...,¢p} consists of p uniformly spaced directions
covering this range. Note that each direction in ® is weighted
equally, as the precise trajectory of the SOI is unknown.

By substituting the assumed PDFs of Sy, and zy;  into
(11), we derive the final cost function, given by
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C. Optimization algorithm

Since (15) does not have a closed-form solution, we employ
a coordinate descent algorithm [24] to minimize it by itera-
tively updating each parameter set: S, R, A, W, and D, while
keeping the others fixed. Proper initialization is particularly
important for updating WV with the switching mechanism [18].
As illustrated in Fig. 1, we first describe the initialization
strategy, followed by the parameter update procedure.

1) Initialization: We begin by applying GC-CSV-AuxIVE,
a geometrically constrained extension of CSV-AuxIVE [23],
which uses the same DOA information as our proposed
method. This is used to update {w}; over K iterations. The
separating vectors {w;] )} ¢ for each switching state j are then
initialized with the resulting values of {w}. The switching
weights D are initially assigned random values in the range
[0,1], and are later binarized during the update process.

2) Update of S and R: The sample-based variance &)2% is
updated as

52, Zé(” ey w. (17)
Then, rg;p is updated as
2
J
e 8 | g
Tl ) (18)
Uf,t
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(update K iterations)

Employ switching mechanism
(update the remaining iterations)

Fig. 1: Flowchart of the GC-SwCSV-IVE Optimization Proce-
dure.

To prevent the frequency permutation problem during the
subsequent update of W, we adopt a frequency-independent
source model [15] and define 7, as

F
1
T ;1 T (19)

3) Update of A and VW : To ensure reliable estimation
of w(fj ), the parameter vectors are subject to a distortionless
constraint and an orthogonality COIldlthIl Sg)emﬁcally, we im-
pose the distortionless constraint Z =1,
along with the orthogonality Constralnt [12] Wthh assumes
that the SOI is uncorrelated with the background signals,
ie., E[if,t,l/gf,t,l’] = 0,7_1. By combining these constraints,
the expression for ay; as a function of w;j )
following the method in [9], yielding

can be derived
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Next, we isolate the terms in (15) that depend solely on w;j )

and deduce their derivative with respect to (w;j ))H

T
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where Vi, = E[(xz¢0x!, ) /7e00].

By treating the terms (W;J))HVf)tWEcj) and 67, as con-
stants, we can solve the linearized equation obtained by setting

(21) to zero. The resulting solution is given by

T 5(5)
1 5f.tVf7t
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4) Update of D: To update the switching weights D, we
assign & f] ) =1 to the state J that minimizes the cost function
in (15), for each frequency bin and time block. The update
rule for § fjt) is given by

, 1, if j =argmin Jy G )(0(] )
09 Iz I (23)
0, otherwise

Note that in updating 6 (@ ) , the second, third, and fourth terms
in (16) are 1gn0red and the GC term is omitted as it does not
depend on (5 j . Once &Y ft is updated, the SOI is estimated
using (10).

D. State regularization technique
Due to the instability in the distribution of 5)(? t) across differ-

ent time blocks at each frequency bin, the value of T}j ) in (22)
can become very small, or even approach zero, which may lead
to numerical instability during the update process. This issue
was observed in our preliminary experiments, highlighting the
need for caution to avoid potential division-by-zero errors.

Inspired by a related work in [16], we rewrite the first term
in (15) as

J F

F(®)=2. 2. 7
j=1 f:l t=1

where (3% )9 = 5 + Astate and (T/)(]) = Zt 1(6%, )

with Ag,e being a small positive regularlzatlon term introduced

to stabilize the state assignment. In the proposed method, we
set

~

1
i for J > 1. (25)
For states spanning many time blocks, the regularization term
has a minimal effect on the cost. Conversely, for states with
fewer assigned time blocks, this regularization allows the
unassigned block-frequency bins to exert a mild influence
on optimizing their corresponding separating vectors, thereby
improving numerical stability. By incorporating (24) in the
final cost function (15), only minor adjustments to the original
optimization algorithm are required, i.e., we replace (d’ )(j)

with 5 t in (20) and (22), and replace (T’ )@) with T(J )
22). Flnally, (17) and (18) are modified as

o SO w G w
ht 1+ J Astate ’
T (6,09 (WP |
Zj: ( ) ( ) Xftl
Uf t(l + J)\state)

Note that the binary switching weights are still used to
estimate the SOI.

)\state =

(26)

Trl 27)

IV. EXPERIMENTS
A. Experimental setup

We create 20-second speech signals with a sampling rate of
16 kHz by concatenating speech clips from the CMU ARCTIC
dataset [25]. The signal from the male speaker bdl serves as the
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TABLE I: Average SDR (dB), SIR (dB), and extraction accuracy under different numbers of microphones.

