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ABSTRACT

This paper proposes a hybrid speech enhancement estimator that integrates the
Perceptually-motivated Karhunen-Loeve Transform (PKLT) with the Dual-Masking
Harmonic-based (DMH) algorithm in a unified framework termed PKDMH. The main novelty
lies in combining perceptual subspace projection with harmonic-residual suppression,
enabling the system to jointly remove noise while preserving speech-relevant spectral cues.
PKLT first performs perceptual subspace projection and suppresses inaudible components,
after which DMH eliminates remaining broadband and harmonic residuals. The proposed
PKDMH system was evaluated using the TIMIT dataset contaminated with five noise types:
White, Pink, F16, Airport, and Car noise—across five SNR levels (-10 dB, -5 dB, 0 dB, +5 dB,
+10 dB). Objective evaluation used the standard perceptual and signal-level measures of
PESQ, STOI, SNRseg, Csig, Cbak and Covl. Results show that the enhanced quality of
separation and speech signal ratio between enhanced signals and original target binary
mask cause obvious improvements in quantity, with average PESQ gains of 1.099, 0.888 and
0.824 for White, Pink and F16 noise, respectively. These results bring out the subjective
benefit of the PKDMH cascade, in terms of being a more robust enhancement approach under
low SNR and acoustically varying cases.

Keywords: DMH, Intelligibility, PKLT, PKDMH, Quality metrics, Speech enhancement.

1. INTRODUCTION

Speech Enhancement (SE) is a fundamental component of modern Digital Signal Processing
(DSP). Its primary objective is the reconstruction of clean speech from noisy observations.
SE plays a critical role in applications such as automatic speech recognition (ASR),
telecommunication systems, voice-controlled interfaces, hearing-assistive devices, and
human-computer interaction (Loizou, 2013; Vary and Martin, 2006). The quality of
speech-based systems is commonly rated in two main categories: Speech Quality and
Speech Intelligibility. Speech quality is indicative of how clearly and naturally it is spoken,
whereas intelligibility refers to how accurately the listener can translate speech into words
(Kolbzk et al., 2016; Jerjees et al., 2023).
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Quality of speech refers to the clarity and understandability of a speech signal to its
intended listeners. It demonstrates how nice the sound is, to what extent it's clear of
distortion, and it lacks artefacts in good acoustic environments. Speech intelligibility,
meanwhile, refers to the listener's capability of accurately recognizing and comprehending
spoken language. Both of these features are crucial for evaluating the effectiveness of
spoken communication (Elert, 2016; Jerjees et al., 2023). In real environments, speech
signals are frequently degraded by different types of additive noise. These include white,
pink, F16, factory, and Buccaneer noise. Each type masks phonetic cues and reduces both
intelligibility and perceptual quality (Hu and Loizou, 2007; Soon et al., 1998).

To address this challenge, SE algorithms are widely used across several domains. Hearing
aids and cochlear implants rely on SE to suppress background noise and enhance speech
cues. ASR systems and smart assistants employ both classical signal-processing and DNN-
based approaches to improve robustness under adverse acoustic conditions (Ochieng,
2023). Telecommunication systems use SE to maintain clarity in low-bandwidth or noisy
channels. In addition, forensic analysis frequently utilizes enhancement techniques to
recover speech from degraded recordings. Despite the increasing adoption of deep neural
networks, recent findings indicate that data requirements, computational costs, and
generalization limitations still constrain their use in real-time and low-resource scenarios
(Al-Khateeb et al., 2025; Yousif et al., 2025).

Many people have used traditional speech enhancement methods like spectral subtraction
(Verteletskaya and Simak, 2010; Boll, 1979; Stylianou, 2001), Wiener filtering (Scalart
and Filho, 1996; Xia and Bao, 2014), Kalman filtering (Nabi et al., 2016; Roy etal., 2021),
and Minimum Mean Square Error (MMSE) estimators (Ephraim and Malah, 1984; Hasan
and Hasan, 2010; Shi et al., 2023) have been extensively studied and applied. These
methods are effective under stationary noise conditions. However, their performance often
degrades when noise is highly non-stationary. Moreover, they may introduce artifacts such
as musical noise or over-smoothing, which degrade perceptual quality (Loizou, 2013).
Several refinements have been proposed to mitigate these limitations. These include
perceptual models (Jabloun and Champagne, 2003), improved noise estimation (Cohen,
2002), and decision-directed a priori SNR estimation. Nevertheless, the trade-off between
noise reduction and speech distortion remains a persistent challenge.

Recent work on speech enhancement has shifted towards deep-learning-based and hybrid
signal-processing architectures aimed at addressing the highly non-stationary nature of
noise and to enhance perceptual quality beyond traditional statistical-based methods.
Among them, some of the prominent new directions are phase-aware complex-domain
models, perceptually motivated deep filtering and metric-based learning strategies that
directly optimize the perceptual and intelligibility-related objectives

(Hu etal., 2020; Fu et al., 2021). Despite their strong performance, these approaches often
suffer from high data dependency, limited generalization to unseen noise conditions, and
increased computational complexity, which motivates the development of robust hybrid
designs that preserve interpretability while benefiting from modern learning-based
techniques (Michelsanti et al., 2021).

