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ABSTRACT

Speech communication involves the exchange of information between two or more individuals;
however, background noise and reverberation often degrade speech clarity and intelligibility.
The impact of these degradations depends on factors such as the number, intensity, and spatial
characteristics of noise sources, as well as reflections from surrounding surfaces. These effects pose
significant challenges for applications including teleconferencing, hearing-aid devices, and human-
machine voice interfaces. This study aims to address the combined effects of background noise and
reverberation by proposing a speech enhancement framework that integrates Minimum Variance
Distortionless Response (MVDR) beamforming with a Coherent-to-Diffuse Power Ratio (CDR)

based post-filter. The methodology relies on

parallel processing, where MVDR beamforming

ARTICLE INFO

Article history:

Received: 04 August 2025
Accepted: 04 February 2026
Published: 17 April 2026

DOI: https://doi.org/10.47836/pjst.34.2.15

E-mail addresses:

suresh45619@gmail.com (Sureshkumar Natarajan)
khair@upm.edu.my (Mohd Khair Hassan)
kamil@upm.edu.my (Raja Kamil)
faisul@upm.edu.my (Faisul Arif Ahmad)
syaril@upm.edu.my (Syaril Azrad)
macleans30june@gmail.com (June Francis Macleans)
hussnaa@hotmail.com (Hussna Elnoor M. Abdalla)
nursp81@gmail.com (Nurbek Saparkhojayev)
sar@upm.edu.my (Syed Abdul Rahman Al-Haddad)
* Corresponding author

e-ISSN: 2231-8526

performs spatial noise suppression, while CDR
values are estimated from microphone-domain
signals and used to compute post-filter gains
for suppressing residual diffuse noise and
reverberation in the beamformer output. The
proposed algorithm was evaluated over an
input signal-to-noise ratio range from 0 dB
to 40 dB and compared against the Integrated
Sidelobe Cancellation Linear Prediction (ISCLP)
baseline using four objective metrics: Perceptual
Evaluation of Speech Quality (PESQ), Extended
Short-Time Objective Intelligibility (ESTOI),

© Universiti Putra Malaysia Press



Sureshkumar Natarajan, Mohd Khair Hassan, Raja Kamil, Faisul Arif Ahmad, Syaril Azrad, June Francis Macleans,
Hussna Elnoor M. Abdalla, Nurbek Saparkhojayev, and Syed Abdul Rahman Al-Haddad

Cepstral Distance (CD), and Weighted Spectral Slope Distance (WSS). The results demonstrate
consistent improvements in PESQ and reductions in CD and WSS across all tested conditions,
while gains in ESTOI remain modest. These findings indicate improved spectral fidelity and
speech naturalness, highlighting the practical relevance of the proposed framework for real-time,
low-complexity speech enhancement in noise and reverberation-prone communication systems.

Keywords: Acoustics, CDR, dereverberation, MVDR beamformer, noise suppression, speech enhancement

INTRODUCTION

Various speech-based application devices, such as voice-controlled robotics and day-to-day
use of hands-free mobiles, process the signal captured by the microphone. Furthermore,
the speech recognition and speaker recognition systems also depend on the quality of
the microphone recorded signal, where the speech signal is often contaminated with
both background noise and reverberant signal, which cannot be directly used for speech
application devices. Hence, the requirement of a speech enhancement algorithm is crucial
and essential, which filters the unwanted component and thus aims to enhance the quality
and clarity of the speech. Over the years, there has been tremendous advancement in the
development of various speech enhancement algorithms, right from the traditional speech
enhancement, such as spectral subtraction and Wiener filter, to modern deep learning-based
speech enhancement algorithms, which are driven by data (O’Shaughnessy, 2024). Despite
these advancements, the same clarity of signal uttered by the source speaker will not reach
the receiving end of the speaker due to the surrounding background noise and reverberation,
which distorts the source signal (Beutelmann & Brand, 2006). To tackle these issues and
to strengthen the desired speaker utterance, multi-microphone techniques using spatial
filtering effects were extensively investigated (Delcroix et al., 2015; Habets & Benesty,
2013). Another technique based on a recursive Kalman filtering framework was proposed
by Cohen et al. (2021), specifically designed to deal with both reverberation effects as well
as interfering sources. The two most fundamental ideas used in modern multi-microphone
speech enhancement systems are the spatial filtering concept and deconvolution.

The spatial filtering was usually realised using multiple microphones, which is called
the beamforming technique, which is basically used to enhance the desired speech arriving
from a particular direction and suppress the interfering sources arriving from other unknown
directions. Beamforming, in general, is more successful in removing directional sources
arriving from outside the region of interest as compared to reverberated signals. Among
various types of beamforming techniques, the MVDR beamformer is known to be a widely
used technique as it offers better improvement in speech intelligibility and clarity in a
complex noise environment (Cauchi et al., 2015). Some other techniques which integrate
a linear prediction framework with a beamforming method have also shown improvement
in obtaining signal clarity within reverberant conditions (Yang et al., 2022).
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There have been some efforts taken to integrate noise reduction with dereverberation,
which has led to the advancement of hybrid techniques. For example, combining pre-
whitening and Generalised Sidelobe Canceller (GSC) beamformer helps to enhance the
desired speech by removing reverberation (Dietzen et al., 2015). Similarly, fusion based
technique was employed to deal with both noise suppression and reverberation, which uses
Multichannel Linear Prediction (MCLP) and GSC within a Kalman filtering framework
(Dietzen et al., 2018). Another technique that uses a cascade approach that employs a
Multiple-Input Multiple-Output (MIMO) based Weighted Prediction Error (WPE) algorithm
is used as a preprocessing stage, followed by Minimum Power Distortion Less Response
(MPDR) beamforming to simultaneously tackle both reverberation and background noise
(Delcroix et al., 2015).

