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Abstract 

In this paper we propose the inversion of nonlinear 
distortions in order to improve the recognition rates of a 
speaker recognizer system. We study the effect of 
saturations on the test signals, trying to take into account 
real situations where the training material has been recorded 
in a controlled situation but the testing signals present some 
mismatch with the input signal level (saturations). The 
experimental results shows that a combination of several 
strategies can improve the recognition rates with saturated 
test sentences from 80% to 89.39%, while the results with 
clean speech (without saturation) is 87.76% for one 
microphone. 

1. Introduction 

This paper proposes a non-linear channel distortion 
estimation and compensation in order to improve the 
recognition rates of a speaker recognizer. Mainly it is 
studied the effect of a saturation on the test signals and the 
compensation of this non-linear perturbation. This paper is 
organized as follows. Section 2 describes the Wiener model, 
its parameterization, and obtains the cost function based on 
statistical independence. Section 3 summarizes the speaker 
recognition application. Section 4 deals the experiments 
using the blind inversion in conjunction with the speaker 
recognition application. 

2. Non-parametric approach to blind 
deconvolution of nonlinear channels 

When linear models fail, nonlinear models appear to be 
powerful tools for modeling practical situations. Many 
researches have been done in the identification and/or the 
inversion of nonlinear systems. These works assume that 
both the input and the output of the distortion are available 
[1]; they are based on higher-order input/output cross-
correlation [2], bispectrum estimation [3, 4] or on the 
application of the Bussgang and Prices theorems [5, 6] for 
nonlinear systems with Gaussian inputs. However, in a real 
world situations, one often does not have access to the 
distortion input. In this case, blind identification of the 
nonlinearity becomes the only way to solve the problem. 
This paper is concerned by a particular class of nonlinear 
systems, composed by a linear filter followed by a 

memoryless nonlinear distortion (figure 1, top). This class of 
nonlinear systems, also known as a Wiener system, is a nice 
and mathematically attracting model, but also a realistic 
model used in various areas [7]. We use a fully blind 
inversion method inspired on recent advances in source 
separation of nonlinear mixtures. Although deconvolution 
can be viewed as a single input/single output (SISO) source 
separation problem in convolutive mixtures (which are 
consequently not cited in this paper), the current approach is 
actually very different. It is mainly based on equivalence 
between instantaneous postnonlinear mixtures and Wiener 
systems, provided a well-suited parameterization. 
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Figure 1: The unknown nonlinear convolution system (top) 
and the proposed inversion structure (bottom). 

2.1. Model and assumptions 

We suppose that the input of the system S={s(t)} is an 
unknown non-Gaussian independent and identically 
distributed (i.i.d.) process, and that subsystems h, f are a 
linear filter and a memoryless nonlinear function, 
respectively, both unknown and invertible. We would like to 
estimate s(t) by only observing the system output. This 
implies the blind estimation of the inverse structure (figure 
1, bottom), composed of similar subsystems: a memoryless 
nonlinear function g followed by a linear filter w. Such a 
system is known as a Hammerstein system. Let s and e be 
the vectors of infinite dimension, whose t-th entries are s(t) 
or e(t), respectively. The unknown input-output transfer can 
be written as: 
 

( )f= He s  (1) 
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where:  (2) 
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is an infinite dimension Toeplitz matrix which represents the 
action of the filter h to the signal s(t). The matrix H is non-
singular provided that the filter h is invertible, i.e. satisfies  

h-1∗h(t) = h∗h-1(t) = δ(t), where δ(t) is the Dirac impulse. 
The infinite dimension of vectors and matrix is due to the 
lack of assumption on the filter order. If the filter h is a finite 
impulse response (FIR) filter of order Nh, the matrix 
dimension can be reduced to the size Nh. In practice, because 
infinite-dimension equations are not tractable, we have to 
choose a pertinent (finite) value for Nh. 
Equation (1) corresponds to a post-nonlinear (pnl) model [8]. 
This model has been recently studied in nonlinear source 
separation, but only for a finite dimensional case. In fact, 
with the above parameterization, the i.i.d. nature of s(t) 
implies the spatial independence of the components of the 
infinite vector s. Similarly, the output of the inversion 
structure can be written  with xy W= ( ) ( )( )tegtx = . 
Following [8, 9] the inverse system (g, w) can be estimated 
by minimizing the output mutual information, i.e. spatial 
independence of y which is equivalent to the i.i.d. nature of 
y(t). 

