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Abstract— Nowadays, the real time noise suppression systems struggle by introducing temporal 
lag and perceptual artifacts in the speech assistive devices. This paper proposes an real time 
auditory-aware noise spectral tracking methodology which merges both the critical bandwidth 
analysis and the SNR refinement architecture. This proposed method uses decision-directed 
recursive technique with a Joint Maximum a Posteriori (JMAP) correction which minimizes the 
frame delay by incorporating frequency-dependent masking threshold derived from Bark-scale 
critical bands. It applies a noise-to-masking ratio adaptive weight in the noise estimator to 
modulate the noise spectral suppression depending on the level of the a posteriori SNR values. 
Results using TIMIT speech database degraded by stationary white noise to highly non 
stationary babble noise including factory, street, and Himalayan Snow fall noise interference at 
various noise levels (0 - 20 dB SNR) demonstrated that the developed noise estimator 
outperformed in terms of PESQ (up to 3.65), STOI (up to 0.985), and segmental SNR against 
the state of the art noise estimation techniques available till now. 
 
Keywords— Speech enhancement · noise estimation · perceptual weighting · Bark scale · 
sigmoid adaptation · JMAP refinement · auditory masking. 

I. INTRODUCTION 

In Speech assistive devices, the intelligibility improvement remains challenging task especially in a real time 
noisy conditions. Low intelligibility is critical in communication systems, hearing aids, and assistive devices and 
impose a constrain to communicate from the noisy conditions. In real time situations where noise is also in the 
channel with speech, it ubiquitously degrades the signal quality during the transmission [7]. To address this 
issue, the Speech Enhancement techniques leverage the frequency-domain STFT processing. 
Traditional speech enhancement methods uses the voice activity detection (VAD) and continuous tracking 
approaches. In VAD-based approaches, falter at sub-5 dB SNR in non-stationary environments [1]. However, in 
Non-VAD recursion methods such as Minimum Statistics exhibits a huge tracking lag which can be seen in 
improved minima controlled recursive averaging (IMCRA), speech presence probability (SPP) weights although 
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offer small improvement yet these methods assume the standard Gaussian statistics that non-stationary noise 
spectrum clearly violates [2, 10]. Later the MMSE-Bayesian unbiased estimators reduce tracking complexity but 
employ fixed thresholds to achieve faster tracking [4]. Using Sigmoid function [23], successfully tackled the non 
stationary noise spectrum by providing the smooth transitions, but it treated all frequencies uniformly and 
ignoring the very important human auditory system. 
On the other hand, deep learning methods achieve better tracking statistics but demand high computa-tional 
resources which is not possible in constraining in the small size hearing aid devices. The main critical omission 
across state of the art methods is the psycho-acoustic integration of human auditory system, critical band 
frequency selectivity, absolute thresholds, and simultaneous frequency masking phenomena [15]. As a result, the 
noise below masking thresholds is inaudible whilst aggressive suppression of masked components introduces 
huge suppression of speech component which results distortion and musical noise. 
The following Main contributions has been achieved from this paper as follows 
 A dual-stage SNR refinement: DD smoothing (α = 0.96) followed by JMAP correction (balance 0.999), 

reducing frame lag. 
 Perceptual modeling via 24 critical bands (Bark scale) with frequency-dependent absolute thresholds and 

masking computations. 
 Noise-to-masking ratio (NMR) piecewise weight adaptively controlling suppression across frequency. 
 SNR- and frequency-dependent smoothing coefficient enabling aggressive tracking at low SNR, conser-

vative smoothing at high SNR. 
 Comprehensive validation on TIMIT with white, factory, street, babble noise confirming 

PESQ/STOI/SegSNR superiority. 