The recent studies have indicated that further enhancement of the signal can be obtained
as compared to the cascaded approach. A study has shown Weighted Power Minimisation
Distortion Less Response (WPD) beamformer, which jointly optimises the convolutional
WPE filter and MPDR beamformer, yielded in superior performance (Nakatani &
Kinoshita, 2019a). Extension to this model was carried out by including the application
of sparse priors to further refine the WPD beamformer’s performance (Gode et al., 2021).
To obtain effective enhancement of the signal, an adaptive version has been introduced
which uses RLS-WPD and the recursive WPD approach to simultaneously suppress both
background noise and reverberation (Nakatani & Kinoshita, 2019b). One more interesting
approach was introduced in recent times called the Weighted Binaural Linearly Constrained
Minimum Power (wWBLCMP) beamformer, which has shown the ability to jointly handle
background noise, dereverberation and other interfering sources while maintaining binaural
cues. This enhancement was achieved by extending the WPD formulation by combining
the optimisation of the convolutional WPE filter with the Linearly Constrained Minimum
Power (LCMP) beamformer (Gode & Doclo, 2023).

Although the proposed work is based on traditional non-deep learning (DL) based
methods, in recent years, there has been a lot of work-based DL-based algorithms that have
shown tremendous advancement in enhancing the desired speaker speech. For instance,
an attention-based MVDR beamforming architecture (ABIC-MVDR) was introduced by
Bai et al. (2025) that integrates spatial covariance matrix estimation with In-Place Gated
Convolutional Recurrent Networks and frequency-independent LSTM modules. They
employed an end-to-end design that yields a significant improvement in challenging
conditions, including the movement of the speaker and varying acoustic environments.
In another study, the MVDR beamforming technique was employed within a U-Net
architecture to obtain multichannel speech in severe noise and a reverberant environment
(Lee et al., 2024). A deep beamforming framework proposed to jointly enhance speech
signals and localise target speakers by learning spatial filtering directly from multichannel
data, which uses a convolutional recurrent network for training (CRN) (Chang et al., 2024).
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A lightweight two-stage CRN was proposed for the hearing aid application that uses a
microphone array for enhancing the speech signal (Xi et al., 2024). A WPD beamforming
approach was proposed to jointly perform dereverberation and denoising, where the unified
filter is estimated using a deep neural network (Fujita et al., 2024). A detailed systematic
review that uses 187 studies highlighted the impact of various deep learning-based
techniques, such as CNN, LSTM, and many more, for developing a speech enhancement
algorithm to improve the quality of the speech signal, and the study also discussed speech
enhancements based on beamforming techniques (Natarajan et al., 2025). In another
study, which specifically discussed the impact of the beamforming technique related
to enhancement in the study, this review mainly discussed the comparison of various
techniques with the beamforming approach, which has shown an effective method in
enhancing the clarity of speech in a far-field microphone captured signal (Natarajan et
al., 2023).

Furthermore, Huang et al. (2025) have conducted a comprehensive review based on
microphone array processing. The author has shown tracing evolution from the traditional
beamforming approach to the latest advancement of the spatial filter using the DL approach.
Although a notable performance gain through the use neural-based beamforming technique
can be found to be better as compared to a traditional statistical-based approach. However,
DL methods often rely on a huge amount of data, which eventually results in increasing the
computational complexity, and they are less interpretable. Due to this fact, it is more often
preferred to use a non-DL method as it is easier to carry out interpretation and analysis,
which helps to address the issues. Due to these practical considerations, a traditional-based
approach was employed in this work.

The CDR is one of the well-known techniques capable of suppressing the reverberant
components (Schwarz & Kellermann, 2015). Using the idea of the CDR technique, an
algorithm was developed recently that uses CDR as a preprocessing and the CDR output
is fed to a recursive least squares (RLS) adaptive filter to remove noise without depending
on an explicit noise reference signal (Natarajan et al., 2024). However, it is a known fact
that CDR alone cannot be effective when recording is carried out in an environment where
multiple speakers talk simultaneously. To handle multiple speakers talking scenarios, the
MVDR beamforming method serves as one of the effective techniques in enhancing the
desired speaker's speech by isolating the interfering speaker signal and helps to mitigate
some reverberant components.

The idea is to take advantage of using both techniques by proposing a hybrid approach
that will help to suppress the remaining residual reverberant component that exists at the
output of the MVDR beamformer. In this work, a noise-corrupted signal will be processed
by both the MVDR beamformer as well as CDR estimation block in parallel, and later
the CDR output will be used as SNR value which in turn calculates the gain values of the
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CDR is later used as CDR gain as a post filter to obtain the final output where the MVDR
beamformer output is multiplied with the post-filtered gain value. In this proposed work,
the aim is to suppress the babble noise and reverberation effectively as compared to the
baseline ISCLP algorithm, using the same experimental conditions (Dietzen et al., 2020).