Recent research has increasingly focused on hybrid enhancement frameworks that combine
the strengths of different algorithmic paradigms (Mahmmod et al., 2021). The
Perceptually-motivated Karhunen-Loeve Transform (PKLT) has shown promising
performance in attenuating perceptually irrelevant noise by exploiting auditory masking
and subspace modeling (Jabloun and Champagne, 2003). Meanwhile, harmonic-based
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estimators such as the Dual-Masking Harmonic (DMH) method are effective in suppressing
residual and harmonic noise patterns while preserving voiced-speech structure (Plapous et
al,, 2006).

This work proposes a novel two-stage hybrid speech enhancement framework, termed
PKDMH, that employs the cascaded combination of perceptually motivated subspace
processing and harmonic-aware masking. In contrast to previous hybrid approaches, its
implementation combines PKLT for psycho-acoustically subspace-projecting perceptually
irrelevant noise components with DMH for post-elimination of remaining residual and
harmonic noise artefacts that commonly result from applying a filtering strategy based on
subspace projection. The cascaded design provides complementary noise suppression while
preserving speech structure, facilitating simultaneous improvements in speech quality and
intelligibility without resorting to large training data or high complexity. Experimental
results on different noise types and SNR levels have verified that the proposed PKDMH
framework is superior to classical and state-of-the-art enhancement methods.

2. PRELIMINARY

This section describes in detail the two main SEA (DMH and PKLT) as well as their
mathematical equations used for computing the enhanced speech signal that will be used in
the proposed work, as follows:

2.1 Perceptually-Motivated Karhunen-Loéve Transform (PKLT)

The PKLT algorithm, proposed by (Jabloun and Champagne; 2003), applies signal
subspace analysis enhanced with psychoacoustic principles to suppress perceptually
irrelevant noise. The noisy speech is decomposed into orthogonal eigen components, and
only components exceeding the auditory masking threshold are retained.
Voice Activity Detection (VAD) is applied before PKLT processing to identify non-speech
frames for noise covariance estimation. A conventional energy-based VAD is employed,
where frames with energy below a predefined threshold are classified as noise-only frames.
Each noisy speech frame is windowed and represented as a column vector y(n), from which
the short-time covariance matrix is computed as:

R, = E[y(n)y" (n)] (1)

where E[-]denotes statistical expectation, y*(n)is the Hermitian conjugate of y(n).
Eigen-decomposition is then applied to the covariance-matrix (Ephraim and Van Trees,
1995):

Ry, = UAU# (2)

R, € R**Lis the noisy speech covariance matrix, U € R***is the eigenvector matrix, and 4 =
diag(A4,...,A;)is the diagonal matrix of eigenvalues sorted in descending order. The
eigenvectors associated with larger eigenvalues span the signal subspace, while the
remaining eigenvectors correspond to the noise subspace. This decomposition is essentially
the Karhunen-Loéve Transform (KLT), which represents the signal in terms of uncorrelated
orthogonal basis functions obtained from the covariance matrix. In practice, KLT
concentrates most of the structured speech energy into a few dominant dimensions, while
distributing the unstructured noise energy more evenly across all dimensions. This makes it
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possible to selectively retain the signal subspace and attenuate the noise subspace, providing
a compact and adaptive representation that is particularly effective for speech enhancement
(Huang and Zhao, 2000; Vetter, 2001).

A psychoacoustic model, such as that proposed by (Zwicker and Fastl,1999; Zwicker and
Fastl, 1990), estimates the perceptual masking threshold for each frequency:

M(f)=T,(f) +4 (3)

where T, (f) is the absolute threshold of hearing and 4 is a correction factor for critical band
integration. Only eigencomponents with energy above this threshold are retained.

In PKLT, the perceptual masking threshold M (f) is included implicitly by means of a spectral
decomposition of the covariance matrix, thus allowing for a mapping between eigenvectors
and frequency bins to be done through spectral shaping. Eigenvalues correspond to the
energy of broadband components at lower energies the latter components falling beneath
a masking threshold are suppressed when representing perceptually important speech and
attenuating inaudible noise.

The enhanced signal §(n) is reconstructed by projecting the noisy signal onto the perceptual
subspace:

8(n) = UpUp'y(n) (4)

where U, is the submatrix of U containing only eigenvectors corresponding to components
above the perceptual masking threshold. This process ensures that masked or inaudible
noise is suppressed while preserving the intelligibility and quality of the speech signal. PKLT,
using a binary subspace projection for clarity, the practical implementation employs a soft-
decision gain function. Each eigen component is weighted according to its signal-to-noise
dominance rather than being strictly kept or discarded. Specifically, for the k-th
eigencomponent, the gain is defined as:

Gy = max (O, 1- '1"—"‘), (5)
Ak

where A and 4, ,denote the noisy-signal and noise eigenvalues, respectively. The enhanced

signal is then reconstructed using a diagonal gain matrix, which provides smooth

attenuation of noise-dominated components and reduces artefacts compared to hard

masking (Ephraim and Van Trees, 1995).