2.2.  Cost function 

The mutual information of a random vector of dimension n, 
defined by 
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=

−=
n

i
nii zzzHzHZI

1
2 ,...,,  (3) 

can be extended to a vector of infinite dimension, using the 
notion of entropy rates of stationary stochastic processes 
[10] 
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where τ is arbitrary due to the stationarity assumption. We 
can notice that I(Z) is always positive and vanishes iff z(t) is 
i.i.d. Since S is stationary, and h and w are time-invariant 
filters, then Y is stationary too, and I(Y) is defined by 
( ) ( )( ) (YHyHYI −τ= )     (5) 

Using the Lemma 1 of [9], the last right term of equation (5) 
becomes 
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Moreover, using  and the stationarity of 
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Combining (6) and (7) in (5) leads finally to: 
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3. Speaker recognition 

One of the main sources of degradation in speaker 
recognition is the mismatch between training and testing 
conditions. For instance, in [11] we evaluated the relevance 
of different training and testing languages, and in [12] we 
also studied other mismatch, such as the use of different 
microphones. 
In this paper, we study a different source of degradation: 
different input level signals in training and testing. Mainly 
we consider the effect of a saturation. We try to emulate a 
real scenario where a person speaks too close to the 
microphone or to loud, producing a saturated signal. Taking 
into account that the perturbations are more damaging when 
they are present just during training or testing but not in both 
situations, we have used a clean database and artificially 
produced a saturation in the test signals. Although it would 
be desirable to use a “real” saturated database, we don’t 
have this kind of database, and the simulation give us more 
control about “how the algorithm is performing”. 
Anyway, we have used a real saturated speech sentence in 
order to estimate the nonlinear distortion using the algorithm 
described in section 2 and the results have been successful. 
Figure 2 shows a real saturated speech frame and the 
corresponding estimate of the NL perturbation. 
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Figure 2: Saturated frame and the estimated channel 
function. 

3.1. Database 

For our experiments we have used a subcorpora of the Gaudi 
database, that follows the design of [13]. It consists on 49 
speakers acquired with a simultaneous stereo recording with 
two different microphones (AKG C-420 and SONY 
ECM66B). The speech is in wav format at fs=16 kHz, 16 
bit/sample and the bandwidth is 8 kHz. 
We have applied the potsband routine that can be 
downloaded from: 
http://www.ee.ic.ac.uk/hp/staff/dmb/voicebox/voicebox.html
in order to obtain narrow-band signals. This function meets 
the specifications of G.151 for any sampling frequency. 
The speech signals are pre-emphasized by a first order filter 
whose transfer function is H(z)=1-0.95z-1. A 30 ms 
Hamming window is used, and the overlapping between 
adjacent frames is 2/3. One minute of read text is used for 
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training, and 5 sentences for testing (each sentence is about 
two seconds long). 

3.2. Speaker recognition algorithm 

We have choose a second-order based measure for the 
recognition of a speaker. 
In the training phase, we compute for each speaker empirical 
covariance matrices (CM) based on feature vectors extracted 
from overlapped short time segments of the speech signals, 

i.e., , where  denotes estimate of the mean 

and x

[ T
nnj xxEC ˆ= ] Ê

n represents the features vector for frame n.  As features 
representing short time spectra we use mel-frequency 
cepstral coefficients. 
In the speaker-recognition system, the trained covariance 
matrices (CM) for each speaker are compared to an estimate 
of the covariance matrix obtained from a test sequence from 
a speaker. An arithmetic-harmonic sphericity measure is 
used in order to compare the matrices [14]: 

( ) ( )lCCCCd testjjtest log2)tr()tr(log 11 −= −− , 

where denotes the trace operator, l is the dimension of 

the feature vector, C

)tr(⋅
test and Cj is the covariance estimate 

from the test speaker and speaker model j, respectively. 

4. Experiments and conclusions 

Using the database described in section 3, we have 
artificially generated a test signal database, using the 
following procedure: 
 All the test signals are normalized to achieve unitary 

maximum amplitude. 
 A saturated database has been artificially created using 

the following equation: 
( )kxtanhx =′ , where k is a positive constant. 

The training set remains the same, so no saturation is added. 
In order to show the improvement due to the compensation 
method, figure 3 shows one frame that has been artificially 
saturated with a dramatic value (k=10), the original, and the 
recovered frame applying the blind inversion of the 
distortion. 
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Figure 3: Example of original, saturated, and recovered 
frame using the proposed procedure. 
 