RELATED WORK

Speech enhancement algorithms play a crucial role in enhancing the quality and clarity
of speech by reducing background noise in a challenging acoustic setting (Shankar et al.,
2021). Single-channel techniques are the simplest and easiest to use in the system, as they
depend solely on the spectral and temporal characteristics of a corrupted signal to estimate
clean speech. However, their performance was limited because they do not employ spatial
information, and their performance will be affected severely, specifically in a complex
acoustic setting where the impact of residual noise and speech distortion is more significant
(Shankar et al., 2021). To tackle these issues, the Modified Noise Reduction Method
(MNRM) was proposed by Kumar and Chitra (2022), which was built upon the traditional
Wiener filtering framework. This method succeeds in enhancing the speech by suppressing
the noise where Wiener gain was calculated before and after SNR-based filtering, and it
incorporates a decision-directed strategy that uses a twin-stage suppression mechanism
approach. This approach has shown more resilience in practical applications. However,
the performance of the MNRM method still depends on estimating the value of power
spectral densities (PSDs) of clean speech and noise, which is one of the biggest challenges
to accurately determine the PSD values under real-time and non-stationary scenarios. In a
related work, the Wiener gain was determined by considering both noise and reverberation,
and the gain was obtained using estimates of both SNR and CDR (Xiang et al., 2025).

In contrast, the use of microphone array processing was preferred over single-channel
as it uses multiple microphones to capture spatial diversity and it offers better noise removal
capability to yield higher performance over single-channel-based techniques, specifically
when sources are arriving from different directions, and also it helps in handling diffuse
noise sources or non-stationary signals (Song et al., 2021). Multi-channel processing
allows for the spatial filtering, which ensures the isolation of the desired speaker's speech
from non-desired speech. However, it is difficult to deal with when the sources are moving
simultaneously because the impact of overlapping spectral content and frequent directional
changes in real-time will be greater, which will reduce the performance of spatial filtering.
Traditional algorithms such as multichannel Wiener and Kalman filters have been adopted
for use in the multichannel domain, but they cannot produce distorted output speech signals
when the estimation of noise power is inaccurate (Dietzen et al., 2020). Recently, Thimmraja
etal. (2022) extended the spectral subtraction (SS) algorithm approach by combining phase
information between the noisy speech and the noise model. This modified approach has
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shown some improvement in cross-term estimation in the gain function, which in turn
helps to align these modified to perform more closely to that of minimum mean square
error (MMSE)-based filtering, and the results of this method have shown better musical
noise suppression and better performance despite adverse noise conditions, specifically
at low SNRs.

Research using an adaptive beamforming approach has shown significant advancement
due to the requirement of robust performance in reverberant or uncertain acoustic settings.
Zhao et al. (2020) focused on adaptive strategies to address the challenges, such as
steering vector mismatches, statistical estimation errors, and late reverberation. To tackle
the steering vector model uncertainties, the norm-constrained optimisation technique was
introduced first, which results in improving the robustness against directional mismatches
and multipath effects. Spatial smoothing was employed as the second step to stabilise the
estimation of the noise covariance matrix, which results in reducing the diffuse interference.
This method has shown notable performance improvement in terms of PESQ and
STOI metrics as compared to the standard beamforming approach (Zhao et al., 2020).

In the last few years, there have been significant advancements in DL-based
multichannel speech enhancement approaches as they learn the complex pattern of spatial
details and help to determine the spectral relationship from the data. Some of the neural
network-based approaches, such as the Gated Convolutional Recurrent Network (GCRN)
proposed by Tan and Wang (2019), and the Deep Path Convolutional Recurrent Network
(DPCRN) introduced by Le et al. (2021), which focused mainly on spectral mapping by
considering each microphone channel as an independent input signal. Although these
approaches have proved to be effective, especially for spectral modelling, they often neglect
the important spatial dependencies between the microphone channels. To tackle these
issues, Liu and Zhang (2021) developed the In-Place Gated Convolutional Recurrent Neural
Network (IGCRN) that helps to retain the spatial information at every frequency bin without
performing either down-sampling or up-sampling. Later, Tan et al. (2022) introduced a
neural spectro-spatial filtering approach using a multi-microphone system that adopts a
learning approach to learn both spectral and spatial filters within a convolutional network,
which has shown improvement in the performance gain of the speech enhancement task.

To attain better speech enhancement performance, more advanced DL architectures
such as FasNet (Luo et al., 2019), EabNet (Li et al., 2022), and MIMO-Unet (Ren et al.,
2021) are explicitly integrated with traditional beamforming methods. This integration
ensures the efficient use of spatial diversity in noisy acoustic settings. Despite such progress,
the existing DL-based systems still process multichannel input by concatenating Short-
Time Fourier Transform (STFT) features from each microphone channel. Furthermore,
these approaches often fail to consider two important spatial clues, namely inter-channel
phase information and spatial coherence, which are essential for obtaining accurate
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source localisation, and they help to isolate the target speech from the background noise
in a reverberant environment. Moreover, extracting the spatial features using a DL-based
model is computationally expensive, and it may introduce latency, resulting in difficulty
in employing it in a real-time system. Another issue with the DL model is related to data,
because the performance of the DL model mostly depends on a huge number of labelled
datasets required for effective training of the model. More importantly, the dependency
of labelled data used for training may limit the performance of the model when a model
is fed with new unseen data.