2.2 Dual-Masking Harmonic-based Method (DMH)

The Dual-Masking Harmonic-based (DMH) method is a significant method in SE. This
technique is based on the framework developed by (Plapous et al., 2006), which combines
Two-Step Noise Reduction (TSNR) with a Harmonic Regeneration Noise Reduction (HRNR)
strategy. The method is specifically designed to address both stationary and non-stationary
residual noise components, particularly harmonic distortions that remain after the first-
stage enhancement. This nonlinear system efficiently regenerates the degraded harmonics
of distorted speech. The resulting synthetic signal is produced to improve the a priori signal-
to-noise ratio (SNR). It is based on two steps as presented in the following sections.
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2.2.1 Gain estimation based on TSNR

TSNR method strengthens the traditional decision-directed algorithm, which has a built-in
frame delay bias. To measure it, a posteriori Signal-to-Noise Ratio (SNR) is computed as
follows:

y(k) = [Y()I* / Aa(k) (6)

Y (k) is the noisy speech spectrum and 21,4(k) indicates estimated noise power spectral
density. The a priori SNR is then calculated via a modified decision-directed estimator:

§(k) = a - S(k=DI*/2a(k) + (1—a) - max[y(k) — 1,0] (7)

where « is athe smoothing factor in the TSNR decision-directed estimatorissettoa = 0.97,
providing stable a priori SNR estimation. This refined estimate is used to derive the TSNR-
based spectral gain:

Grsvr(k) = $(k) / (1 + §(k)) (8)

where kdenotes the frequency-bin index, Y (k)is the short-time Fourier transform (STFT) of
the noisy speech signal, 1,(k)is the estimated noise power spectral density, S(k — 1)is the
enhanced speech spectrum from the previous frame, and a € [0,1]is a smoothing factor
controlling the temporal averaging in the decision-directed estimator.

This gain is then applied to the noisy spectrum, curbing additive noise while reducing
musical artifacts and preserving meaning.

2.2.2 Harmonic-Residual Noise Reduction (HRNR)

HRNR eliminates the residual noise component associated with voiced speech. A
straightforward nonlinear operation in the time domain, such as half-wave rectification, is
applied to the enhanced speech output from TSNR's first stage to produce an artificial,
harmonic-rich signal:

Yharm (n) = max{ yTSNR(n)f 0 } 9)

Where:
e yrsnr(n): time-domain output of the TSNR stage,
e Vharm(n): rectified signal containing enhanced harmonic energy.

This easy nonlinearity actually creates higher harmonics (integer-multiples of the main
frequency), which were partly lost during the first filtering.

This cleaned-up signal then becomes part of the a priori SNR, mixing TSNR's estimate power
with the reconstructed harmonic.

Earne () = p(R) - ISzsnr()I* + (1 — p(K)) + |Sharmo(K)I? (10)

where Sysyr (k)is the TSNR-enhanced speech spectrum, Sp,g;-mo (k)is the harmonic spectrum
obtained from nonlinear time-domain processing followed by spectral analysis, and p(k)is
a frequency-dependent mixing coefficient defined as the TSNR gain Grgyg (k).The final HRNR
gain is calculated as follows:

Gurnr (k) = Sprnr(k) / (1 + Eurnr(k)) (11)
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This gain is then multiplied by the original noisy spectrum to obtain a cleaner signal:

S(k) = Gurnr(k) - Y (k) (12)

Finally, the enhanced time domain signal is found using inverse, giving speech with residual
noise removed and preserving its harmonic structures.

2.3 The Proposed Algorithm

Single-stage speech enhancement methods suffer from inherent limitations when operating
under diverse and highly degraded acoustic conditions. The PKLT algorithm is effective in
suppressing perceptually irrelevant noise through subspace projection and auditory
masking; however, it often leaves residual and harmonic noise components, particularly in
voiced segments and at low SNR levels. Conversely, the DMH algorithm efficiently
suppresses residual and harmonic noise but relies on the availability of a reasonably noise-
reduced input signal to operate reliably. This complementary behavior motivates the
proposed cascaded PKLT-DMH architecture, which aims to jointly improve speech quality,
intelligibility, and residual noise suppression. In the proposed PKDMH framework, PKLT is
first applied to remove inaudible and perceptually insignificant noise components while
preserving the dominant speech structures. The output of PKLT is then processed by DMH
to further suppress residual and harmonic noise artifacts that remain after subspace-based
filtering.

To investigate the impact of processing order, both enhancement algorithms were initially
implemented independently. Subsequently, two cascade configurations—PKLT—DMH and
DMH—-PKLT—were evaluated under identical experimental conditions. This self-
comparison allows a systematic assessment of the effect of algorithm ordering on
enhancement performance. Experimental results consistently show that the use of PKLT
before DMH gives less background distortion and better speech quality and intelligibility, in
particular at low-SNR and time-varying noise conditions. Accordingly, the PKLT— DMH
cascade is chosen as our final proposed configuration, and we evaluate its robustness and
effectiveness versus state-of-the-art approaches.