Using the original (clean) and artificially generated database 
(saturated) we have evaluated the identification rates. 

For the saturated test sentences scenario, we have estimated 
one different channel model for each test sentence, applying 
the method described in section 2. This is a way to manage 
real situations where the possible amount of saturation is not 
known in advance and must be estimated for each particular 
test sentence. 
In order to improve the results an opinion fusion is done, 
using the scheme shown in figure 4. Thus, we present the 
results in three different combination scenarios for speaker 
recognition: 
 just one opinion (1 or 2 or 3 or 4) 
 To use the fusion of two opinions (1&2 or 2&3). 
 The combination of the four available opinions.  

Table 1 shows the results for k=2 in all this possible 
scenarios using two different combinations rules (arithmetic 
and geometric mean) [15], with a previous distance 
normalization [16]. 
 

Combination Recognition rate 
1 (AKG+NL compensation) 83.67 % 
2 (AKG) 82.04 % 
3 (SONY+NL compensation) 80.82 % 
4 (SONY) 80 % 

Arithmetic 84.9 % 1&2 
Geometric 84.9 % 
Arithmetic 89.39% 1&3 
Geometric 87.35% 
Arithmetic 88.16% 2&4 
Geometric 86.53 % 
Arithmetic 88.16 % 1&2&3&4 
Geometric 87.76 % 

Table 1: Results for several classifiers, shown in figure 4. 
 
Main conclusions are: 
 The use of the NL compensation improves the obtained 

results with the same conditions than without this 
compensation block. 

 The combination between different classifiers improves 
the results. These results can be even more improved 
using a weighted sum instead a mean. Anyway, we 
have preferred a fixed combination rule than a trained 
rule. 

 We think that using a more suitable paramete-rization, 
the improvements would be higher. 
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Figure 4: General Scheme of the recognition system 
 

2054


	Index
	EUSIPCO 2004 Home Page
	Conference Info
	Exhibition
	Welcome message
	Venue access
	Special issues
	Social programme
	On-site activities
	Committees
	Sponsors

	Sessions
	Tuesday 7.9.2004
	TueAmPS1-Coding and Signal Processing for Multiple-Ante ...
	TueAmSS1-Applications of Acoustic Echo Control
	TueAmOR1-Blind Equalization
	TueAmOR2-Image Pyramids and Wavelets
	TueAmOR3-Nonlinear Signals and Systems
	TueAmOR4-Signal Reconstruction
	TueAmPO1-Filter Design
	TueAmPO2-Multiuser and CDMA Communications
	TuePmSS1-Large Random Matrices in Digital Communication ...
	TuePmSS2-Algebraic Methods for Blind Signal Separation  ...
	TuePmOR1-Detection
	TuePmOR2-Image Processing and Transmission
	TuePmOR3-Motion Estimation and Object Tracking
	TuePmPO1-Signal Processing Techniques
	TuePmPO2-Speech, Speaker, and Emotion Recognition
	TuePmSS3-Statistical Shape Analysis and Modelling
	TuePmOR4-Source Separation
	TuePmOR5-Adaptive Algorithms for Echo Compensation
	TuePmOR6-Multidimensional Systems and Signal Processing
	TuePmPO3-Channel Estimation, Equalization, and Modellin ...
	TuePmPO4-Image Restoration, Noise Removal, and Deblur

	Wednesday 8.9.2004
	WedAmPS1-Brain-Computer Interface - State of the Art an ...
	WedAmSS1-Performance Limits and Signal Design for MIMO  ...
	WedAmOR1-Signal Processing Implementations and Applicat ...
	WedAmOR2-Continuous Speech Recognition
	WedAmOR3-Image Filtering and Enhancement
	WedAmOR4-Machine Learning for Signal Processing
	WedAmPO1-Parameter Estimation: Methods and Applications
	WedAmPO2-Video Coding and Multimedia Communications
	WedAmSS2-Prototyping for MIMO Systems
	WedAmOR5-Adaptive Filters I
	WedAmOR6-Speech Analysis
	WedAmOR7-Pattern Recognition, Classification, and Featu ...
	WedAmOR8-Signal Processing Applications in Geophysics a ...
	WedAmPO3-Statistical Signal and Array Processing
	WedAmPO4-Signal Processing Algorithms for Communication ...
	WedPmSS1-Monte Carlo Methods for Signal Processing
	WedPmSS2-Robust Transmission of Multimedia Content
	WedPmOR1-Carrier and Phase Recovery
	WedPmOR2-Active Noise Control
	WedPmOR3-Image Segmentation
	WedPmPO1-Design, Implementation, and Applications of Di ...
	WedPmPO2-Speech Analysis and Synthesis
	WedPmSS3-Content Understanding and Knowledge Modelling  ...
	WedPmSS4-Poissonian Models for Signal and Image Process ...
	WedPmOR4-Performance of Communication Systems
	WedPmOR5-Signal Processing Applications
	WedPmOR6-Source Localization and Tracking
	WedPmPO3-Image Analysis
	WedPmPO4-Wavelet and Time-Frequency Signal Processing

