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Figure 3.13: Boxplots of SDR obtained by MPDR beamformer in di�erent situations:
unprocessed(B0), no rotation of the CMA (R0), without interpolation when the CMA
rotates (I0), with ordinary SFI when the CMA rotates(S1), CSM-LI when the CMA
rotates (L1), unes-SFI when the CMA rotates(U1), re-estimation of the �lter after
ordinary SFI when CMA rotates(S1-Re), and re-estimation of the �lter after unes-SFI
when CMA rotates(U1-Re)

rotation and the interpolated spectrograms fromS1and U1, and applied this newly de-

veloped MPDR beamformer to the interpolated spectrograms; the results were denoted

by S1-Reand U1-Re, respectively. These results provide insights into the performance

of online beamforming described in the next experiment.

The SDR and SIR results for di�erent scenarios with a standard deviation of error set

to 10° are presented in Figure 3.13 and Figure 3.14. As expected,B0 exhibits the lowest

SDR and SIR (0 dB), whereasR0 achieves the most signi�cant source enhancement

performance since the ATS remains time-invariant. Interestingly, theS1approach does

not perform as well as anticipated. In most environments,S1's SDR and SIR show

little di�erence from I0's SDR and SIR, and in some circumstances,S1's performance

is even inferior to I0's performance. These �ndings indicate that the previous SFI

method is ine�ective when the CMA undergoes rotation owing to the non-uniformity

of microphone spacing. In source enhancement using the MPDR beamformer, the
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Figure 3.14: Boxplots of SIR obtained by MPDR beamformer in di�erent situations:
unprocessed(B0), no rotation of the CMA (R0), without interpolation when the CMA
rotates (I0), with ordinary SFI when the CMA rotates(S1), CSM-LI when the CMA
rotates (L1), unes-SFI when the CMA rotates(U1), re-estimation of the �lter after
ordinary SFI when CMA rotates(S1-Re), and re-estimation of the �lter after unes-SFI
when CMA rotates(U1-Re)

previous interpolation provides only a slight improvement, and it is likely that a better

source enhancement can be achieved without employing the previous SFI method. In

contrast, the proposed method (U1) outperforms in both the case without interpolation

(I0) and that with the previous interpolation technique (S1and L1) by approximately

3� 9 dB and 2� 7 dB, respectively. Moreover, it approaches the performance of the

best-case scenario (R0), with a di�erence of less than 4 dB, regardless of the type of

simulated environment used. The unequally spaced interpolation method demonstrates

robustness to the non-uniform distribution of microphones on the CMA, signi�cantly

enhancing the array signal processing performance.

Furthermore, U1-Re performs similarly to U1, suggesting that unes-SFI can likely

improve online processing as well, with only a slight decline of less than 1 dB due to

the small mismatch between the covariance matrix estimated from the interpolated

spectrogram and the pre-estimated RTF. Conversely,S1-Re exhibits poor source en-
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hancement results, and is almost as ine�ective asB0. One of the main reasons for

such degraded performance is that the previous SFI method cannot precisely interpo-

late the spectrogram before rotation, resulting in a covariance matrix that is entirely

mismatched with the RTF.

3.4.4 Results of source enhancement with online processing

In this experiment, we propose the utilization of SFI for beamforming in an on-

line processing scenario, taking into account continuous dynamic changes in the ATS.

Online processing is designed to e�ectively handle minor variations in the ATS. As

outlined in Section 2.3.3, to achieve this objective, we introduce a common smoothing

factor denoted by� [64, 65], which enables the updating of spatial covariance during

online processing. Additionally, we use the matrix inversion lemma, particularly the

Sherman{Morrison formula [66{68], to alleviate the computational complexity asso-

ciated with the covariance inversion in the MPDR formulation. By employing these

techniques, we aim to increase the e�ciency and e�ectiveness of the beamforming pro-

cess in the presence of ATS variations.