Method Iy M=3 | M=4 \ M=5 \ M=6
| | SDR SIR  Acc. | SDR SIR . | SDR  SIR . | SDR  SIR  Acc.
CSV-AuxIVE [12] - | 494 6.68 90.5% | 6.09 8.72 93.8% | 6.68 9.78 94.8% | 6.81 10.19  94.8%
SwCSV-IVE [17] 2 | 535 7.31 92.3% | 6.81 9.81 95.0% | 7.51 11.02 963% | 7.73 11.56 98.0%
SwCSV-IVE [17] 3 | 549 7.56 92.5% | 6.70 9.66 96.0% | 738 1082 963% | 7.78 11.60 97.0%
GC-CSV-AuxIVE [23] | — | 5.74 7.89 958% | 7.08 1022 973% | 722 1048 96.5% | 7.45 11.04 96.0%
GC-SwCSV-IVE 2 | 712 1035 995% | 830 12.62 100% | 8.58 1341 99.8% | 894 13.75 100%
GC-SwCSV-IVE 31736 1023 998% | 849 12.08 100% | 879 1291 100% | 9.32 1351 100%
SOL while the female speaker s'lt serves as a single 1nFerference 6.0 m o Height: 3.0 m
source. Background noise is simulated using recordings from ; 80°
the cafe (CAF) environment in CHiME-3 [26], modeled as 120022 -=""®~ 0o
point sources. The mixing setup, illustrated in Fig. 2, features 150° e ‘0\5
. / "
the SOI moving between 80° and 120° at a constant angular ¢ 1.5m * o
. . . ' \
speed of 8°/s, the interference fixed at 50° with an input SIR 1700 4 ’ 20
. . cer o e} v N
being 0 dB, a.nd the noise sources p051t19ned at 20°, 150° and o ogho0n - - - ! @ : SOI (moving)
170°, respectively with an input SNR being 10 dB, where the 2.0 cm ® : interferer (fixed)
noise power is the sum of the variances of the three noise : : noise (fixed)
R K # of microphones: 3 to 6 )
signals. We use the image method [27] to generate RIRs for o : microphone
a room of size 5 x 6 x 3 m. Mixed signals with a moving 50m

source were generated using the signal generator!. The
reverberation time, T, was set to 200 ms. To obtain signals
in the STFT domain, a 512-sample (32 ms) Hanning window
with a 128-sample (8 ms) shift was applied.

We compare four CSV-based IVE methods in our exper-
iments: CSV-AuxIVE, SwCSV-IVE, GC-CSV-AuxIVE, and
the proposed GC-SwCSV-IVE. Each time block consists of
Ly = 100 frames. As introduced in Sec. III-B, the GC weight
is set to A\gc = 0.2, and the number of constrained DOAs
is p = 6, with ® = {80°, 88°, 96°, 104°, 112°, 120°} in
(14). The switching weights D are randomly initialized within
the range 1 & 10~3 and normalized such that ijl 6](32 =1
After initialization, these weights are updated to binary values.
All methods perform 50 iterations of the separating vector. For
SwCSV-IVE and GC-SwCSV-IVE, the first K = 25 iterations
serve as initialization, followed by switching vector updates
in the remaining 25 iterations. Finally, the estimated SOI is
obtained and scale ambiguity is resolved using projection back
[28].

To evaluate the proposed methods, we use the BSS-EVAL
toolbox [29] to compute SDR and SIR, using the clean signals
of the SOI and interference as references. Performance is
assessed in a block-wise manner to capture temporal varia-
tions in extraction accuracy. Each 20-second output signal is
divided into 20 non-overlapping 1-second blocks. A block is
considered correctly extracted if its SIR with respect to the SOI
exceeds that with respect to the interference; otherwise, it is
marked as incorrect. The accuracy for each signal is computed
as the average of these block-level decisions. This evaluation is
repeated over 20 test speech signals. We report the mean SDR,
SIR, and accuracy (Acc.) across all utterances for uniform
linear arrays with 3, 4, 5, and 6 microphones, respectively.

Thttps://www.audiolabs-erlangen.de/fau/professor/habets/software/
signal-generator

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC)

Fig. 2: Simulation layout for signal mixing.

B. Experimental results

Table I presents the extraction performance and accuracy
of all methods across different numbers of microphones, i.e.,
different values of M. When the number of microphones
is limited, such as when M = 3, SWCSV-IVE can only
offer slightly better average performance than CSV-AuxIVE,
which is considered unsatisfactory due to the limited gains
resulting from the inter-state permutation problem. In contrast,
the proposed GC-SwCSV-IVE consistently delivers substantial
improvements. Compared to GC-CSV-AuxIVE, which does
not utilize a switching mechanism, GC-SwCSV-IVE achieves
over 1 dB higher SDR, over 2 dB higher SIR, and nearly 100%
accuracy across all microphone configurations.

Notably, the SDR and SIR achieved by GC-SwCSV-IVE
with M = 3 are close to those of GC-CSV-AuxIVE with
M = 5. This suggests that the switching mechanism can
partially offset performance degradation caused by a smaller
number of microphones. Furthermore, increasing the number
of total switching states J from 2 to 3 in GC-SwCSV-IVE
leads to improved SDR, although a slight drop in SIR indicates
minor interference leakage. In contrast, increasing the value of
J in SWCSV-IVE without spatial guidance does not necessarily
improve the SDR, reflecting the potential risk of introducing
more distortions.

Additionally, we vary the number of constrained DOAs (i.e.,
the value of p) in the GC framework to assess its effect
on extraction performance and accuracy, and the results are
presented in Fig. 3. As seen, GC-SwCSV-IVE consistently
outperforms GC-CSV-AuxIVE across different values of p,
and it can approach or reach 100% extraction accuracy in all
cases. The advantage becomes more evident when p is smaller.
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Fig. 3: Effect of the number of constrained DOAs on source
extraction performance and accuracy. Condition: M = 6.

This demonstrates that GC-SwCSV-IVE is capable of handling
complex source movements and maintains robust performance
even when the assumed range of DOAs deviates from the
actual source trajectory.

V. CONCLUSIONS

In this paper, we propose GC-SwCSV-IVE, a method that
integrates GC with a state regularization mechanism to address
the instability of SWCSV-IVE. Experimental results demon-
strate substantial improvements in both extraction performance
and accuracy compared to several baseline methods across
varying numbers of microphones. Furthermore, the results
highlight that the switching mechanism effectively reduces the
reliance on a large number of microphones in CSV-based IVE
methods.
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