2.4 The Proposed Work

The proposed work is composed of two stages, each with its own function. The PKLT module
is the first stage in the proposed hybrid speech architecture for getting rid of noise. The
orthogonal eigenvectors (basis functions) of the noisy speech signal are derived from the
eigen-decomposition of the signal's short-time correlation matrix. This signal subspace
architecture is where PKLT works. The key point is that in this representation, speech and
noise exist in different subspaces. Noise energy is more evenly spread out throughout the
other dimensions, while speech signal energy is usually focused on a smaller group of high-
energy eigen components. PKLT gets rid of noise components that are below the auditory
masking threshold by finding and keeping just the eigenvectors that are associated to
perceptually important components. According to (Jabloun and Champagne, 2003).
Psychoacoustic modeling is used to discover the point at which sounds are blocked by other
sounds. This idea is based on the fact that the human ear can't hear some weak noises when
there are stronger signals at nearby frequencies. PKLT guarantees that only eigen
components that are both energetic and audible to the human ear are kept by combining
both perceptual needs into the subspace filtering process. The algorithm can get rid of noise
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that isn't needed for speech without affecting vital parts of speech. At this point, a Voice
Activity Detection (VAD) (Scalart and Filho, 1996) module is included to tell the difference
between parts that are speech-active and parts that are not. To fully confirm the separation
of the signal subspace and noise subspace, the noise covariance matrix must be accurately
calculated using non-speech frames. The noisy speech is divided into overlapping frames,
placed in windows, and transformed into column vectors to enable the computation of
covariance subsequent to the determination of noise statistics. After eigen-decomposition,
the components that are preserved go via a gain function that is based on psychoacoustic
masking thresholds. After that, the better signal from the subspace is put back together. The
initial step in this process maintains speech parts with as little distortion as possible and
cuts down on noise that can't be heard. There may still be problems that do not go away,
such low-level "musical noise" and harmonic distortions, especially in voiced areas and
when the SNR is low. The Dual-Masking Harmonic-based (DMH) module obtains its output
from the PKLT because it reduces targeted residual noise and restores harmonics.

We use Harmonic Regeneration Noise Reduction (HRNR) and Two-Step Noise Reduction
(TSNR) in the DMH stage. TSNR enhances the decision-directed (DD) (Ephraim and Malah
1984; Cappe, 1994) a priori SNR estimation technique, which is effective. However, suffers
from issues such as frame-delay bias, sluggish adaptation to rapidly fluctuating noise, and
the risk of underestimating SNR during speech onsets. These could result in either sounding
weird while speech or not cutting down on noise enough for short-term frames. To address
these limitations, we add a phase term that incorporates the ramp-up time and allows us to
learn more effectively across different noise patterns. This improves the SNR estimation.
Afterwards, HRNR restores any harmonic component that could be lost or made weaker
during the initial processing. An artificial harmonic-enhanced signal is produced by HRNR
using nonlinear time-domain techniques including half-wave rectification.

‘ Noisy Signal

1 | —

Input Estimation via VAD TSNR Estimation

¥

Covariance Matrix Computation

v

Perceptual Masking Model Harmonic Masking

L ¥

Dual-Masking Harmonic-based (DMH)

(PKLT Output)

| b

[ } Gain Function Computation }
-
Eigen-Decomposition Voiced/Unvoiced Classification }

Residual Noise Suppression

Perceptually-motivated Karhunen-Loéve Transform
(PKLT)

Enhanced Signal ‘
Figure 1. Proposed Two-Stage Hybrid Speech Enhancement System.

This recovers the harmonic content that is important for quality and intelligibility in speech.

Subjectively, the voice sounds more natural and sonorous through this addition of TSNR

output with the regenerated harmonic components. PKDMH method uses perceptually

directed subspace filtering from PKLT and targeted residual noise reduction and harmonic
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reconstruction from DMH. This strikes a nice compromise between noise cancellation and
speech clarity, even in crowded areas.

3. RESULTS AND DISCUSSION

This section will cover two types of comparison. The first one involves a self-comparison
process to analyze the performance and determine the overall value of the proposed work.
Then, a comparison with other related work is made that evaluates the current system
against previous approaches to highlight its strengths and weaknesses. Experiments were
conducted using the TIMIT speech corpus (Garofolo et al., 1993), which contains clean,
phonetically balanced speech recordings. Clean utterances were artificially corrupted by
adding five types of noise—White, Pink, Car, Airport, and F16 at SNR levels of 10 dB, 5 dB, 0
dB, -5 dB, and -10dB. Objective quality is assessed using PESQ, SNRseg, Cbak, and Covl (Hu
and Loizou, 2007; Rix et al., 2001), while intelligibility is measured through STOI and PESQ
(Taal etal., 2011).

