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Abstract: Cochlear implants (CIs) require efficient speech processing to maximize
information transmission to the brain, especially in noise. A novel CI processing strategy
was proposed in our previous studies, in which sparsity-constrained non-negative matrix
factorization (NMF) was applied to the envelope matrix in order to improve the CI
performance in noisy environments. It showed that the algorithm needs to be adaptive, rather
than fixed, in order to adjust to acoustical conditions and individual characteristics. Here, we
explore the benefit of a system that allows the user to adjust the signal processing in real time
according to their individual listening needs and their individual hearing capabilities. In this
system, which is based on MATLAB R©, SIMULINK R© and the xPC TargetTM environment,
the input/outupt (I/O) boards are interfaced between the SIMULINK blocks and the CI
stimulation system, such that the output can be controlled successfully in the manner of
a hardware-in-the-loop (HIL) simulation, hence offering a convenient way to implement
a real time signal processing module that does not require any low level language. The
sparsity constrained parameter of the algorithm was adapted online subjectively during an
experiment with normal-hearing subjects and noise vocoded speech simulation. Results
show that subjects chose different parameter values according to their own intelligibility
preferences, indicating that adaptive real time algorithms are beneficial to fully explore
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subjective preferences. We conclude that the adaptive real time systems are beneficial for
the experimental design, and such systems allow one to conduct psychophysical experiments
with high ecological validity.

Keywords: cochlear implants; non-negative matrix factorization; speech enhancement;
vocoder; xPC Target; real-time system

1. Introduction

Various speech processing algorithms have been proposed in the literature to reduce the background
noise for different applications [1–12]. Most signal processing algorithms need to be adaptive rather
than fixed, in order to adjust to (a) acoustical conditions and (b) individual characteristics (e.g., different
characteristics of hearing capability or pathology). Usually, signal processing algorithms are fixed or
may be first adjusted for each user and then fixed. We wished to explore the benefit of a system that
potentially allows the user to adjust the processing according to their individual listening needs at a
particular time and their individual hearing capabilities. None of these can be predicted ahead with our
current state of knowledge, so a real-time adaptive system is needed. In order to explore this idea, we
needed to first implement a real-time system and, then, evaluate whether it was potentially beneficial.
In this paper, a real time non-negative matrix factorization (NMF)-based speech processing strategy for
cochlear implants (CIs) will be implemented and evaluated to explore this idea.

Cochlear implants (CIs) are electrical devices that can restore partial hearing loss to the profoundly
deaf. The main principle of CIs is to stimulate the auditory nerve via electrodes that are surgically
inserted into the inner ear. With the development of new speech processors and algorithms, CI users
benefit more and more from CIs [13]. However, the average speech perception performance of CI users
decreases dramatically in the presence of background noise [6,14,15]. Some previous studies showed
that statistical model-based speech processing algorithms can improve the speech intelligibility for CI
users by reducing the redundancy in noisy speech [16–19]. Recently, non-negative matrix factorization
(NMF) [20,21] has been applied successfully at the intersection of many scientific and engineering
disciplines, such as image processing, speech processing and pattern classification [22–36]. Motivated
by the non-negativity of the envelopes of the CI channels, a novel coding strategy based on sparse
constrained NMF [37] was proposed as an alternative method to improve the performance of CIs,
especially in noisy environments, by controlling the sparseness of the reconstructed signal [38,39]. This
was achieved by making use of a basic NMF method with a sparseness constraint, mainly due to its low
computational complexity, always bearing in mind the need for an envisaged real-time implementation.

The first aim of this paper is to implement this coding strategy in real time. Currently, there are several
real-time CI research platforms, such as the personal digital assistant (PDA)-based real-time speech
processing research platform described in [40] and the xPC Target-based CI research platform used in
Cochlear TM [41]. We present an alternative implementation that allows one to evaluate new algorithms
for CI speech processing, specifically, a new implementation of the sparsity-constrained NMF module.
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The system is based on MathWorks R© xPC Target, and provides a solution for prototyping, testing and
deploying real-time systems using standard PC hardware in the manner of hardware-in-the-loop (HIL)
simulation [42]. By supporting various standard I/O boards with an extensive I/O device driver library,
any need for developing custom interface codes can be avoided.