II. NOISE TRACKING SYSTEM MODELING 

The speech in observed noisy situation is modeled as additive uncorrelated mixture:  

y(t) = x(t) + n(t). (1) 

STFT segmentation (frame length L = 256 samples, hop S = 128, FFT size 1024, fs = 8 kHz, Ham-ming 
window) produces frequency-bin representations. The noisy spectrum satisfies PSD additivity under 
independence: 

λY (k, n) = λS(k, n) + λD(k, n). (2) 

A posteriori and a priori SNR are defined: 

 

A. Dual-Stage A Priori SNR Refinement 

Stage 1 (Decision-Directed): Classical DD recursion: 

 

Stage 2 (JMAP Refinement): Instantaneous speech PSD: 

λS,inst(k, n) = max[|Y (k, n)|2 − λ̂D (k , n), 0]. (5) 

Hybrid estimate via balance factor αjmap = 0.999: 

 
This reduces DD lag while maintaining stability. 
(k, n) + ϵ 
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B. Perceptual Modeling: Critical Bands and Masking Bark Scale Mapping: Perceptual frequency (B in Bark): 

 
The 8 kHz bandwidth spans approximately 17.4 Bark. Dividing into Nb = 24 uniform Bark intervals yields 
frequency-mapped critical band edges. 
Absolute Threshold: Frequency-dependent hearing floor (ISO 226 simplification) is piecewise constant: 40 dB SPL 
for f < 100 Hz down to 5 dB SPL at 1–4 kHz range, then rising to 15 dB SPL above 4 kHz. 
Masking Threshold: For bin k in critical band i: 

Tmask(k, n) = max [0.1 · Pband(i, n), Tabs(i)] , (8) 

where Pband is the average noisy power within the band. 

C. Noise-to-Masking Ratio and Weighting 

NMR quantifies auditory prominence of noise: 

 

Piecewise perceptual weight: 

 

Masked regions (NMR < 0.3) apply moderate suppression (0.4–0.52), partially masked bands (0.3–1.0) increase 
to 0.65–1.0, and unmasked regions enforce maximum attenuation (1.0). 

D. Adaptive Smoothing and Sigmoid Update 

Frequency-dependent smoothing factors: 
η1 = exp(−0.704), (11) 
η2 = exp(−0.44), (12) 
η3 = exp(−0.0001467)  
selected based on frequency: η1 for f ≤ 50 Hz, η2 for 50 < f ≤ 3000 Hz, η3 for f > 3000 Hz. 
SNR-dependent factor αh(k, n) ranges 0.4–3.0 across 8 thresholds (–15 to 20 dB in 5 dB steps), enabling 
aggressive tracking at low SNR. 
Sigmoid parameters: ξopt = 50.12 (17 dB), yielding slope σa ≈ 0.9804, center σc ≈ 4.010 
Furthermore, the smoothing factor is depending on the current a posteriori SNR γ(k, n) to enable aggressive 
tracking of the noise spectrum in a very low-SNR conditions and adds a conservative smoothing when the SNR 
condition is high. The SNR-dependent factor is: 

 

These thresholds correspond to a posteriori SNR values of -15 dB, -10 dB, -5 dB, 0 dB, 5 dB, 10 dB, 15 dB, and 
20 dB, respectively. 
Sigmoid Membership Function The sigmoid membership function computes a soft decision indicating the 
probability that the current observation is dominated by noise: 
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The exponent 1/αh(k, n) modulates the sensitivity of the sigmoid function to variations in γ(k, n). Higher values 
of αh(k, n) (corresponding to higher SNR) reduce the effective slope, making the decision boundary smoother and 
reducing abrupt transitions. 

 
Fig. 1: Noise Gain performance for varying αh(k, n) & ω(k, n) for different instantaneous SNR conditions. 

Perceptually Weighted Soft Decision The perceptual weight ω(k, n) is incorporated into the soft decision by 
applying an exponent: 
The exponent 1/ω(k, n) amplifies the sigmoid output when ω(k, n) < 1, making the noise update more aggressive 
in frequency bins where the noise is perceptually masked. Conversely, when ω(k, n) = 1 (unmasked regions), the 
soft decision is applied directly. 
Noise PSD Update The noise PSD is updated using the perceptually weighted soft decision sN (k, n): λ˜D(k, n) = 
ω(k, n)λˆD(k, n − 1) + (1 − ω(k, n))|Y (k, n)|2. (16) 
This intermediate estimate blends the previous noise PSD estimate with the current noisy power, weighted by the 
perceptual weight. The final noise PSD update is: 
λˆD(k, n) = sN (k, n)λˆD(k, n − 1) + (1 − sN (k, n))λ˜D(k, n). (17) Expanding this expression: 
Simplifying: 
λˆD(k, n) = sN (k, n)λˆD(k, n − 1) 
+ (1 − sN (k, n)) hω(k, n)λˆD(k, n − 1) 
+(1 − ω(k, n))|Y (k, n)|2  
λˆD(k, n) = [sN (k, n) + (1 − sN (k, n))ω(k, n)] λˆD(k, n − 1) 
+ (1 − sN (k, n))(1 − ω(k, n))|Y (k, n)|2. (18) 