	Thursday 9.9.2004
	ThuAmSS1-Maximum Usage of the Twisted Pair Copper Plant
	ThuAmSS2-Biometric Fusion
	ThuAmOR1-Filter Bank Design
	ThuAmOR2-Parameter, Spectrum, and Mode Estimation
	ThuAmOR3-Music Recognition
	ThuAmPO1-Image Coding and Visual Quality
	ThuAmPO2-Implementation Aspects in Signal Processing
	ThuAmSS3-Audio Signal Processing and Virtual Acoustics
	ThuAmSS4-Advances in Biometric Authentication and Recog ...
	ThuAmOR4-Decimation and Interpolation
	ThuAmOR5-Statistical Signal Modelling
	ThuAmOR6-Speech Enhancement and Restoration I
	ThuAmPO3-Image and Video Watermarking
	ThuAmPO4-FFT and DCT Realization
	ThuPmSS1-Information Transfer in Receivers for Concaten ...
	ThuPmSS2-New Directions in Time-Frequency Signal Proces ...
	ThuPmOR1-Adaptive Filters II
	ThuPmOR2-Pattern Recognition
	ThuPmOR3-Rapid Prototyping
	ThuPmPO1-Speech/Audio Coding and Watermarking
	ThuPmPO2-Independent Component Analysis, Blind Source S ...
	ThuPmSS3-Affine Covariant Regions for Object Recognitio ...
	ThuPmOR4-Source Coding and Data Compression
	ThuPmOR5-Augmented and Virtual 3D Audio
	ThuPmOR6-Instantaneous Frequency and Nonstationary Spec ...
	ThuPmPO3-Adaptive Filters III
	ThuPmPO4-MIMO and Space-Time Communications

	Friday 10.9.2004
	FriAmPS1-Getting to Grips with 3D Modelling
	FriAmSS1-Nonlinear Signal and Image Processing
	FriAmOR1-System Identification
	FriAmOR2-xDSL and DMT Systems
	FriAmOR3-Speech Enhancement and Restoration II
	FriAmOR4-Video Coding
	FriAmPO1-Loudspeaker and Microphone Array Signal Proces ...
	FriAmPO2-FPGA and SoC Realizations
	FriAmSS2-Nonlinear Speech Processing
	FriAmOR5-OFDM and MC-CDMA Systems
	FriAmOR6-Generic Audio Recognition
	FriAmOR7-Image Representation and Modelling
	FriAmOR8-Radar and Sonar
	FriAmPO3-Spectrum, Frequency, and DOA Estimation
	FriAmPO4-Biomedical Signal Processing
	FriPmSS1-DSP Applications in Advanced Radio Communicati ...
	FriPmOR1-Array Processing
	FriPmOR2-Sinusoidal Models for Music and Speech
	FriPmOR3-Recognizing Faces
	FriPmOR4-Video Indexing and Content Access