Four configurations are examined in a self-comparison study: PKLT-SEA only, DMH-SEA
only, DMH—-PKLT, and PKLT-DMH. All configurations are tested under identical
experimental setups using the same dataset, noise types, and SNR levels. Results indicate
that PKLT-DMH consistently outperforms the other configurations across all objective
metrics, PESQ, STOI, Cbak, Covl, and Csig at SNR levels of (10 dB, 5 dB, 0 dB, -5 dB, and -10
dB), achieving performance comparable to or better than recent deep learning-based
approaches such as CNN and FCNN (Al-Zubaidi et al.,, 2024), particularly in challenging
noise environments.

In both stages of the proposed system, the noisy speech signal is first sampled at 16 kHz and
segmented into overlapping frames of 20 ms duration, corresponding to 320 samples per
frame, with a 50% overlap between consecutive frames. Each frame is multiplied by a Hann
window before transformation, as it effectively reduces spectral leakage and improves
spectral estimation accuracy (Harris, 1978). This windowing strategy ensures smooth
transitions between adjacent frames and maintains spectral consistency, which is essential
for both the PKLT and DMH processing stages.

3.1 The Proposed System's Self-Evaluation

Different scenarios have been implemented to analyze the proposed SEA by using different
quality and intelligibility measures. A self-comparison between normal individual cases and
dual hybrid cases is performed. Three objective quality metrics are used to evaluate the
suggested hybrid speech enhancement system: PESQ (Perceptual Evaluation of Speech
Quality), SNRseg (Segmental Signal-to-Noise Ratio), and Cbak (Background Intrusiveness)
across three different noise types: F16, Pink, and White. Besides, five SNR levels-10 dB, -5
dB, 0dB, 5dB, and 10 dB—are used to test each noise condition. In this experiment, the noisy
(unprocessed) signal has been compared to four types of enhanced signals based on four
types of estimators to show the rate of improvement for each one. These four estimator
algorithms are PKLT (Jabloun and Champagne ;2003), DMH (Plapous et al.,, 2006), the
cascade estimator of DMH—PKLT, and finally the cascade estimators of PKLT-DMH where
the results of each processing estimators have been calculated. The comprehensive findings
are arranged in three tables: Table 1 displays PESQ scores, Table 2 displays Cbak scores,
and Table 3 displays SNRseg values.
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Tablel. PESQ for each algorithm for three types of noise with five different levels of SNR.

Results of white noise
SNR Noisy PKLT DMH DMH+PKLT | PKLT+DMH
-10 0.7361 1.1548 1.2989 1.5900 1.6000
-5 0.9793 1.4807 1.6902 2.0091 2.0091
0 1.3112 1.7684 2.1168 2.3626 2.3627
5 1.6867 2.1452 2.5331 2.7357 2.7358
10 2.0752 2.5221 2.8917 3.0407 3.0407
Results of F16 noise
SNR Noisy PKLT DMH DMH+PKLT | PKLT+DMH
-10 0.9018 0.5621 1.3570 1.3643 1.3644
-5 1.0954 1.0994 1.7676 1.8517 1.8518
0 1.4507 1.5426 2.1795 2.2900 2.3000
5 1.8150 2.0234 2.5246 2.6293 2.6294
10 2.1980 2.5009 2.8862 2.9910 2.9911
Results of pink noise
SNR Noisy PKLT DMH DMH+PKLT | PKLT+DMH
-10 0.6914 0.8921 1.3057 1.4557 1.4557
-5 0.9858 1.3093 1.7392 1.9075 1.9075
0 1.3606 1.6910 2.1508 2.2979 2.2979
5 1.7637 2.0319 2.5386 2.6666 2.6666
10 2.1630 2.5611 2.8906 2.9986 2.9986

Table 2. Cbak for each algorithm for three types of noise with five different levels SNR.

Results of white noise
SNR Noisy PKLT DMH DMH+PKLT | PKLT+DMH
-10 1.0370 1.5085 1.5146 1.6606 1.6607
-5 1.1853 1.8607 1.8952 2.0519 2.0520
0 1.5726 2.2309 2.2754 2.4139 2.4141
5 2.0528 2.6429 2.6292 2.7635 2.7636
10 2.5587 3.0373 2.9307 3.0547 3.0548
Results of F16 noise
SNR Noisy PKLT DMH DMH+PKLT | PKLT+DMH
-10 1.0412 1.0972 1.3298 1.3836 1.3837
-5 1.0966 1.3982 1.7314 1.8369 1.8370
0 1.4389 1.8295 2.1303 2.2439 2.2440
5 1.9395 2.3484 2.4874 2.6024 2.6025
10 2.4710 2.8812 2.8295 2.9530 2.9531
Results of pink noise
SNR Noisy PKLT DMH DMH+PKLT | PKLT+DMH
-10 1.0185 1.2255 1.3866 1.4381 1.4381
-5 1.1227 1.5514 1.7762 1.8457 1.8457
0 1.4389 1.9438 2.1443 2.2233 2.2233
5 1.9719 2.4375 2.5322 2.6362 2.6362
10 2.5017 2.9202 2.8509 2.9517 2.9517

The results show that the highest results have been obtained for the (PKLT—DMH)
configuration, confirming the superiority of the new hybrid estimator for speech

181



S. T. Yousif and B. M. Mahmmod Journal of Engineering, 2026, 32(3)

enhancement, where the results show a consistent trend across all noise types and
evaluation metrics. The suggested sequence performs noticeably better than both individual
algorithms and the alternative cascade (DMH—PKLT) in terms of PESQ scores Table 1,
which are a good indicator of perceptual quality, particularly at low SNR levels (-10 dB and
-5 dB). This reaffirms the advantage of using perceptual subspace reduction to remove
undetectable noise before using harmonic-based-enhancement. Where the last one (DMH)
can remove the residual noise and musical noise effectively.