In our rapid host-target environment, a desktop or laptop computer is used as the host PC. The host
PC runs the following software packages: MATLAB R©, SIMULINK R©, SIMULINK CoderTM (formerly
Real Time Workshop R©), xPC Target and a C/C++ compiler. The I/O boards are interfaced between the
SIMULINK blocks and the application hardware system, i.e., a CI stimulation system. After creating the
SIMULINK model, executable code is generated with the SIMULINK Coder and the C/C++ compiler,
which is then downloaded from the host PC to the target PC running the xPC Target real-time kernel.
The biggest advantage of the platform is that user-specific parameters can be tuned in real time.

The second aim of this paper is to investigate the hypothesis that most signal processing algorithms
(such as those based on NMF) need to be adaptive rather than fixed according to different acoustical
conditions and individual characteristics. We hypothesized specifically that (i) listeners in general would
prefer different settings for different listening conditions (different signal-to-noise ratio (SNR)) and (ii)
not all listeners would choose the same settings for any given listening condition. We assume that it is
desirable to implement solutions that include suitable real-time adjustment that is either controlled by the
listener or, possibly, in future, by a smart algorithm. Such solutions offer a much improved ecologically
valid way of experimenting compared to traditional fixed stimuli approaches.

The remainder of the paper is organized as follows: the sparseness constrained NMF algorithm is
introduced in Section 2. The sparse NMF speech processing strategy is adapted to CIs in Section 3.
The hardware and software used in the real-time implementation are presented in Section 4. Finally, the
conclusions of the study are given in Section 5.

2. Sparse NMF Strategy for CIs

Given a non-negative input matrix, Z, NMF is a method to factorize Z into a basis matrix, W, and
the corresponding component matrix, H, so that Z ≈ WH. To do the factorization, a cost function,
D(Z||WH), is usually defined and minimized. Several possibilities have been suggested for defining
the cost function and for performing the consequent minimization [24,25,31]. In this paper, an Euclidean
distance -based NMF (EUC-NMF), where the square Euclidean distance D(Z||WH) = 1

2
‖Z−WH‖22

is used as the cost function, which is equivalent to the Maximum Likelihood (ML) estimation of W
and H in additive independent identically distributed (i.i.d.) Gaussian noise. Since the basic NMF
allows a large degree of freedom, different types of regularization have been used in the literature
to derive meaningful factorizations for a specific application. In general notation, the following
minimization is performed: [Ŵ, Ĥ] = arg min

W,H
[D(Z||WH) + f(W) + g(H)], where f(W) and g(H)

are regularity functions for the basis matrix, W, and the component matrix, H. The most common
regularization is motivated by the sparseness of the signal [27,28,43,44] and the correlation of the signal
over time [32,44].
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2.1. Sparseness-Constrained NMF

The sparseness constrained NMF used in our paper was proposed in [43] and improved in [45].
Accordingly, the sparseness constraint used here is directly controlled by the number of nonzero
elements. In our solution, the Euclidean cost function was combined with a L1—regularized least
squares sparseness penalty function through a least absolute shrinkage and selection operator (LASSO)
framework [37,43]. Furthermore, an additional sparseness constraint was applied to explicitly control the
sparsity of the NMF component matrix, H, and the optimization algorithm proposed by Hoyer [37,43]
was applied to obtain the non-negative matrices, W and H.

In our real-time CI implementation, Z is the envelope of CI-channels in multiple frequency bands,
named envelopegram here. The sparse NMF algorithm was applied to the envelopegram of the input
signal using a block by block batch processing by buffering a fixed number of M continuous frames in
each channel. Let z(t) denote the measured noisy speech signal, with t being the discrete time index
and zi,j the envelope-time bin in the ith channel of the jth frame, which is calculated by weighting and
summating the short time Fourier transform (STFT) spectrum according to the advanced combination
encoder (ACE) strategy [46]. Z is an N ×M envelopegram, which contains N = 22 channel envelope
bins in each column andM = 10 frames in each analysis block, which is the same as the one used in [18]
and is short enough to allow for real-time implementation. Hence, given the non-negative envelope
matrix, Z, we aim to obtain the basis matrix, W, and component matrix, H, such that:

D(Z||WH) = 1
2
‖Z−WH‖22 + λg(H) (1)

is minimized, under the constraints that the elements of the factorized matrices are non-negative, i.e.,
∀i,j,k : wik ≥ 0, hkj ≥ 0, λ ≥ 0, where K is the component number, wi denotes the ith column of

W, W =

 w11 ... w1K

... . . . ...
wN1 . . . wNK


N×K

, H =

 h11 ... h1M
... . . . ...

hK1 . . . hKM


K×M

, g(H) =
K∑
k=1

M∑
j=1

hkj and λ is the

sparsity constraint parameter that controls the level of sparsity.
An iterative algorithm, as proposed by Hoyer [37,43], was implemented to minimize the cost function

in Equation (1), in which the basis matrix, W, and the component matrix, H, are updated by gradient
descent and multiplicative update rules, respectively. In our real-time implementation, the buffer length
was set to M = 10 frames [19,38]. The systematic delay caused by buffering (considering a frame
length of 8 ms, and 75% overlap) was around 20 ms. This constitutes an acceptable delay, which is
not perceived by the CI listener. The total delay imposed by the algorithm is the sum of the buffering
time and processing time for each block. The algorithm was implemented and embedded in the same
real-time CI research platform as in [41], which was provided by CochlearTM . The choice of K is
important, as it has to be a compromise between computational costs and speech quality. We performed
informal listening tests with K values ranging from 5 to 20 and decided that the perceived intelligibility
difference does not justify the increased computational costs. We therefore initially set K = 5 and will
investigate the consequences of this trade-off further in future.

The other important parameter, the sparsity constraint parameter λ in Equation (1), controls the level
of sparsity as a compromise between the NMF approximation and sparsity. Because it is not possible
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to determine an optimal value from the first principles, we developed a two-step parameter selection
procedure and evaluated it in detail in [38]. This procedure works in two stages combining objective
measurements with subjective experiments: in the first stage, various objective measurements are used
to select a range of possible λ values; then, in the second stage, the final value of λ is determined in
subjective experiments (refer to [38] for more detail). The single sparsity parameter is an attractive
feature for the overall system, because it is an explicit parameter that can easily be tuned by individual
users based on their preference to achieve an optimum combination of speech perception performance
and speech quality.

2.2. Sparse NMF Strategy for CIs

Figure 1 shows the flow chart of the sparse NMF algorithm. The first steps are identical to the standard
ACE strategy. The blocks in the dashed frame (‘sparse constrained NMF’, ‘reconstruction’ and ‘sparse
NMF processed envelopes’) indicate the modifications in the proposed strategy compared to ACE. The
pre-emphasis filter attenuates low frequencies and amplifies high frequencies to compensate for the
−6 dB/octave natural slope in the long-term speech spectrum. It emphasizes, for example, low-energy,
high-frequency consonants against high-energy, low-frequency vowels. After transforming the input
speech signal into a spectrogram, the 22-channel envelopegram is extracted by summing the power of
the frequency bins within each band. The sparse NMF algorithm is then applied to the envelopegram
on a block by block basis, by buffering a certain number of continuous frames in each channel. The
envelopes are then reconstructed from the modified sparse NMF components [39]. Finally, appropriate
channels are selected in order to either stimulate a real CI or to drive a vocoder simulation [47], which
can be used in experiments with normal hearing (NH) listeners.

Figure 1. Advanced combination encoder (ACE) strategy and the proposed sparse
constrained non-negative matrix factorization (NMF) strategy.
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2.3. Simulation Results

For the purpose of demonstration, a single word ‘Din’ from the same speech database as in [48] is
used. NMF is applied to the whole envelopegram with a dimension of 22 ∗ T , where T is the number
of the short-time frames of the word ‘Din’. In this example, the sample rate is fs = 16 kHz, the length
of the word is L samples, then T ≈ L/(0.25 ∗ 128) with 128 samples frame length and 75% overlap
between each frame. Five basis vectors were obtained for each envelopegram. The envelopegram is
factorized by the NMF into the basis and component matrices.