It is noteworthy that the algorithm employed for online beamforming in this experi-

ment bears a similarity to that utilized in the previous research [43]. The experimental

conditions closely resemble those described in 3.4.1. However, there are some dif-

ferences as follows. Two source signals were utilized, each with a duration of 40 s.

Additionally, we simulated the impulse response with reverberation times of 100 ms

and 500 ms. The positions of the two sources were located at angles of 60° and 150°,

following the alignment shown in Figure 3.2. The frame length was set to 256 ms, and

a segmental SDR with a length of 1 s was employed to evaluate source enhancement

performance. For the smoothing factor� , we selected a value of 0:99, which has been
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Figure 3.15: Segmental SDR every1 s with M = 5 and 6 and RT60 = 100 ms and
500 ms, where the two vertical dashed lines indicate the time points when the rotation
started: 0° ) 20° ) 40°. B0 shows the mixture itself,R0 shows the case where rotation
does not occur,I0 and S1respectively show online processing without and with ordinary
interpolation, and U1 shows online processing with the unes-SFI.

empirically validated to produce the highest segmental SDR. To initializêV � 1
f , we

used the inversion of the covariance matrix over the �rst 10 frames. During the exper-

iment, the unes-CMA underwent two rotations: the �rst rotation commenced at 10 s,

progressing from 0° to 20°, and the second rotation began at 30 s, spanning from 20° to

40°. Notably, the unes-CMA did not instantaneously rotate at 10 s or 30 s but rather

underwent a gradual rotation at a uniform speed of 0:01° per time sample (equivalent

to 160° per second). This rotation speed aligns with the typical average rotation speed

for humans or humanoid robots. The observations in this experiment were generated

by concatenating the observations of the unes-CMA after rotating at di�erent angles

in the simulation.

Figure 3.15 presents the segmental SDR results obtained withM = 5 and 6, and

reverberation times of 100 ms and 500 ms. As shown, theR0 scenario, where the

unes-CMA does not rotate, consistently achieves the most e�ective source enhance-

ment performance. Surprisingly, unlike batch processing, theB0 method does not
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yield the lowest SDRs, contrary to initial expectations. TheS1 method exhibits the

poorest performance at about� 6 dB, sometimes even worse than theI0 method in some

scenarios. These observations clearly indicate that the previous SFI technique [42,43]

is entirely ine�ective when applied to an unes-CMA in online beamforming processing.

In comparison, our proposed method (U1), which achieved an average improvement

of 9 dB in SDR score, exhibits a signi�cantly improved performance compared withS1,

achieving results closest to the highest performance (R0) even in challenging environ-

ments with long reverberation time. This demonstrates the robustness and e�ectiveness

of our approach in the context of online beamforming processing.

3.5 Conclusions

In this chapter, we proposed a novel framework for rotation-robust beamforming on

an unes-CMA, building upon and extending prior research. By enhancing the sim-

ple SFI method, we developed the unes-SFI approach, incorporating a compensation

matrix and adapting the SFI technique. This framework e�ectively enables the trans-

formation of the time-variant ATS on an unes-CMA into a time-invariant ATS on

an es-CMA, allowing for the estimation of the unes-CMA signal before rotation and

achieving rotation-robust beamforming. We also conducted an in-depth analysis of the

compensation matrix's properties and the in
uence of the Nyqf component.

Through a series of comprehensive simulated experiments, we have systematically

evaluated the performance and robustness of the proposed interpolation framework

across several critical dimensions. First, we demonstrated that the framework achieves

high interpolation accuracy, successfully reconstructing before-rotation signals. Further

analysis con�rmed that the presence of Nyqf component has a signi�cant impact on

interpolation performance, thereby validating our theoretical analysis.
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The proposed framework also exhibits strong robustness. It maintains stable inter-

polation performance even under increasing error angles and shows resilience to inaccu-

racies in the estimated rotation angle. Channelwise SER evaluations further con�rmed

that the method provides notable improvements in signal estimation compared to pre-

vious approaches across a range of scenarios. Moreover, we investigated the in
uence

of microphone distribution on interpolation performance. The results indicate that

microphone con�guration plays a critical role in overall performance, highlighting the

need for future research to mitigate this dependency.