Non-neural network or analytical approaches have received more attention due to the
fact they do not need large datasets for operation, and it is less computational cost and
more importantly it is possible to perform the interpretation and signal analysis at any stage
using an analytical approach whereas in case of DL model, interpretation of the signal is
difficult as the model itself acts like a black-box. One such notable speech enhancement
filtering technique is the ISCLP algorithm (Dietzen et al., 2020) that integrates MCLP
with GSC in a Kalman filter framework. This design allows for performing spatial and
temporal filtering operations simultaneously, and this approach has resulted in significant
performance as compared to traditional sequential processing pipelines, specifically in
suppressing the diffuse reverberation and interfering sources in distant talking acoustic
settings. However, its practical implementation may face some constraints and difficulties
because the accuracy of this method heavily depends on the precise estimation of Relative
Early Transfer Functions (RETFs). If the RETFs are not estimated accurately, then in
such scenarios, self-cancellation artefact issues can occur, which result in disrupting the
filter updates, which can be seen during pauses in speech. Furthermore, the MCLP filters
depend on active speech segments to learn active filter coefficients, making it difficult to
jointly optimise with other models in real-time. Another drawback of the ISCLP algorithm
is computationally complex, which puts a limitation on real-time implementation.

To overcome these issues, the proposed method uses the MVDR beamformer and
CDR to implement a hybrid approach. The role of the MVDR beamformer in this work
is to preserve the desired speech by suppressing the directional interferences. However,
the performance of the MVDR beamformer tends to degrade in a scenario if the level of
reverberation is high, where the spatial selectivity reduces due to early reflection effects. To
compensate for the issue of reverberation, the CDR estimation technique is incorporated in
this work, which is well-known for dereverberation. However, the CDR technique cannot
handle any background noise or interfering sources. So, the proposed method considers
the advantage of both methods, and in this research work, the MVDR beamformer and
the CDR technique were used to implement a hybrid approach where both the MVDR
beamformer and the CDR process the noise-corrupted signal. Since the output of the
MVDR beamformer does contain some residual noise, which will be further reduced by
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employing CDR as a post-filter. The integration of the CDR technique with the MVDR
beamformer was to improve the desired speech clarity and suppress the reverberation and
background noise in acoustic settings where a single dominant speech source is present.

To evaluate the effectiveness of the proposed method and to compare its performance
with the baseline ISCLP algorithm, we used the same ISCLP experimental settings. The
experimental setup mirrors the ISCLP evaluation environment, featuring a single target
speaker within 2 meters of a microphone array, moderate reverberation (RT60 = 0.6
seconds), and multi-talker babble interference. The objective is to assess whether the
MVDR-CDR-SS framework can achieve comparable or improved performance relative
to ISCLP, thereby establishing its viability as a lightweight and competitive alternative for
real-time, far-field speech enhancement.

SIGNAL MODELLING

In this section, the speech enhancement system is discussed. Consider the microphone
recorded signals consist of mixed components of desired speech and noise/interfering
sources in a reverberant environment. The desired speech gets convolved with the room
impulse response (RIR), and these signals can be mathematically expressed in the STFT
domain at frame m and frequency f, and the i*" microphone signal can be written using
Equation 1 and Equation 2:

Xi(m,f)zoi(m,f)Si (m!f)-l' NL(me) [1]

X(m,f) = [XO(mlf)'Xl(mrf)r ""'XN—l(mlf)]T [2]

where, X;(m, f) represents the direct signal component S;(m, ), where o;(m, f)
represents the steering vector of the sound coming from the target speaker and N; (m, )
representing noise and late reverberation signals.

Minimum Variance Distortionless Response Beamformer

To process a mixed signal containing the target speaker's speech and background noise,
the MVDR beamformer is used. The mixed-noise signal is first transformed into shorter
segments using STFT for the Fourier transformation. The MVDR filter weights are then
computed to minimise the power of the noise component while maintaining the signal
power of the target speaker. This Equation 3 can be expressed as:

Wyypr (m, f) = argmin w" (m, ) N;(m, f) [3]
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Based on the received multichannel covariance matrix of the noise component N; (m, f)
From the microphone array, we calculate the steering vector for both the target speaker and
the noise signal using the eigenvector method suggested in (Sarradj, 2010). To estimate the
covariance matrix of the target signal, we need to compute the covariance matrix of the
combined signal and the noise signal. Once we have the target signal's covariance matrix,
we can compute the steering vector using the formulas and concepts derived. The eigenvalue
decomposition of the microphone array's covariance matrix for the target speaker can be
expressed using Equation 4:

G = vavH [4]

where G, is the covariance matrix for the target speaker in the microphone array, and it
can be written in Equation 5. A is a diagonal matrix that consists of the positive eigenvalues
of G can be mathematically written using Equation 6, while V is the eigenvector
corresponding to these eigenvalues. We assume that the smallest eigenvalue associated
with the noise component of the signal is n?, following the method proposed in (Su &
Morf, 1983). Therefore, the eigenvalue can be split into two parts in Equation 5, one for
the signal and the other for the noise. The steering vector is estimated using eigenvalue
decomposition of the spatial covariance matrix, following the approach proposed by Su
and Morf (1983). This method assumes sufficient separation between the signal and noise
subspaces. In low-SNR or highly diffuse reverberant environments, partial overlap between
these subspaces may occur, potentially affecting estimation accuracy. While this limitation
is inherent to subspace-based methods, the impact is mitigated in the proposed framework
through subsequent diffuseness-based post-filtering.