	Authors
	All authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z
	Ö

	Papers
	All papers
	Papers by Sessions
	Papers by Topics

	Topics
	1. DIGITAL SIGNAL PROCESSING
	1.1 Filter design and structures
	1.2 Fast algorithms
	1.3 Multirate filtering and filter banks
	1.4 Signal reconstruction
	1.5 Adaptive filters
	1.6 Sampling, Interpolation, and Extrapolation
	1.7 Other
	2. STATISTICAL SIGNAL AND ARRAY PROCESSING
	2.1 Spectral estimation
	2.2 Higher order statistics
	2.3 Array signal processing
	2.4 Statistical signal analysis
	2.5 Parameter estimation
	2.6 Detection
	2.7 Signal and system modeling
	2.8 System identification
	2.9 Cyclostationary signal analysis
	2.10 Source localization and separation
	2.11 Bayesian methods
	2.12 Beamforming, DOA estimation, and space-time adapti ...
	2.13 Multichannel signal processing
	2.14 Other
	3. SIGNAL PROCESSING FOR COMMUNICATIONS
	3.1 Signal coding, compression, and quantization
	3.2 Modulation, encoding, and multiplexing
	3.3 Channel modeling, estimation, and equalization
	3.4 Joint source - channel coding
	3.5 Multiuser communications
	3.6 Multicarrier systems
	3.7 Spread-spectrum systems and interference suppressio ...
	3.8 Performance analysis, optimization, and limits
	3.9 Broadband networks and subscriber loops
	3.10 Application-specific systems and implementations
	3.11 MIMO and Space-Time Processing
	3.12 Synchronization
	3.13 Cross-Layer Design
	3.14 Ultrawideband
	3.15 Other
	4. SPEECH PROCESSING
	4.1 Speech production and perception
	4.2 Speech analysis
	4.3 Speech synthesis
	4.4 Speech coding
	4.5 Speech enhancement and noise reduction
	4.6 Isolated word recognition and word spotting
	4.7 Continuous speech recognition
	4.8 Spoken language systems and dialog
	4.9 Speaker recognition and language identification
	4.10 Other
	5. AUDIO AND ELECTROACOUSTICS
	5.1 Active noise control and reduction
	5.2 Echo cancellation
	5.3 Psychoacoustics
	5.5 Audio coding
	5.6 Signal processing for music
	5.7 Binaural systems
	5.8 Augmented and virtual 3D audio
	5.9 Loudspeaker and Microphone Array Signal Processing
	5.10 Other
	6. IMAGE AND MULTIDIMENSIONAL SIGNAL PROCESSING
	6.1 Image coding
	6.2 Computed imaging (SAR, CAT, MRI, ultrasound)
	6.3 Geophysical and seismic processing
	6.4 Image analysis and segmentation
	6.5 Image filtering, restoration and enhancement
	6.6 Image representation and modeling
	6.7 Digital transforms
	6.9 Multidimensional systems and signal processing
	6.10 Machine vision
	6.11 Pattern Recognition
	6.12 Digital Watermarking
	6.13 Image formation and computed imaging
	6.14 Image scanning, display and printing
	6.15 Other
	7. DSP IMPLEMENTATIONS, RAPID PROTOTYPING, AND TOOLS FO ...
	7.1 Architectures and VLSI hardware
	7.2 Programmable signal processors
	7.3 Algorithms and applications mappings
	7.4 Design methodology and rapid prototyping
	7.6 Fast algorithms
	7.7 Other
	8. SIGNAL PROCESSING APPLICATIONS
	8.1 Radar
	8.2 Sonar
	8.3 Biomedical processing
	8.4 Geophysical signal processing
	8.5 Underwater signal processing
	8.6 Sensing
	8.7 Robotics
	8.8 Astronomy
	8.9 Other
	9. VIDEO AND MULTIMEDIA SIGNAL PROCESSING
	9.1 Signal processing for media integration
	9.2 Components and technologies for multimedia systems
	9.4 Multimedia databases and file systems
	9.5 Multimedia communication and networking
	9.7 Applications
	9.8 Standards and related issues
	9.9 Video coding and transmission
	9.10 Video analysis and filtering
	9.11 Image and video indexing and retrieval
	10. NONLINEAR SIGNAL PROCESSING AND COMPUTATIONAL INTEL ...
	10.1 Nonlinear signals and systems
	10.2 Higher-order statistics and Volterra systems
	10.3 Information theory and chaos theory for signal pro ...
	10.4 Neural networks, models, and systems
	10.5 Pattern recognition
	10.6 Machine learning
	10.9 Independent component analysis and source separati ...
	10.10 Multisensor data fusion
	10.11 Other
	11. WAVELET AND TIME-FREQUENCY SIGNAL PROCESSING
	11.1 Wavelet Theory
	11.2 Gabor Theory
	11.3 Harmonic Analysis
	11.4 Nonstationary Statistical Signal Processing
	11.5 Time-Varying Filters
	11.6 Instantaneous Frequency Estimation
	11.7 Other
	12. SIGNAL PROCESSING EDUCATION AND TRAINING
	13. EMERGING TECHNOLOGIES

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Current paper
	Presentation session
	Abstract
	Authors
	Marcos Faundez-Zanuy
	Jordi Sole-Casals