Table 2 shows that the proposed (PKDMH) estimator dominates over and over again at each
step compared to both PKLT stage and DMH stage in terms of Cbak, which is a measure to
evaluate perceptual intrusiveness of background noise. The PKDMH system attenuates
residual and background noise components more effectively while maintaining the clarity of
the speech, which is reflected by smaller Cbak values for all types of noise. This
enhancement can be attributed to the complementary properties of DMH, with its
concentration on residual and harmonic structures, and PKLT as a perceptually guided noise
eliminator. By employing these mechanisms in tandem, the proposed system significantly
attenuates perceptual noise artefacts more than that achievable by any mechanism alone.

Table 3. SNRseg for each algorithm for three types of noise with five different levels of SNR.

Results of white noise
SNR Noisy PKLT DMH DMH+PKLT | PKLT+DMH
-10 -8.9562 0.3162 -2.1531 0.1617 0.1618
-5 -7.3619 1.5169 -0.6313 1.2190 1.2191
0 -4,7537 3.2980 0.6492 2.2507 2.2508
5 -1.3412 5.2758 1.7484 3.1602 3.1602
10 2.5354 7.2651 2.6705 3.9499 3.9599
Results of F16 noise
SNR Noisy PKLT DMH DMH+PKLT | PKLT+DMH
-10 -8.8856 -1.8462 -2.3950 -1.0744 -1.0744
-5 -7.2289 -0.6364 -0.7857 0.3676 0.3677
0 -4.6158 1.0069 0.4309 1.4897 1.4898
5 -1.1817 3.4880 1.6431 2.7115 2.7116
10 2.6859 6.3869 2.6387 3.7896 3.7896
Results of pink noise
SNR Noisy PKLT DMH DMH+PKLT | PKLT+DMH
-10 -8.8914 -1.5182 -2.2345 -0.7519 -0.7519
-5 -7.2466 -0.3842 -0.8374 0.3443 0.3443
0 -4.6076 1.2534 0.3926 1.3966 1.3966
5 -1.1775 3.7009 1.6047 2.8118 2.8118
10 2.6958 6.3186 2.5630 3.6240 3.6240

Remarkably, under moderate and high SNR conditions (5dB - 10 dB), the individual PKLT
algorithm performed better than the hybrid configurations in multiple instances in the
SNRseg results Table 3. This is because the PKLT algorithm preserves more of the speech
signal's temporal energy structure under cleaner conditions while suppressing noise less
aggressively than the full hybrid system. But this also supports the suggested system's
design goal, which is to provide reliable performance in extremely noisy settings. The hybrid
system, which targets harmonic patterns and uses PKLT to aid in perceptual filtering, is
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especially well-suited for high-noise environments. This combination strikes a good balance
between quality and intelligibility, which is especially useful in low-SNR environments.

The suggested hybrid system is specifically designed to function well in noisy environments.
The synergy between PKLT and DMH is most helpful in these situations, where speech
quality and intelligibility are significantly reduced. The DMH stage refines the outcome by
boosting harmonically structured speech elements, while the PKLT component guarantees
strong suppression of masked and low-energy noise components. While SNRseg may be
higher for PKLT alone at moderate and high SNRs due to greater energy preservation, this
does not reflect performance under adverse conditions.

At low SNR levels, the hybrid cascade consistently provides more stable enhancement by
effectively suppressing residual and harmonic noise that PKLT alone cannot fully remove.
This leads to improved perceptual quality and intelligibility, even if the corresponding
SNRseg gains are moderate. Therefore, the observed SNRseg behavior highlights the
system’s robustness in challenging noise environments rather than a limitation of the
proposed approach. When comparing the single-stage methods with the two-stage
suggested hybrid system and found that (PKLT—=DMH) exhibits improved robustness and
effectiveness in the overall conditions, especially in unfavorable acoustic environments,
which are considered the most complex cases.

3.2 Comparative Analysis based on Speech Intelligibility

According to a detailed data analysis report, which mainly considers speech intelligibility
obtained from the Short-Time Objective Intelligibility (STOI) measure, we have found that
the proposed PKDMH estimator outperforms all other techniques under different noise
situations. The hybrid approach consistently produced the highest STOI scores, with 0.84
and 0.91 for airport and car noise types at SNR of 5 dB and 10 dB, respectively, as illustrated
in Fig. 2. Both of them are far below these values for classical and composite lattice systems.
In particular, among the more complex hybrid models such as DD+TSNR+HRNR,
MMSE+DD+TSNR+HRNR, and Log-MMSE +DD+TSNR+HRNR as described in (Nasir and
Abdulmohsin, 2025), showed further degradation under difficult conditions, with scores
falling as low as 0.44-0.51. (Hattaraki and Kambalimath, 2024), The spectral subtraction
approach failed to surpass an STOI score of 0.78. This scheme demonstrates how well the
suggested framework maintains crucial speech cues that are necessary for intelligibility,
especially in authentic acoustic situations.