A; 0

G=w[0 0

|VH 4 n2vvH = VA WH 4l [5]

2
A:[AS-EnI 0 [6]

n2l

Each part corresponds to either the signal or the noise, where the eigenvectors of Vg
belong to the signal subspace V, while the remaining ones belong to the noise subspace.
In real experiments, the eigenvalues in the noise subspace have minimal impact on the
eigenvalues in the signal subspace. We calculate the smallest eigenvalue for the noise signal
in the matrix and identify the highest eigenvalues as the target source values in the matrix.
Next, we assign high values to frequency bin values associated with the target speaker and
low values to those associated with noise. The weights are first derived from the mixed
input signal, and each frequency bin is then assigned its own corresponding weight. These
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weights are applied back to the mixed signal so that every frequency bin is scaled according
to its computed value. In this way, the enhancement is distributed more precisely across
the frequency range, ensuring balanced improvement throughout the spectrum. Finally, we
obtain a time-domain signal by converting the beamforming signal to an inverse short-time
Fourier transform, following the weight calculation with the signal.

Coherent-to-Diffuse Power Ratio

To enhance the results of the MVDR beamformer, we employ a postfilter based on the
spectral subtraction technique to remove diffuse noise and reverberation. We start by
determining a short-time SNR value, which is used in the spectral subtraction method
to calculate the filter gain. Furthermore, the estimation of the CDR only necessitates the
computation of the SNR, which in turn determines the expression of the gain G(m, f)
which can be written using Equation 7:

1
G(mvf)zmax{l_.um'c;min} [7]

The gain floor has a predetermined value of 0.1 and an overestimation factor p is set
to 1.3 (Schwarz & Kellermann, 2015). The SNR value is derived from the CDR, and the
gain floor Gmin has a predetermined value of 0.1 while u is set to 1.3. A mathematical
definition for the CDR between two omnidirectional microphones is suggested in (Schwarz
& Kellermann, 2015) that can be written using Equation 8:

— L=l (m.f)
CDR(m,f) = TG, =T, (m f) Y

To estimate the correlation between two omnidirectional microphones, we compute
the coherence function of the signal recorded by the microphone I, (m, f) and the diffuse
noise I, (m, f). We also use short-time spatial coherence to estimate the coherence function
of the diffuse field. The spatial coherence function of the diffuse field can be represented
using Equation 9:-

sin(anle‘z)

9
(72 .

1—;1iffuse )= Fn(mrf) =

The coherence function of the desired signal component is defined in Equation 10:-

L,(f) = elkdsin (6) — j2nfAt [10]
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where, At represents the time difference of arrival (TDOA). Using an automatic
cross-power spectrum estimator that can be estimated from the microphone signal through
recursive averaging to compute the post-filter gain function, and it can be determined using
Equation 11:

a\)xpxq (m,f) = Aa\)xlxz(m - 1rf) + (1 - A)Xl(me)X*Z(mif) [11]

The microphone signals are processed with a smoothing factor 4, which is a constant
value between 0 and 1. We used A = 0.68 in the experiment. The temporal smoothing
factor A was fixed to 0.68 for all experiments, consistent with prior work on CDR-based
dereverberation (Schwarz & Kellermann, 2015). Larger values of A improve estimation
stability but reduce responsiveness to rapid acoustic changes, whereas smaller values
enhance temporal tracking at the risk of increased estimation variance and artefacts. In
this study, A was kept constant to ensure stable behaviour and fair comparison with the
baseline. The coherence function can be determined by using Equation 12:

a’xlxz (m,f)

L(m,f) = —= =
j¢x1x1(m,f)¢xzxz(m,f)

[12]

A direction-of-arrival (DOA) independent CDR estimator was employed to reduce
computational complexity and improve robustness under diffuse reverberation. While
this approach is effective in late-reverberant conditions, it may limit dereverberation
accuracy when early reflections dominate. Incorporating DOA-aware diffuseness estimation
represents a promising direction for future improvement. In this work, we use the CDR
estimator represented in Equation 13 due to its independence from the DOA (Schwarz &
Kellermann, 2015).

— 2
|FX| -1

_ I Re{F3 )= |55 | = [T 2 Re{T5 ) =T 2|5 P +T 2—2T Re (T3 J+ T3 |
CDRDOAindep = max (0, J [13]

We use the real part (Re{.}), magnitude (|.|), and phase (arg{.}) operations along
with the maximum operation to avoid negative values. The CDR estimator was
initially designed only for microphones (Schwarz & Kellermann, 2015). However,
to ensure optimal performance, we need to estimate the CDR for more than just
microphones. To achieve this, we estimate the CDR for each pair of microphones,
determining the diffuse value from each estimate. Then, we take the arithmetic mean
of all the diffuse values of the microphone pairs to obtain the average diffuse estimate.
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Instead of the average CDR for a specific pair of microphones, we will directly calculate
the average diffusion estimate. This is because CDR can take any value from 0 to infinity,
while diffusion values lie within a specific interval. To obtain the average diffuseness value
(Schwarz & Kellermann, 2015), we apply the following Equation 14:

D(m,f) = (1+CDR (m )™ [14]

where CDR (m, f) represents the estimated CDR value. After obtaining the diffuseness
value, the CDR value for each microphone can be computed using Equation 15:

1-D(m,f)

CDR,, (m, ) = 5o

[15]

where CDR},,(m, f) is the CDR value obtained from the microphone input, not the
output of the beamformer. To account for this, a correction factor Ap(m, f) is applied to
CDR;,,(m, ). The CDR estimate from the beamformer output, CDR (m, f) can be defined
using Equation 16:

“ND _ mln (m,f)