Finally, the proposed method demonstrated consistent improvements in downstream

array signal processing tasks, such as source enhancement using the MPDR beam-

former, further underscoring its practical e�ectiveness and adaptability for rotation-

robust processing.

However, the method has limitations that warrant further exploration. In this study,

we assume prior knowledge of microphone position errors, which may not be available

in practical scenarios. Investigating the application of SFI on an unes-CMA without

access to such information is a compelling research direction, which we aim to pursue

in the next chapter.





4 Generalized Sound Field

Interpolation with Unsupervised

Position Calibration

In this chapter, we introduce a novel method called Generalized Sound Field Inter-

polation (GSFI) designed to achieve rotation-robust beamforming using circular micro-

phone arrays (CMAs) with unknown microphone distributions. While the unequally

spaced SFI (unes-SFI) method presented in the previous chapter provides a robust so-

lution for non-uniform arrays, it relies on prior knowledge of the microphone positions.

This requirement limits its practical applicability in real-world scenarios where such

information is typically unavailable. To overcome this limitation, we propose a method

that integrates unsupervised calibration with the unes-SFI approach, enabling e�ec-

tive interpolation and beamforming for unequally spaced circular microphone arrays

(unes-CMAs) with unknown microphone positions.

Unsupervised calibration employs a novel iterative optimization technique to esti-

mate microphone positional errors without any pre-existing information about their

locations. This process iteratively adjusts the estimated positions, leveraging observed

data to converge toward an accurate representation of the microphone distribution on

the unes-CMA. Once the positional errors are determined, the unes-SFI framework can

reconstruct the target signal for the unes-CMA before rotation, e�ectively mitigating
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Figure 4.1: Conceptual diagram of GSFI. GSFI on an unes-CMA encompasses two
components: unsupervised calibration and unes-SFI.

the e�ects of rotation and microphone positioning errors.

Additionally, we reduce the computational complexity of the unsupervised calibra-

tion process by re�ning the cost function used during optimization. Simulation ex-

periments were conducted to assess the performance and robustness of the proposed

approach under various conditions. The results demonstrated that the method e�ec-

tively mitigates the adverse e�ects of unknown microphone placements. It achieved

substantial improvements in signal estimation before rotation and beamforming, out-

performing previous approaches and highlighting its potential for practical applications

in real-world scenarios.

4.1 Overview

The GSFI method is speci�cally designed to address the critical challenge of time-

variant Acoustic Transfer System (ATS) on a microphone array with an unknown

microphone distribution. As emphasized earlier, GSFI shares the same overarching

goal with the approaches introduced in Chapters 2 and 3: eliminating the need for

spatial �lter re-estimation following the rotation of a CMA.
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As illustrated in Figure 4.1, the GSFI framework for an unes-CMA consists of two

primary components: unsupervised calibration and unes-SFI. At the heart of this

framework lies the concept of unsupervised calibration, illustrated in Figure 4.2, which

involves iterative optimization of the error vector, � . This approach facilitates cali-

bration for each microphone using only the multichannel microphone signals, without

requiring any prior information about the microphone distribution.

Unsupervised calibration unfolds in three sequential steps:

ˆ Compensate for the angular deviation : An initial set of error values is

assumed, and one channel signal is designated as the reference signal. The re-

maining (M � 1) channel signals are treated as pseudo-observations. Then we

compensate for the angular deviations between each microphone, whose signal is

chosen as a pseudo-observation, and its corresponding microphone on a virtual

equally spaced (M � 1)-channel CMA.

ˆ Reference signal estimation via SFI : The signals from the virtual equally

spaced (M � 1)-channel CMA are interpolated using SFI to estimate the reference

signal.

ˆ Error vector optimization : The estimated reference signal is compared to the

actual reference signal, and the error vector,� , is optimized by minimizing a

prede�ned cost function that quanti�es the discrepancy between the two signals.