Figure 2. An example of the NMF reconstruction envelopegram with different components
of the word ‘Din’ (see [39] for more detail). The top left panel is the component matrix, W,
which determines the activation of different basis vectors over time. The top middle panel is
the original envelopegram, Z, of the word ‘Din’, and the other panels are the reconstruction
results with different component(s). 
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Figure 2 shows the reconstruction of the envelopes with different components for the word ‘Din’
processed by the sparse NMF strategy with a sparsity level of λ = 0 (no sparsification). This
analysis illustrates that the representation in the NMF domain is inherently more sparse than in the
time domain, indicating that NMF can reconstruct speech with reduced information by choosing only
a few components. In this example, components 1 and 4 alone can reconstruct most of the envelope
information (see Figure 2 bottom middle panel). This reflects that speech has a high degree of
redundancy and only a few components are necessary to reconstruct an intelligible speech signal, as
also shown in [16,49]. In this paper, the sparsity and the amount of information in the reconstructed
signal is controlled by λ (refer to [39] for more details).

The above application of sparse NMF can be interpreted by assuming that the smaller NMF
components correspond either to noise basis vectors or that they do not contribute significantly to
the intelligibility of speech. By applying a sparseness constraint to the factorization, the small NMF
components will be removed, and hence, a more sparse signal will be obtained, while effectively
performing noise reduction and reducing redundancy. The amount of information to be removed can
be controlled by tuning the sparsity λ. Ideally, λ should be SNR-dependent, as was also shown
in [38,39].

3. Implementation of Sparse NMF Strategy on xPC Target Machine

3.1. Software and Hardware

Figure 3 shows the overall architecture of the host-target HIL real-time CI stimulation in the
experimental system.

The host PC in our case is operated by Microsoft R© Windows XP R© and runs the required software
packages: MATLAB, SIMULINK, SIMULINK Coder, xPC Target and a C/C++ compiler (Visual C++
2008 was used for this study). MATLAB is the host software environment of SIMULINK, SIMULINK
Coder and xPC Target. SIMULINK is used to model the CI signal processor and stimulus generator. The
target PC runs the highly optimized xPC Target kernel loaded from a boot disk created in MATLAB on
the host PC. The communication between the host PC and the target PC is connected through a network
cable and is based on the Transmission Control Protocol (TCP) and the Internet Protocol (IP) (TCP/IP
protocol). SIMULINK Coder and the C/C++ compiler translate the SIMULINK model into executable
code and build a target application, which is then downloaded and executed in real-time on the target PC.

For this study, an audio real time target machine (Speedgoat, Switzerland) was used. This system was
bought off the shelf and provides high speed computation optimized for MathWorks SIMULINK and
xPC Target. It contains a performance real-time target machine, along with high performance analog
I/O ports through an XLR panel. The audio I/O modules’ interface consists of twelve high-resolution
24-bit sigma-delta differential analog input and eight 16-bit differential analog output channels, which
are accessed via balanced XLR connectors. Two input and one output channels were used in our
experiments. During execution, the signal was routed from the analog inputs to the Target PC to be
processed (see Figure 1), and then, depending on the nature of the experiment, the processed signal was
either sent to the CI stimulus generator or to the analogue output channels for CI simulation.
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Figure 3. The experimental setup, including the overall architecture of the host-target HIL
real-time cochlear implant (CI) stimulation system. The left and right parts of the figure
correspond to the the sound proof room and testing room, respectively.
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3.2. Implementation of Sparse NMF S-Function

MATLAB S-functions were used for implementation of the sparse NMF algorithm. The S-function
is a computer language description of a SIMULINK block written in MATLAB, C, C++ or FORTRAN.
S-functions use a special calling syntax that enables the user to interact with the SIMULINK engine.
This interaction is similar to the interaction that takes place between the engine and built-in SIMULINK
blocks [50]. In our project, a C-MEX (MATLAB executable) S-function was developed because of
its programming flexibility and stability. The primary goal of our simulation was to adapt the sparsity
level λ on-line in order to measure users’ individual preferences. In order to do so, the S-function
parameters must be updated in real time, and hence, tuning of the parameters of the S-function needs to
be enabled. During simulation (i.e., execution in SIMULINK), this can be solved either by setting the
parameters to be tunable or registering them as run-time parameters [50]. In external mode (i.e., when
executing the program on a Target machine), a Target Language Compiler (TLC) file was used to inline
the S-function [50]. In our implementation, this parameter was passed as an input to the S-function, and a
subsystem mask was used. By creating a subsystem mask and using a slider gain block, the user was able
to adapt the value of the sparsity parameter λ in real time during the experiments without perceivable
latency. Additional tunable parameters in this system involved: the range between the minimum and
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maximum λ, the stepsize of the NMF update rule, the NMF component number (K) and the NMF
maximum iterative number. In our experiment, the λ range was restricted to [0, 3], which was determined
in pilot experiments. This range might need to be adjusted for applications with CI users, and we expect
that CI users will have larger variances and will prefer larger λ values than normal listeners, but this
needs to be investigated in more detail in future research.