CDRg(m,f) = A [16]
The correction factor Ap(m, f) can be calculated using Equation 17,
Ar(m»f) = WH(mﬂf)]diff (f) W(m,f) [17]

where wf (m, f) represents the beamformer weight and Jaiff (f) isthe N x N spatial
coherence matrix of a diffuse noise field with the (1,2)th element given by Equation 9.
Figure 1 shows the flow process starting from the data acquired by microphones, which
consists of a mixed version of target speaker speech, interfering speaker speech and diffuse
noise. The corrupted signal is converted into the STFT domain using an STFT block and
then applied to coherence estimation to calculate the CDR estimation value without using
DOA. Also, the STFT signal is applied to the MVDR beamformer and the post filter gain,
which is calculated using the spectral subtraction technique, which uses the SNR value
that is obtained from the CDR estimator. Finally, the time domain output is determined by
applying the inverse STFT to the spectral enhancement output.
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Figure 1. Diagram of proposed algorithm integrates CDR method with MVDR beamformer

Combination of MVDR Beamformer and CDR as Post-filter

The proposed framework adopts a parallel processing structure in which MVDR
beamforming and CDR-based post-filtering operate independently. This design decouples
spatial noise suppression from diffuseness estimation, as the CDR is computed directly from
microphone-domain signals rather than from the beamformer output. Such an approach
avoids bias and spatial colouration introduced by beamforming, limits error propagation
between processing stages, and preserves the spatial coherence characteristics of the
acoustic scene, leading to improved robustness in reverberant and diffuse noise conditions.

To obtain the final output Z(m, f) of the speech enhancement approach, we multiply
the weights of the MVDR beamformer Yg(m, f) signal by the post-filter gain G(m, f),
which is calculated using the CDR output of the microphone and output Z(m, f) can be
defined using Equation 18:

Z(m,f)= G(m,f) YB(mlf) [18]

Finally, the signal is converted back to a time-domain waveform through the utilisation
of the inverse short-time Fourier transform.
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Experiment Setup and Data Collection

To allow a fair comparison of the results, we decided to use the same data generated
in (Dietzen et al., 2020), where two methods were proposed, namely ISCLP SNR and
ISCLP smooth SNR. Therefore, we considered the results from (Dietzen et al., 2020) as
benchmark results to compare the results with our proposed algorithm. The experiment
considers a target speaker, an interfering speaker, and noise in a reverberant environment.
We denote the target reverberant speech, the interfering reverberant speech, and the babble
noise component as x1(t), x2(t), and v(t), respectively. To generate x1(t) and x2(t),
using RIRs with a linear microphone array of M = 5 microphones, each 8 cm apart. We
measured RIRs in a room with a reverberation time of 0.61s, with the source 2m away from
the array. The target source and the interfering speaker were positioned at 2m from the
microphone, with the target speaker placed at an angle of 0 degrees. Recorded babble noise
at random locations 2m from the microphone. Both female and male speech source signals
are considered in the experiment, and the babble noise is generated by a specific process.
The simulations had a sampling frequency of fs = 16kHz, and square Hann windows with
STFT = 512 samples and 50% overlap were used in STFT analysis and synthesis. All
experiments were conducted offline on a MacBook Pro (14-inch, 2021) equipped with
an Apple M1 Pro processor, 16 GB RAM, and a 10-core CPU (8 performance and
2 efficiency cores). The implementation was carried out in Python (version 3.9.12) using
the Pyroomacoustics toolbox for acoustic simulation and signal processing.

Evaluation Metrics

To determine the effectiveness and to compare the results of the proposed method with
the baseline work results, we consider four evaluation metrics, namely: PESQ (Rix
et al., 2001), ESTOI, which calculates speech intelligibility without assuming mutual
independence between frequency bands, which sets it apart from STOI's correlation analysis
(Kobayashi & Kondo, 2019). Beyond these, other important evaluation measures include
WSS and CD (Loizou, 2007). The PESQ metric is used to assess the perceived quality of
the enhanced speech, with scores ranging from 1, representing very poor quality, to 4.5,
representing excellent clarity. ESTOI produces values between 0 and 1, where scores closer
to 1 reflect higher speech intelligibility and clarity. The CD was selected as an additional
quality measure because it is computationally efficient and effectively captures spectral
distortions in the enhanced signal. A higher CD value indicates greater deviation from the
clean reference, while a lower value signifies minimal distortion and better signal fidelity.

RESULTS AND DISCUSSION

The proposed method results were compared with the baseline method results of the ISCLP
SNR method, the ISCLP Smooth SNR method, which is illustrated using two evaluation
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metrics, such as PESQ and ESTOI scores, as shown in Table 1. The performance of
the proposed approach is evaluated against both baseline methods across various input
SNR levels, ranging from 0 dB to 40 dB. As shown in Table 1, the proposed algorithm
demonstrates slightly better performance than the baselines in terms of PESQ, indicating
improved overall speech quality. Additionally, the ESTOI results of the proposed algorithm
are slightly better than the baseline results at input SNR = 0dB, 5dB, and 40dB, with slightly
lower results for other SNR values compared to the baseline result.

Table 2 presents the results of the ISCLP SNR method, the ISCLP Smooth SNR method,
and the proposed method using CD and WSS scores. The performance of the proposed
algorithm is compared to the baseline results of the ISCLP SNR method and the ISCLP
smooth SNR method. The proposed algorithm was tested for different input SNR levels
ranging from -20dB to 40dB. It can be observed from Table 2 that the performance of
the proposed algorithm achieves the lowest value of CD for all input SNR levels ranging
from 0dB to 40dB. The CD results indicate less distortion in the output compared to the
two baseline methods. In addition, the WSS also attains the lowest value compared to the
baseline results, indicating that the proposed method outperforms the baseline methods.
From Table 1 and Table 2, it is clear that the proposed method performs better than the
two baseline methods, especially for the metrics PESQ, CD, and WSS, across all input
SNR levtheb), (c¢), and (d) display the time domain waveforms of the target speech,
interfering speech, babble noise, and mixed speech, respectively, affected by an input
SNR of 0dB and in a reverberant environment with rt60 = 0.6 1. The time domain waveforms
of the output of the ISCLP SNR method, output of the ISCLP smooth SNR method, and
output of the proposed method are shown in Figures 2e, 2f, and 2g, respectively. It is
evident from Figure 2g compared to Figure 2e and 2f that the amplified speech signal is
clearly seen at the output of the proposed method when compared to the results of the two
baseline methods.