Additionally, the suggested PKDMH estimate also exhibits its dominance in the Perceptual
Evaluation of Speech Quality (PESQ) results, which represent the overall perceived
naturalness and clarity of the speech signal. The PKDMH approach outperformed all
competing methods, consistently achieving PESQ scores between 2.25 and 2.85 in both noise
scenarios. Interestingly, under moderate noise conditions, the Spectral Subtraction method
(Hattaraki and Kambalimath, 2024) occasionally yielded higher PESQ values, but it
performed worse in STOI, suggesting a trade-off between perceived quality and intelligibility.
The proposed hybrid system, however, achieved high scores for both measures throughout,
which implies a well-balanced enhancement strategy. These results support the successful
combination of PKLT and DMH modules that improve speech robustness as well as audibility
and perceptual acceptability, offering a robust and practical solution for noisy environments
in which quality accuracy is important.
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Figure 2. The comparison results of two noise conditions between the proposed algorithm and
other SEA for PESQ and STOI. Spectral Subtraction (SS), DD+TSNR+HRNR(DTH),

MMSE+DD+TSNR+HRNR(MDTH), Log-MMSE+DD+TSNR+HRNR(LMDTH), Our Hybrid Estimator

0 -

3.3 Comparison of Overall Performance Based on Multi-Metric Evaluation

To test the quality of the enhanced signal, four common objective evaluation measures were
used in a multi-metric comparison that fully evaluate the efficacy of the suggested hybrid
estimator: Perceptual Evaluation of Speech Quality (PESQ), Segmental Signal-to-Noise Ratio
(SNRseg), Background Intrusiveness (Cbak), and Overall, Speech Quality (Covl). Three types
of noise were used for the comparison purpose: white, pink, and F16 at two critical levels of
SNRratio, 0 dB and -5 dB. Current baseline methods like Gaussian-Gaussian Bayesian models
and Laplace-Laplace (Awad et al., 2023) are used to compare, since they are considered
related to the proposed work. and the comparison shown in Table 4 also included a deep
learning-based DCHT algorithm (Yousif et al., 2023). It is good to mention that PESQ in
general, can be used to evaluate the quality and intelligibility of the enhanced speech signal.
As shown in Table 4, the proposed hybrid system consistently outperformed its competitors
on all metrics. At a signal-to-noise ratio of 0 dB, the pink and white noises produced by the
hybrid systems have scores of 2.36 and 2.29, respectively. The scores for the baseline
approaches were usually between 1.0 and 1.06; our outcomes more than doubled those
scores. This suggests that perceptual clarity has significantly improved. Additionally, under
-5 dB conditions, where conventional models frequently degraded to -2.8 dB or lower, the
hybrid system demonstrated strong SNRseg performance, with values reaching 2.25 at 0 dB
SNR, in contrast to near-zero or negative values for other methods. This demonstrates how
resilient the hybrid estimator is at maintaining signal energy even in the face of extreme
noise. This advantage is also consolidated by the scores in Cbak, where it can be observed that our
hybrid system steadily and gradually diminished nuisances at the background (e.g., 2.41 for White
noise at 0 dB), while other approaches either did not report such a score or produced considerably
lower values. Ultimately, the PKDMH system achieved values above 2.0 for Covl scores, which
measure the overall acceptability of the improved speech. This suggests a well-balanced
trade-off between quality and intelligibility, an area where other models struggled, rarely

184



S. T. Yousif and B. M. Mahmmod Journal of Engineering, 2026, 32(3)

surpassing 1.08. Together, these findings demonstrate the PKDMH structure’s superiority
over statistical and deep learning-based baselines in demanding acoustic settings. The
steady improvements in PESQ, SNRseg, Cbak, and Covl demonstrate its ability to reduce
noise while maintaining perceptual quality and intelligibility at the same time.

Table 4. Comparative evaluation of different methods with the proposed method.