Once the error vector is obtained through this process, it can be seamlessly integrated

into the unes-SFI framework to reconstruct the before-rotation signal of the unes-CMA
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Figure 4.2: Conceptual diagram of unsupervised calibration. Unsupervised calibration
comprises three steps: compensate for the angular deviations, estimate the reference by
SFI, minimize the cost function to optimizee.

4.2 Formulation

In this section, we address the challenge of interpolation for a freely spaced unes-CMA

with an unknown distribution. Recognizing the physical constraints of practical appli-

cations, we assume that microphones cannot occupy identical positions simultaneously,

which ensures a valid array con�guration. Unlike the unes-SFI method, which relies

on precise knowledge of each microphone's position, our approach eliminates this re-

quirement. Instead, it operates with minimal prior information, necessitating only the

number of microphones in the array and the rotation angle, which can be readily deter-

mined [45,62,63], making GSFI more adaptable to real-world scenarios where detailed

positional information may not be available.

The observation obtained from the unes-CMA is represented by the same equation

as (3.1):

x (� ) =
h
x

�
2� �0
M + � 1

�
� � � x

�
2� (M � 1)

M + � M

� i T

: (4.1)

Given the unknown actual microphone distribution, we initially assume a distribution
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for the unes-CMA. To facilitate this assumption, we introduce a known error vector,

denoted ase =
h
e1 � � � eM

i T
, which is initially set to a zero vector to substitute for

the unknown actual error angle vector� . Consequently, usinge, the initial position of

each microphone is determined as

P (e) =
h
0 + e1

2� �1
M + e2 � � � 2� (M � 1)

M + eM

i T
: (4.2)

Subsequently, the process begins by partitioning the multichannel microphone sig-

nals into two distinct groups: the reference signal and the pseudo-observations. For

example, the signal from the �rst microphone channel is designated as the reference

signal, xref = x(0 + � 1), while the signals from the remainingM � 1 channels are

categorized as pseudo-observations, which are illustrated as

x psd(� ) =
h
x

�
2�
M + � 2

�
� � � x

�
2� (M � 1)

M + � M

� i T

: (4.3)

These pseudo-observations are treated as if they were recorded by an (M � 1)-channel

unes-CMA. Within this context, the initial step of unes-SFI is applied tox psd(� ), using

(3.6) and the positional information P (e) to compensate for the positional errors of

this (M � 1)-channel unes-CMA. As a result, the signal corresponding to a virtual

(M � 1)-channel es-CMA, denoted by

x psd(0) =
h
x(0) � � � x

�
2� (M � 2)

M � 1

� i T

; (4.4)

can be computed as

x psd(0) = UM � 1(ene1 )� 1x psd(� ); (4.5)

where ene1 denotes a vector that excludese1 from e, and the compensation matrix



78 4 Generalized Sound Field Interpolation with Unsupervised Position Calibration

UM � 1(ene1 ) is calculated as

UM � 1(ene1 ) =

2

6
6
6
6
4

v1
�

2� �1
M + e2 � 0

�

...

vM � 1

�
2� (M � 1)

M + eM � 2� (M � 2)
M � 1

�

3

7
7
7
7
5

: (4.6)

Here, vm (� n ) 2 C1� (M � 1) represents themth row of the rotation matrix UM � 1(� n ) 2

C(M � 1)� (M � 1).

Upon acquiring the equally spaced signalx psd(0), conventional SFI can be employed

to estimate the reference signal, expressed as

x̂ref = v1(e1)x psd(0): (4.7)

It is crucial to underscore that in this method, the computation ofUM � 1(ene1 ) and

v1(e1) is based on the assumed error vectore, rather than the actual error vector

� . This distinction arises becausee is the only accessible variable, while� remains

unknown.

The cost function can be de�ned as the di�erence between ^xref and xref , expressed

as follows:

L 1(e) = 10 log10

� X

t2f 1;:::;T g
f 2f 1;:::;F g

jx̂ref ;t;f � xref ;t;f j2
�

; (4.8)

where t and f denote the indices for the time frame and frequency bin, respectively,

while T and F represent the total number of time frames and frequency bands, respec-

tively.