Table 1
Presents a comparison of the results obtained from the ISCLP SNR method, ISCLP smooth SNR method,
and the proposed method using PESQ and ESTOI scores

SNR ISCLP ISCLP Proposed ISCLP ISCLP Proposed

Level SNR PESQ Smooth Method SNR ESTOI Smooth Method

(dB) PESQ PESQ SNR ESTOI ESTOI
0 1.0918 1.088 1.1192 0.4356 0.4389 0.5008
5 1.1574 1.1514 1.1785 0.5539 0.5535 0.5628
10 1.2166 1.2072 1.2199 0.6159 0.6199 0.6075
15 1.2444 1.2422 1.2601 0.648 0.6519 0.6334
20 1.2561 1.2562 1.2875 0.6614 0.6647 0.6484
25 1.2653 1.2632 1.2993 0.6666 0.6705 0.6574
30 1.2722 1.2726 1.3204 0.6686 0.6724 0.6643
35 1.2765 1.2754 1.3299 0.6674 0.6719 0.6689
40 1.2757 1.2762 1.3364 0.6663 0.6705 0.6719
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Table 2
Presents a comparison of the results obtained from the ISCLP SNR method, ISCLP smooth SNR method,
and the proposed method using CD and WSS scores

bevd  JSCLP G Propesea o scle (0 TR
(dB) SNR CD SNR CD method CD  SNR WSS SNR WSS WSS
0 6.3878 6.2441 5.7246 91.5309 85.5473 59.8161
5 5.6725 5.5536 5.2302 72.4086 67.8177 56.4334
10 5.2501 5.1336 4.9275 64.9385 60.8119 54.0634
15 5.0212 4.9056 4.7879 61.0293 56.8611 52.6873
20 4.8965 4.7925 4.7254 59.0557 55.2304 51.82
25 4.8181 4.7317 4.7008 57.6582 54.1183 51.0073
30 4.7847 4.6989 4.6887 57.0284 53.7325 50.6551
35 4.7674 4.6836 4.6742 56.7206 53.5247 50.2594
40 4.7571 4.6696 4.6549 56.6754 53.4617 50.1757
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Figure 2. Different time-domain input and output waveforms processed at input SNR = 0 dB. (a) Target speech
signal; (b) Interfering speech signal; (c) Babble noise; (d) Microphone-recorded mixed signal; (¢) Epost SNR
speech ISCLP output; (f) Epost smoothed SNR speech ISCLP output; (g) Proposed method output

Figure 3a, 3b, 3¢, and 3d display the time domain waveforms of the target speech,
interfering speech, babble noise, and mixed speech, respectively, affected by an input SNR
of 40dB and in a reverberant environment with rt60 = 0.61. The time domain waveforms
of the output of the ISCLP SNR method, the output of the ISCLP smooth SNR method,
and the output of the proposed method are shown in Figures 3e, 3f, and 3g, respectively.
Similarly, it is evident from Figure 3g compared to Figure 3e and 3f that the amplified
speech signal is clearly observed at the output of the proposed method when compared to
the results of the two baseline methods.
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The proposed method consistently achieves higher PESQ scores than the ISCLP
baseline across all tested SNR conditions, as shown in Table 1, while improvements in
ESTOI remain modest. In contrast, Table 2 demonstrates a clear and consistent reduction
in CD and WSS values. These reductions indicate improved spectral fidelity and reduced
speech distortion, suggesting that the proposed framework enhances speech naturalness
even when intelligibility gains are limited. In practical communication scenarios such as
teleconferencing and hearing assistance, such improvements are associated with reduced
listening effort and improved long-term listening comfort.

The proposed framework combines spatial filtering and diffuseness-based suppression
to enhance speech in reverberant environments. Although the CDR estimator operates
directly on microphone-domain signals while enhancement is applied to the MVDR
beamformer output, the system exhibits stable behaviour under the evaluated conditions.
The MVDR stage attenuates spatially off-target and incoherent components of the babble
noise field, which reduces the sensitivity of the overall system to representation mismatch
between microphone-domain CDR estimation and beamformer-domain enhancement.
Performance under strong directional interference was not explicitly evaluated and
represents an important direction for future investigation.

While MVDR beamforming contributes to spatial noise reduction, residual
reverberation and diffuse noise components remain, particularly in environments with
moderate to high reverberation. The consistent improvements observed in PESQ,
CD and WSS across all tested SNR levels can therefore be primarily attributed to
the CDR-based post-filter, which explicitly models and suppresses diffuse energy.
By complementing MVDR beamforming, the post-filter improves spectral fidelity beyond
what can be achieved through spatial selectivity alone.