4. Sparseness Parameter Tuning Experiment with xPC Target

Vocoder simulations have been widely used as a valuable tool in CI research to simulate the perception
of a CI user in experiments using NH participants [6,47,51]. In vocoder studies, the signal of a CI
is simulated by reconstructing an acoustical signal based on the spectral envelope [47]. Although the
simulations cannot model individual CI users’ performance perfectly, it has been shown, that these
simulations are a good model for real CI perception, specifically for speech perception, predicting the
pattern and trends in performance observed in CI users [6]. In the current study, a 12-channel noise
vocoder was used.

Hu et al. used a two-step sparsity level selection procedure for the sparsity parameter λ [38] and found
that both the normalized covariance metric (NCM) [52,53] and the short-time objective intelligibility
(STOI) [54] measures can predict the intelligibility of vocoded speech to some extent. The NCM
measure is similar to the speech transmission index (STI) and is a widely used measure of speech
intelligibility [55]. It is based on the covariance between the input and output envelope signals and
correlates highly with the intelligibility of vocoded speech, due to the similarities in the NCM calculation
and CI processing strategies, that is, both of them use information extracted from the envelopes of a
number of frequency bands, while discarding fine-structure information [53,56].

The computation of the NCM measure is described in detail in [52]. Briefly, the stimuli are first
bandpass filtered into Q bands spanning the signal bandwidth, which was 8 kHz in our study (Q = 20 in
this paper), then the envelope of each band is computed using the Hilbert transform and downsampled to
25 Hz. The SNR in each band (SNRi) is computed from the normalized covariance in the corresponding
band and, subsequently, limited to the range of [–15,15] dB (refer to [52] for more detail). The
transmission index (TI) in each band (TIi) is computed by linearly mapping the SNR values between
zero and one using the following equation [52]:

TIi =
SNRi + 15

30
(2)

Finally, the transmission indices are averaged across all frequency bands to produce the NCM index
as follows:

NCM =

∑Q
1 Wi × TIi∑Q

1 Wi

(3)

where Wi are the weights applied to each of the Q bands. The weights of each channel are listed in
Table 1 (more details are in [52]).
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Table 1. The weights Wi applied to each of the Q bands (Ch) in the calculation of the
normalized covariance metric (NCM) [52].

Ch Wi Ch Wi Ch Wi Ch Wi Ch Wi

1 0.0772 5 0.0734 9 0.0460 13 0.0488 17 0.0520
2 0.0955 6 0.0659 10 0.0440 14 0.0488 18 0.0549
3 0.1016 7 0.0580 11 0.0445 15 0.0493 19 0.0555
4 0.0908 8 0.0500 12 0.0482 16 0.0491 20 0.0514