TABLE I: PESQ PERFORMANCE COMPARISON UNDER DIFFERENT NOISE TYPES [FRAME SIZE 32MS] 

 

III. EXPERIMENTAL EVALUATION 

To evaluate the performance of the proposed perceptually weighted sigmoid noise estimator, comprehensive 
experiments were conducted on the TIMIT speech database [25]. A total of 12 phonetically balanced speech 
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sentences were selected, comprising six male and six female speakers. Each sentence has a duration of 
approximately 4.5 seconds. The speech signals were down-sampled from 16 kHz to 8 kHz to match the sampling 
rate used in the proposed method. To simulate realistic recording conditions, 0.5 seconds of initial silence was 
prepended to each speech sample. 
Results demonstrate consistent PESQ advantages in babble (up to +0.37 at 15 dB) and street noise. STOI 
preservation in 50–2000 Hz critical band validates auditory modeling. Segmental SNR improvements confirm 
noise tracking fidelity without speech distortion. 

IV. RESULT ANALYSIS 

The experimental results demonstrate that the proposed framework consistently achieves superior enhance-ment 
performance across all evaluated noise conditions and SNR levels. As tabulated in 1, the proposed method yields 
noticeable improvements in PESQ scores compared to conventional approaches, particularly under low SNR 
conditions (0 dB and 5 dB). This improvement can be directly attributed to the adap-tive SNR estimation 
strategy formulated in (15), which effectively balances instantaneous and smoothed spectral information. Unlike 
traditional estimators that exhibit delayed response, the proposed formulation enables faster adaptation to abrupt 
noise variations, thereby improving robustness in highly non-stationary environments such as babble and street 
noise. 
The derived gain function in (15) is closely examined and from the gain plot with varying parameters (α, ω) 
clearly reveals that incorporating the perceptual masking controls the noise suppression. This is done by 
assigning higher noise spectral suppression while preserving masked regions. This resulted in the reduction of 
unnecessary over estimation of speech spectral components. In contrast, existing state of the art methods perform 
either an over-suppression or leave residual noise component, i.e., resulting in degraded perceptual quality. 
The adaptive changes in smoothing constant is governed by Eq. (14) and contributes to the Sigmoid-based noise 
controlling. This allows frequency-dependent adaptation to ensure that low-frequency components are preserved 
with minimal distortion, which are essential for speech intelligibility, whilst high-frequency noise component is 
more aggressively attenuated. This adaptive controlling is beneficial in highly non-stationary real time noisy 
environments such as babble of Himalayan Snow fall noise, where spectral characteristics vary significantly over 
time. As evident from table 1, 2 and 3, the proposed method maintains stable improvement across all frequency 
bands without introducing any abrupt distortion over the existing state of the art methods. 

TABLE II: STOI PERFORMANCE COMPARISON UNDER DIFFERENT NOISE TYPES [FRAME SIZE 32MS] 

 

Overall, the strong approval and alignment between theoretical noise estimator design and experimen-tal 
validations establishes that the proposed method effectively outperforms across diverse real time noisy 
conditions and making the noise is well-suited for real time practical speech assistive applications. 

V. CONCLUSION 

The proposed noise framework clearly indicated the performances in real time noisy conditions by combining 
statistical estimation with auditory modeling principles effectively. The dual-stage SNR refinement integra-tion 
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with perceptual masking-based weighting, and adaptive smoothing mechanisms controls the system to achieve 
consistent improvements in both the speech quality and intelligibility across a wide range of highly non 
stationary noise conditions. The experimental findings clearly demonstrated that the proposed method is not only 
outperforming over the existing state of the art methods in terms of PESQ, STOI, and segmen-tal SNR, but also 
maintaining the consistent behavior under highly non-stationary and extreme low SNR environments. 
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