Subsequently, we designate the signal from the second channel,x(2�=M + � 2), as

the reference and apply the same method described earlier to compute a new cost
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function, L 2(e). This process is repeated for allM channels, resulting inM individual

cost functions denoted asL 1(e); L 2(e); : : : ; L M (e), each corresponding to a di�erent

reference signal. By aggregating these cost functions, we construct a composite cost

function

L (e) =
MX

i =1

L i (e): (4.9)

Although L (e) does not lend itself to a closed-form solution, it is di�erentiable with

respect toe, enabling the application of backpropagation to estimate the error vector

� . To minimize L (e), we utilize gradient descent with the Adam optimizer [81] for

iterative optimization:

�̂ = arg min
e

L (e): (4.10)

Despite the nonconvex nature of (4.9), which allows for the existence of multiple local

minima, the function possesses a global minimum. Achieving this global minimum

through gradient descent can be challenging; the optimization process typically con-

verges to a local minimum that, while not the absolute lowest point, still demonstrates

e�ective performance.

Notably, this calibration approach avoids the use of deep neural networks. Instead, it

relies solely on framewise observations to optimizee. Once the estimated error vector

�̂ is determined, the unsupervised calibration process is concluded, and the previously

described unes-SFI can be employed to compute the �-rad-rotated signal:

x (� + � ) = UM (�̂ )UM (�) UM (�̂ )� 1x (� ): (4.11)

A key practical advantage of this method is its adaptability to real-world conditions.
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Since the non-uniform microphone distribution of an unes-CMA is typically static, the

error vector remains unique to the array. Consequently, unsupervised calibration is

required only once. The resulting estimated error vector̂� can be reused consistently,

eliminating the need for further optimization, even under changing environmental con-

ditions.

Finally, this process enables accurate estimation of the sound �eld as it would have

been recorded in its original, before-rotation state, without requiring the exact value

of � .

4.3 Modi�cation of cost functions

As previously discussed, calculating the �nal cost functionL (e) requires the compu-

tation of M individual cost functions, denoted asL i (e). For eachL i (e), the computa-

tional complexity is O(M 2 � T � F ). Thus, the overall time complexity for computing

L (e) is O(M 3 � T � F ).

In practical scenarios, the unsupervised calibration process, which estimates the error

vector �̂ , is a one-time operation. Oncê� is derived, the iterative optimization does

not need to be repeated, minimizing the impact of the computational cost associated

with calculating L (e). This ensures that the relatively high computational complexity

does not adversely a�ect the real-time applicability of the GSFI method. However,

there remains signi�cant potential for further reducing the computational burden of

L (e). Accelerating the estimation of the error vector would enhance the practicality

and e�ciency of the GSFI method in real-world applications.

In this subsection, we focus on the e�orts and advancements made to reduce the

computational complexity of the cost function. Since the complexity ofL (e) is pri-

marily in
uenced by two factors| M 3 (related to the number of microphones) and



4.3. Modi�cation of cost functions 81

T � F (related to the total number of time frames and frequency bins)|we address the

reduction in computational complexity from both of these perspectives.

4.3.1 Simpli�cation of the calculation of L (e)

The computational complexity of L (e), O(M 3 � T � F ), clearly highlights a major

drawback: as the number of microphonesM increases, the computational cost grows

cubically, which becomes impractical for arrays with a large number of microphones.

However, by carefully analyzing the structure of the cost functions, we can identify

opportunities to reduce this complexity while maintaining the accuracy of the opti-

mization process.

The computation of each individual cost functionL i (e) involves a complexity of

O(M 2 � T � F ), where the O(M 2) component is dominated by matrix multiplication

operations. For a given microphone array, where the number of microphonesM is

�xed, this component cannot be further reduced. Therefore, if the need to calculate

all M cost functions could be bypassed, the overall computational complexity forL (e)

can reach a theoretical minimum value ofO(M 2 � T � F ).