Figure 4. Plot of the optimum lambda values as a function of the signal-to-noise ratio (SNR)
value. The blue dashed line shows the optimum values obtained by calculating the NCM of
vocoded speech samples after being processed according to the sparse NMF strategy, using
the Bamford-Kowal-Bench (BKB) database. The red solid curve corresponds to the fitted
optimum λ values based on an exponential decay function.
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Figure 4 shows the optimized λ for different SNR conditions, according to NCM. The SNR is in
the range of −5 to 16 dB with 1 dB stepsize; the ‘optimized’ λ for each SNR condition is the one
that achieves the highest NCM value when λ changed from 0 to 0.38, with 0.01 stepsize, denoted as
λ ∈ [0:0.01:0.38]. In order to find the ‘optimized’ objective λ in terms of NCM, firstly, the envelopgrams
of different SNR conditions were processed by sparse NMF with all the possible values between
[0 0.38]; secondly, the noise vocoded speech signals were reconstructed based on the NMF processed
envelopgrams of different sparsity levels λ; thirdly, all the NCM values of these vocoded speech signals
were calculated and compared to each other; the maximum NCM value was found, and the corresponding
λ value in each condition was selected as the optimized λ. When measuring speech intelligibility with
noise vocoded speech with normal hearing subjects, we demonstrated in previous work [38] a high
correlation between the NCM and λ. The blue dashed curve corresponds to the optimum λ values
obtained by calculating the NCM of vocoded speech, using the Bamford-Kowal-Bench (BKB) sentences
database [57]. The red solid curve shows the fitted optimum λ values as a function of the SNR value.
The fitting is based on an exponential decay function, and the approximation least-squares solution is
given by λopt(ρ) = 0.2 · e−0.1122·ρ, where ρ is the SNR in dB.
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Figure 4 shows that the optimized λ depends on the SNR condition, and in particular, it decreases as
the SNR increases. This supports the hypothesis that a further improvement of the sparse NMF algorithm
might be achieved by introducing an SNR-dependent sparsity constraint [38].

Since the optimized λ is SNR-dependent according to objective measures, this study aims to test
whether this relation holds for subjective perception, as well. Thus, an on-line tuning experiment
was designed using the real-time xPC Target system to test the effect of different sparsity levels.
All experiments were performed in the rooms shown in Figure 3 with all sound stimuli presented
through a pair of Sennheiser HDA 200 (a closed dynamic ear protector headphone designed for use
with audiometers). Eight-speaker babble noise was added to the speech material at different long-term
SNR conditions. All experiments were approved by the Human Experimentation Safety and Ethics
Committee, Institute of Sound and Vibration Research, University of Southampton, UK.

4.1. Experimental Setup

Figure 3 presents the experimental setup of both rooms used for the experiments. The test data were
vocoded [47] acoustical signals calculated with a 12-channel noise vocoder [6]. All sound stimuli were
played at a 16 kHz sampling frequency through a Behringer UCA202 sound card and a Creek OBH-21SE
amplifier connected to a PC. The sound card routed the signal through the wall of the sound attenuated
room and, then, directly to the loudspeaker. The sound level of all presented samples was set to 65 dB
sound pressure level (SPL). The signal was then picked up by a behind-the-ear (BTE) microphone,
which was sitting on the ear of a manikin head 1.3 m away from the source. The microphone used was a
CochlearTM Nucleus R© SP15 dual microphone array, which was housed in a BTE shell. The microphone
shell was connected to a pre-amplifier with two monophonic outputs, which were routed to two separate
input ports of the xPC Target machine. The xPC Target machine processed the signal using a SIMULINK
model, which was controlled by a second computer. Finally, the processed stimuli were routed to one
of the xPC Target machine’s output ports and were presented to the participants through the Sennheiser
HDA 200 circumaural headphones.

The speech stimuli were segments of a clean speech recording of a male British English speaker
reading a newspaper with a total duration of about 20 min. The duration of each segment was one
minute, and the clips were randomly allocated to each participant using a Latin square procedure. The
signals were corrupted with eight talker babble noise, and nine different SNR conditions were used,
ranging from 0 dB to 16 dB SNR in 2 dB steps. For each SNR condition, the same clip could be
repeated as many times as the participants wished, in order to select the λ value of their preference (see
Section 4.2).

4.2. Experimental Procedure

Our hypothesis was that there should be an inverse relationship between SNR and the preferred λ, that
is, as SNR increases, the average preferred value for λ will decrease. In the experiment, the preferred
sparseness value λ was determined for each individual in different noise conditions. These values were
based on the subjects’ general preference; in other words, for each SNR condition, the subjects were
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asked to indicate the λ value that yielded, according to their own judgement, the maximum speech
intelligibility.