SNR db Type Methode PESQ SNRseg cbak covl
Laplace + Laplace 1.06 0.04 - 1
white Gaussian+Gaussian 1.06 0.04 - 1
FCNN-based DCHT - 0.07 1.81 -
Our hybrid estimator 2.36 2.25 241 2.18
0 db SNR Laplace + Laplace 1 0.12 - 1.08
pink Gaussian+Gaussian 1 0.12 - 1.08
FCNN-based DCHT - -1.03 1.63 -
Our hybrid estimator 2.29 1.40 2.22 2.15
Laplace + Laplace 1.03 -2.84 - 1
white Gaussian+Gaussian 1.03 -2.68 - 1
FCNN-based DCHT - -1.54 1.63 -
Our hybrid estimator 2 1.22 2.05 1.61
-5 db SNR Laplace + Laplace 1 -2.84 - 1.03
pink Gaussian+Gaussian 1 -2.84 - 1.03
FCNN-based DCHT - -2.61 1.44 -
Our hybrid estimator 1.9 0.34 1.84 1.57

3.4 Analysis of the Improvement Rate Compared to Baseline Deep Learning Methods.

In this section, a differential evaluation was carried out in relation to unprocessed noisy
signals in order to measure the extent of enhancement brought about by the suggested
hybrid estimator. The differential evaluation measures the rate of improvement between the
noisy and the enhanced signals. Using five objective metrics—PESQ, SNRseg, Cbak, Covl, and
Csig—the comparison focused on three different stationary and non- stationary types of
noise: White, Pink, and F16—under three SNR conditions (0 dB, 5 dB, and 10 dB). The net
improvement attained by each method in comparison to the noisy baseline is shown in Figs.
3 to 5. The proposed estimator is compared to speech enhancement that uses DL to show its
performance against these types of related works.

The findings unequivocally show that the suggested hybrid system produces noticeably
higher gains on every evaluation metric. The hybrid estimator, for example, outperformed
both CNN and FCNN methods (Al-Zubaidi et al., 2024), whose improvements stayed below
+0.3 for PESQ and under +0.6 for Csig, improving PESQ by +1.051, Csig by +1.226, and
SNRseg by +7.005 in the case of white noise at 0 dB SNR. Patterns under pink and F16 noise
were similar. The hybrid system demonstrated PESQ gains of +1.049 (white noise) and
+0.903 (pink noise) at 5 dB SNR, while SNRseg increased by up to +6.1 when F16 noise was
present. All approaches demonstrated some improvement at higher SNR conditions (10 dB),
but the hybrid estimator consistently produced the largest differential gains. For instance,
under pink noise, the hybrid approach improved PESQ by +0.836 as opposed to +0.362 for
FCNN, and Covl increased to +1.108 as opposed to +0.837. These results confirm that the
proposed PKDMH design achieves noticeably higher restoration from the noisy baseline
than other benchmark methods, in addition to improving speech's absolute quality and
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intelligibility. Its robustness and effectiveness in actual noisy environments are highlighted
by its superior differential performance across different types of noise and SNR levels.
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Figure 3. Comparison of different metrics across three SNR levels based on the white noise
condition.
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Figure 4. Comparison of different metrics across three SNR levels based on the pink noise
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Figure 5. Comparison of different metrics across three SNR levels based on the F16 noise
condition.

The performance of the PKLT-DMH cascade originates from this complementary function
in the two stages and their sequential connection. In the first pass, PKLT applies a
perceptually motivated subspace filtering to suppress inaudible and perceptually irrelevant
noise components while retaining the dominant speech structures. Such a processing stage
would yield a spatially smoother estimate size with lower white noise energy, but it may
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leave residual harmonic and structured noise components, especially under low-SNR and
non-stationary conditions.

This second stage, DMH, specializes in detecting the remaining part of them. Using two-
sided SNR estimation and harmonic-residual masking, DMH concentrates on voiced
segments and harmonics that are not covered at all by subspace projection only. Used in
conjunction with PKLT, DMH can process a cleaner input signal to perform harmonic
regeneration and masking more accurately and with minimum speech distortion.
Consequently, this cascaded order allows for progressive noise suppression; PKLT
discriminates against perceptually irrelevant noise in a first stage, and then DMH operates
on the result, attenuating remaining and harmonic noise artifacts.

4. CONCLUSIONS

In this work, a novel two-stage hybrid speech enhancement (SE) estimator called PKDMH is
introduced, which combines the Perceptually motivated Karhunen-Loéve Transform
(PKLT) and the Dual-Masking Harmonic-based (DMH). The PKLT stage uses psychoacoustic
masking and subspace projection to reduce perceptually unimportant noise while keeping
the important speech structures in place, leading to a perceptually enhanced version of the
signal being fed into the DMH stage. This stage further refines the target signal, improving
voiced speech by transforming residual and harmonic noise patterns. Extensive
experimentation using the TIMIT dataset, which included five noise types (White, Pink, F16,
Airport, and Car) at various signal-to-noise ratios (SNRs), showcased the effectiveness of the
PKDMH framework. It was evaluated against its constituent components and state-of-the-
art methods using PESQ, STOI, SNRseg, Cbak, and Covl metrics. Results showed that the
PKLT—DMH structure constantly achieves superior results than other competitors and even
single methods, especially when SNR is low. Further comparisons were compared over its
ingredients and state-of-the-art methods, including PESQ, STOI, SNRseg, Cbak, and Covl.
Results showed that the PKLT—-DMH structure constantly achieves superior results than
other competitors and even single methods, especially when SNR is low. Finally, we note
that the PKDMH framework is a strong perceptually motivated approach that is based on a
sensible processing order, and future pursuit of adaptive parameter tuning or learnable
modules might lead to stronger generalization in noise.
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