During the iterative minimization of the �nal cost function L (e) using the gradient

descent method, each individual cost functionL i (e) independently converges towards

its own local minimum. To reduce the computational burden, we propose selecting

only one of theM cost functions as the �nal cost function. This can be achieved by

identifying the most representative cost function based on its initial value and using it

for the entire optimization process, that is,

L (e) = L i (e); i = arg min
i 2f 1;:::;M g

L i (0); (4.12)
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where e is initialized to the zero vector. Once the representative cost function is

selected, it is used exclusively throughout the iterative optimization process. This ap-

proach eliminates the need to compute allM cost functions at every iteration, achieved

without compromising the accuracy or integrity of the unsupervised calibration process

and signi�cantly reducing the computational complexity of the overall optimization.

4.3.2 Simpli�cation of the calculation of L i (e)

In the aforementioned analysis, we highlighted that the value ofM in the compu-

tational complexity of L i (e) cannot be altered, and due to the matrix multiplication

operation, the computational complexity ofO(M 2) is also inevitable. Therefore, to

optimize the computational complexity ofL i (e), we must focus on reducing the values

of T (the total number of time frames) andF (the total number of frequency bins). As

highlighted, many time{frequency (TF) components in a sound signal|such as silent

segments in the time domain or low-power frequency components|do not contribute

signi�cantly to the cost function computation. Thus, leveraging a strategy that elimi-

nates these irrelevant components can substantially reduce computational requirements

without compromising performance.

To achieve this reduction, a binary maskB is applied to the TF representation of

the reference signal. This binary mask compresses the TF matrix by selecting only the

most relevant components based on a prede�ned threshold. The binary maskB can

be de�ned as:

B (t; f ) =

8
>><

>>:

1; if jxref ;t;f j � threshold

0; otherwise:
(4.13)
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Therefore, applyingB , components with magnitudes below the threshold are set to

zero, while those above the threshold are retained. After sparsi�cation, the calculation

of the individual cost function L i (e) is con�ned to the reduced set of TF components.

This signi�cantly decreases the dimensions of the TF matrix used in the computation.

The revised cost function is given by:

L i (e) = 10 log10

� X

(t;f )2 TF

jx̂ref ;t;f � xref ;t;f j2
�

; (4.14)

where 8(t; f ) 2 TF; B (t; f ) = 1 :

Here, TF is an ordered pair set composed of all TF index pairs (t; f ) retained after

sparsi�cation (B (t; f ) = 1).

By applying the binary mask B , the number of TF components involved in the

computation is reduced fromT � F to jTFj, where jTFj � T � F . Consequently, the

computational complexity of L i (e) (or L (e)) becomesO(M 2 � jTFj). This is substan-

tially smaller than the original complexity, O(M 2 � T � F ), especially for sparse signals,

resulting in faster computations for the cost function.

4.4 Simulated experimental evaluation

4.4.1 Setup

Dataset and preprocessing

We use the same methodology as described in Chapter 3 to construct the experimen-

tal dataset. From the SiSEC database [72], which o�ers high-quality speech recordings

sampled at a precision of 16 kHz, we curated a balanced dataset consisting of eight



84 4 Generalized Sound Field Interpolation with Unsupervised Position Calibration

distinct speech signals|equally divided between female and male speakers. To emu-

late the complexities of a reverberant environment, these speech signals were convolved

with room impulse responses (RIRs), following the same approach as in Chapter 3 and

enabling us to generate microphone signals with a reverberation time of approximately

100 ms. For a thorough analysis within the TF domain, we applied the STFT, using

a Blackman window of 64 ms length with a 1=8 overlap. To rigorously evaluate the

e�cacy of the proposed GSFI technique on unes-CMAs, we utilized anM -channel

unes-CMA with a radius of 0:05 m placed within a noise-free room to record sound

signals.