% Target speech signal (SNR=40dB) & 0 Epost SNR speech ISCLP output (SNR=40dB)
£ bh! | T
i 0 2 i 6 8 g 00
Time [5] é 001
(@) 0 2 4 6 8
Ti
g ﬁ ﬂ? Interfering speech signal (SNR=40dB) m(lz'[sl
§ : 1 0 3 i P 3 ‘ % iigi Epost smooth SNR speech ISCLP output (SNR=40dB)
Time [s] E
(b) Z 00
2 les Babble noise (SNR=40dB) 200 ; ; : ;
% ji ‘ Time [s]
i 2 4 6 § )
i
m(]:)[s] & 13 Output of Proposed method (SNR=40dB)
3 02
% Microphone recorded mix signal (SNR=40dB) % 00
2 il | in
é 0 2 4 6 8 0 2 4 6 8
Time [s] Time [s]
@ (®

Figure 3. Different time-domain input and output waveforms processed at input SNR =40 dB. (a) Target speech
signal; (b) Interfering speech signal; (c) Babble noise; (d) Microphone-recorded mixed signal; (e) Epost SNR
speech ISCLP output; (f) Epost smoothed SNR speech ISCLP output; (g) Proposed method output
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Beyond objective metric comparison, the proposed framework differs qualitatively from
ISCLP in its architectural behaviour during speech pauses and low-energy segments. The
CDR estimation is derived from temporally smoothed cross-power spectral statistics of the
microphone signals and does not rely on explicit speech activity detection. Consequently,
the diffuseness-based post-filter remains active during silent or low-energy intervals and
primarily reflects the characteristics of background noise and reverberation. Similarly, the
MVDR beamformer continues to minimise spatially correlated noise power irrespective of
speech presence. While pause-specific behaviour was not explicitly analysed, the system
design supports continued suppression of diffuse and reverberant components during such
segments.

Formal listening tests were not conducted as part of this study. However, informal
inspection of the enhanced signals did not reveal severe musical noise artefacts.
Nevertheless, subtle speech colouration effects may still be present and are not fully
captured by objective metrics such as PESQ and ESTOI. A comprehensive perceptual
evaluation is therefore identified as an important direction for future work.

From a computational perspective, the proposed framework relies on closed-form
MVDR beamforming and coherence-based CDR estimation and does not involve
iterative state-space tracking or adaptive filtering stages such as those employed in the
ISCLP baseline, which incorporates Kalman filtering for interference power estimation.
Consequently, the proposed method primarily consists of matrix operations and recursive
spectral averaging, resulting in reduced computational complexity. Although all
experiments were conducted offline and explicit runtime measurements were not reported,
the algorithmic structure suggests suitability for real-time implementation on moderate
embedded hardware.

Overall, the proposed framework effectively integrates spatial filtering and diffuseness-
based suppression to improve speech quality under reverberant conditions while maintaining
stable behaviour and low computational complexity.

CONCLUSION

This study presents a new framework that integrates the CDR estimator with the MVDR
beamformer to address both reverberation and suppression of babble noise in complex
acoustic settings. The CDR estimator in the proposed system supports spectral enhancement
through SNR estimation and acts as a post-filter to suppress residual reverberation. The
proposed approach improves robustness against babble noise and late reflections. The
experimental results have confirmed that the proposed method has shown slightly better
evaluation metric scores of PESQ, CD, and WSS as compared to two ISCLP-based baseline
systems, especially the perceptual quality, and spectral accuracy improvement was observed
to be better in the proposed method over the baseline method. The experiment has been
tested considering moderate reverberant conditions with RT60 = 0.61 s, with one source

968 Pertanika J. Sci. & Technol. 34 (2): 951 - 973 (2026)



Speech Enhancement using MVDR Beamforming and CDR Post-filtering

and babble noise. The experiment was tested by recording the voice of the speaker at 2m
from the microphone. The proposed method assumes the presence of a single dominant
target speaker. In scenarios involving multiple speakers with comparable power and partial
spatial overlap, steering vector estimation and coherence-based separation may become
unreliable, potentially leading to target suppression or interference leakage. Addressing
multi-speaker conditions remains an important extension of this work. In addition, future
studies will investigate the robustness of the proposed framework under increased source-
to-microphone distances beyond 2 m, diverse noise conditions, and higher reverberation
levels. The correction factor used to adapt the microphone-domain CDR estimate to the
beamformer output was evaluated under fixed array geometry and stationary acoustic
conditions. While stable performance was observed in this setting, rapidly changing acoustic
scenes or microphone array perturbations were not investigated. Future work will focus
on adaptive correction mechanisms to improve robustness under dynamic conditions. The
experimental evaluation was limited to babble noise, which predominantly exhibits diffuse
characteristics. Performance under transient, impulsive, or strongly directional interference
sources was not evaluated and therefore remains an open research question to be explored
in future studies. The proposed framework assumes a fixed linear array geometry consisting
of five microphones with an inter-element spacing of 8§ cm. Changes in array spacing,
the number of microphones, or physical array deformation can affect spatial covariance
estimation and steering vector computation, which in turn may influence the performance
of MVDR beamforming and the subsequent CDR-based post-filter. The current study does
not explicitly evaluate sensitivity to such array variations, and investigating robustness
under different array configurations remains an important direction for future work.

The proposed framework offers several practical advantages over learning-based
approaches due to its fully analytical formulation. The method provides interpretability
and predictable behaviour, does not require training data, and exhibits low computational
complexity. These properties make it particularly suitable for real-time and resource-
constrained applications such as hearing aids, embedded communication devices, and
safety-critical speech enhancement systems, where robustness, transparency, and reliable
behaviour across acoustic conditions are essential.
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