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�Degree of noise impact is not uniform across the 
speech spectrum or phoneme sequence.

�Regions of low SNR in the spectrum more adversely 
affected than high SNR.

�SNR variation across the spectrum depends on both: 
phoneme class and noise characteristics .

�Require phoneme class selective enhancement
algorithm. 

Noisy Audio 
Stream

Performance  Speech System / 
Human Listener
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� Each phoneme class is distorted differently for eac h 
noise type
� Based on Frequency content, articulatory structure,  
influence of noise for that phoneme, and stationari ty of 
noise
� Speech Class type adaptation for enhancement:

� McAulay & Malpass (IEEE Trans. ASSP 1980) – soft-
decision noise suppression
� Hansen & Arslan (IEEE Trans. SAP 1995) – HMM 
based phone class partitioning for AutoLSP
� Das & Hansen, (Interspeech-07) - Class Constrained 
ROVER Based Speech Enhancement
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�Gain functions of current algorithms (e.g. MMSE) rely on 
Apriori/Aposteriori SNR. Gains are limited.

�Can we do better? Could generate a family of gain 
functions & provide more enhancement coverage.
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� Modify Error Function to place more weight on spectral 
valleys (low SNR region) than peaks (high SNR region). 

� Hence, new error function is Weighted Euclidean 
distortion (WED) , can account for perceptual criterion 
better.

� Emphasize errors during valleys:

� Emphasize errors during peaks:
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�Generalized Spectral Subtraction (GSS) 
(Sim, et al [1]) model: 

�Optimize         to minimize MSE:            
�GSS-U (Unconstrained) model:
�GSS-C (Constrained) model:                                          

[1] B. L. Sim, Y. C. Tong, J. S. Chang, and C. T. Ta n, “A parametric formulation of the generalized 
spectral subtraction method,” IEEE Trans. Speech Aud io Process., vol. 6, pp. 328–337, July 1998 .
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�Propose optimizing            to minimize WED:            

�WED optimized coefficients:

�Substitute these coefficients in the GSS model to form 
parametric estimators. Offer better flexibility.

�MSE optimized coefficients = Special case of WED 
optimized coefficients when              . 
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� Q1: speech region,                   
� Q2: unlikely region, 
� Q3: noise-only region, 
� Q4: musical noise region, 

� SU:Sim et al. (Baseline) 
GSS-Unconstrained
�ββββU: Proposed GSS-beta 
Unconstrained 
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�Three Broad Phoneme Class (BPC) types: 
� Sonorants (vowels, nasals, semivowels). 

� Obstruents (fricatives, affricates, stops).

� Silence. 

�Parametric beta estimators (GSS-BU, GSS-BC) may be 
tuned to adapt to each BPC.
� Sonorant estimator   Best enhances sonorants only .

� Obstruent estimator  Best enhances obstruents only .

� Outputs from each estimator converted to MFCC. Decide weights of
each estimator at each frame. Soft combine weights and generate 
composite utterance. Mechanism is similar to ROVER (Das & 
Hansen, Interspeech-07).

� Noisy speech can be modeled by the MIXMAX (mixture maximum) 
model and can be used to classify sonorants/obstruents. 
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�GMMs for sonorants (X), obstruents (Y): 
MFCCs, N mixtures, K components:

�GMM for silence (D): MFCC,1 mixture, K components:

� MIXMAX model for noisy speech (Z):

[2] A. Nadas, D. Nahamoo, M.A. Picheny, ``Speech recognition using noise-adaptive 
prototype," IEEE Trans. Speech & Audio Proc., 37(10):1495-1505, Oct. 1989.
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� Results are based on 32 tokens from TIMIT test corpus
� Metrics: Segmental-SNR, Itakura-Saito (IS) Distortion 
� GMMs trained from 300 tokens, # mixtures = 16 (sonorants, obstruents), 

1 (silence); 39-dim MFCC based GMMs.
� Noise Types: Flat communications channel noise (FLN, mostly stationary), 

large crowd noise (LCR, mostly non-stationary).
� Acronyms used in figures (next slides): 

Baseline Parametric ROVER

MMSE (Ephraim-Malah) [3] WC (WED Chi) [5] RWC (ROVER WED Chi ) [5]

JMAP (Wolfe-Godsil Joint-
MAP) [4]

JC (JMAP Chi) [5] RJC (ROVER JMAP Chi) [5]

GU (Sim et al., GSS 
Unconstrained)

GBU (GSS-Beta 
unconstrained)

RGBU (ROVER GBU)

GC (Sim et al., GSS 
Constrained)

GBC (GSS-Beta 
Constrained)

RGBC (ROVER GBC)

[3] Y. Ephraim, D. Malah, “Speech enhancement using a minimum mean-square error short-time amplitude 
estimator,” IEEE Trans. ASSP, 32(6):443-445, Dec 1984.
[4] P. J. Wolfe, S. J. Godsill, “Efficient alternatives to the Ephraim and Malah suppression rule for audio 
signal enhancement,” EURASIP J. App. Sig. Process., vol. 10.
[5] A. Das. J.H.L. Hansen,  “Broad phoneme class based speech enhancement using the Mixture Maximum 
Model,” ICASSP-10, 4762-4765, March 2010. 
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ROVs > Baselines
Best ROV: RJC

ROVs > Baselines
Best ROV: RJC

ROVs > Baselines
Best ROV: RJC, RGBUROV > Baseline (-5, 0, 5)

Best: RGBU

Baseline > ROV(10)
Best: GC

SegSNR Increase = SegSNR Enhanced Speech SegSNR Increase = SegSNR Enhanced Speech –– SegSNR Noisy SpeechSegSNR Noisy Speech

ROVER based
Solutions clearly

Outperform individual
Estimator solutions
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ROVs > Baselines
Best ROV: RJC

ROVs > Baselines
Best ROV: RJC

ROVs > Baselines
Best ROV: RJC, RGBU

ROV > Baseline (-5, 0)
RJC (-5), RGBC (0)

Baseline > ROV (5, 10)
GC (5, 10)

SegSNR Increase = SegSNR Enhanced Speech SegSNR Increase = SegSNR Enhanced Speech –– SegSNR Noisy SpeechSegSNR Noisy Speech

ROVER based
Solutions clearly

Outperform individual
Estimator solutions
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�Parametric GSS-βU, GSS-βC estimators.
�Parametric estimators can be pre-tuned per 

phoneme class but may not perform well across 
all classes.

�ROVER based paradigm to pick phoneme class 
segments from parametric pre-tuned estimators 
and form a single composite utterance.

� ROVER based estimators outperform baseline 
and parametric estimators across most 
combinations of FLN/LCR noise types and 
global SNRs.  
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