Simulated experimental setup for unes-CMAs

To emulate the inherent non-uniform distribution in practical scenarios, a stochastic

element denoted as! i (°), i 2 f 0; :::; M � 1g, was arti�cially imposed on each micro-

phone location. This variable! i adhered to a Gaussian distribution characterized by

a mean of zero and a standard deviation equivalent to
p

200°. Moreover, an addi-

tional layer of complexity was added by including an unknown error,� i (°), associated

with each microphone placement, rendering the actual distribution unspeci�ed. It is

pertinent to note that during the previous unes-SFI without the newly proposed unsu-

pervised calibration procedure, we could only assume! i to represent the angular error

because only! i was available and� i was unknown to us. However, the genuine angu-

lar error encompassed! i + � i . We hypothesized that such mismatches might impair

the performance of unes-SFI, yet the proposed GSFI method potentially alleviates the

detrimental impact of these unknown mismatches. The unknown mismatch error� i

also conformed to a Gaussian distribution, with a mean of zero and variances system-

atically spanning from (0°)2 to (
p

500°)2 in discrete steps of (
p

10°)2. It is crucial to
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Figure 4.3: Simulated environment during unsupervised calibration. One of the speech
signals (female) is placed at the position of0°, with the microphone array located at the
center of the circle.

emphasize that all introduced errors were independently and identically distributed,

ensuring statistical integrity. To fortify the robustness of our analytical framework, for

every speci�ed variance within the Gaussian distribution, a comprehensive set of 100

random samples was generated, thereby guaranteeing a rigorous and reliable statistical

evaluation.

As mentioned earlier, the advantage of GSFI lies in the fact that once the estimated

error vector is obtained through unsupervised calibration, there is no need for re-

calibration even if the acoustic environment changes, such as a change in sound source

signal or the relocation of the microphone array and sound source. In our experiments,
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Figure 4.4: Simulated environment for evaluation. The remaining seven speech signals
are positioned at30°; : : : ; 210°, respectively. There are four optional positions of the
microphone array, located at120°; : : : ; 210°. In the experiments to evaluate the per-
formance of GSFI, one speech signal and one position of the microphone array are
selected each time, resulting in 28 combinations. In the experiments to evaluate the
performance of source enhancement, two speech signals are chosen and mixed as the
observed signal, with the microphone array positioned at180°.

we selected a single speech signal from the dataset for unsupervised calibration. Ini-

tially, the sound �eld was simulated with the microphone array positioned as shown in

Figure 4.3. This setup was used to perform unsupervised calibration, thereby obtain-

ing the estimated error vector. To evaluate the performance of the interpolation and

the robustness of our method, we altered the positions of both the microphone array

and the sound source after the initial calibration. Despite these changes, the interpo-
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lation process utilized the error vector estimated from the initial placement depicted

in Figure 4.3. The new positions of the microphone array and sound source during

interpolation are illustrated in Figure 4.4. The simulation process was structured as

follows:

ˆ Initially, the sound �eld was simulated with the microphone array positioned, as

shown in Figure 4.3, and a single speech signal was used to perform unsupervised

calibration, yielding the estimated error vector.

ˆ Subsequently, the microphone array and sound source were relocated to one of

the new positions, as illustrated in Figure 4.4.

ˆ Finally, at these new positions, a new sound �eld was simulated after the mi-

crophone array rotated by � rads. This newly simulated sound �eld was then

used to estimate the observation signals as if they were captured at the original

reference position before rotation, with the rotational angle� = � �= 180° being

a known value.

Evaluation criteria

In our initial experiments to evaluate the performance of GSFI on unes-CMAs, the

experiments were conducted in a controlled scenario involving a single sound source,

ensuring that no sound sources were mixed. The performance assessment was based

on the same metric as introduced in Chapter 3, signal-to-error ratio (SER). We varied

the number of microphones,M , from 4 to 7 to examine the impact of array size on the

performance of GSFI. Additionally, we manipulated the rotation angle� to simulate

di�erent array orientations and assess the robustness of the method under varying

conditions.