Fifteen normal hearing (2 males, 13 females and aged 22–31, (mean age = 24.9 years, standard
deviation = 3.0)) native English speaking participants were recruited. All participants were students
from the University of Southampton, Southampton, UK. Participants were asked to listen to monaural,
continuous speech through a noise vocoder CI simulation in different noisy situations. The better hearing
ear, or preferred listening ear if no better ear existed, was used for the purpose of preventing any binaural
listening effects. The participants sat in front of a computer screen connected to the host PC, which was
running the SIMULINK model designed specifically for the experiment, and were presented with the
noisy speech stimuli through circumaural headphones, which were connected to the analogue outputs
of the xPC Target machine. The λ was controlled manually via an adjustment slider, which allowed
participants to adjust the amount of the sparseness of the output signal according to their own preference
throughout the experiment. The slider allowed λ values to change in the range from 0 to 3, which was
determined during the pilot experiments, in which none of the subjects chose a λ value larger than 3 for
all SNR conditions. This range, however, might need to be adjusted for experiments or applications with
CI subjects. Participants were instructed to move the slider all the way to the far-right side (λ = 3) and,
then, all the way to the far-left side (λ = 0) to get an idea of the range of the sound quality. Once the
participants had listened to each extreme processing condition, they could then fine-tune the parameter
according to their individual perceived speech intelligibility preference. The participants were instructed
to take as long as they needed to perform the task, which, on average, took no more than one minute
per condition. They were instructed to adjust the slider until they found subjectively that their perceived
speech intelligibility was maximized. If the participants found that there was a range of slider positions
in which speech intelligibility was equal, they were asked to choose a slider position based on a general
preference of which sounded best to them. Participants would indicate when a preference level was
chosen, and the value was recorded by the experimenter. This procedure was performed for each of the
9 different noise conditions. This procedure was repeated twice for each condition, and an average λ
was calculated at each SNR for each participant. The total time to complete the experiment was around
60 min for each participant, including a 15-min break.

4.3. Results

Figure 5 shows the exponential fitting of the average λ values and the corresponding standard
deviation according to the participants’ subjective perceived intelligibility preferences (λsubjective) in
relation to the SNR value in babble noise. The motivation for choosing an exponential fitting model was
that for low-noise conditions (high SNRs), the λ value should be relatively fixed [38]. The exponential
fitting function on the average experimental λ values was λsubjective(ρ) = 1.586 · e−0.021·ρ. A linear
regression and a repeated measures ANOVA analysis were performed on the raw measured λ values
of a total of 135 conditions, nine SNRs and 15 subjects, which demonstrated that SNR explained a
significant proportion of the variance in λ preference values, R2 = 0.083, F(1,134) = 12.02, (p < 0.001).
A significant inverse relationship between SNR and λ was found for babble noise interference, but
the correlation was weak. The reason for this is presumably individual personal preference. The
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relationship between the values of λ and SNR was similar to the one observed in Figure 4 and in [38],
which demonstrate an optimal λ calculation for different SNRs using NCM. The differences in the
parameter values for the two different cases examined here (objective and subjective measures of speech
intelligibility) might be due to several factors, such as different normalizing factors in the real-time
implementation, the real-time test environment and individual differences.

Figure 5. Graph of the exponential fitting of average λ values for babble noise across
different SNRs.
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The subjective experimental method for determining the value of λ is a novel approach for
determining a sparsity parameter in speech enhancement strategies. However, more work needs to
be done to establish how good participants really are at accurately determining a subjective level of
sparseness to maximize their speech intelligibility. This remains to be tested in the future through
a systematic speech perception experiment by comparing the performance of the sparse NMF with
subjective individualized (according to individual preferences) and objective optimized (according to
objective measures) λ values.

5. Discussions and Conclusions

Most signal processing algorithms with fixed parameters normally work for certain situations, but fail
in different scenarios, so the performance is likely to be improved when these algorithms are adjusted
to acoustical conditions and/or individual characteristics. In this paper, we hypothesized that listeners in
general would prefer different settings for different listening conditions (specifically, different SNR) and
not all listeners would choose the same settings for any given listening condition. In order to test this
hypothesis, a prototyped real-time sparse NMF strategy for CIs has been developed and implemented
in this paper, with various software packages (MATLAB, SIMULINK, xPC Target, SIMULINK Coder)
and commercially available hardware (audio real-time target machine). By using the xPC Target along
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with the supported hardware and CI research platform, a sparseness constrained NMF module was
implemented and embedded into the CI signal processing path. The potential benefit of a system
that allows the user to adjust the processing according to the participants’ individual listening needs
was explored in the testing. In the listening experiment, the sparsity parameter was tuned in real-time
individually at a particular time and according to their individual hearing capabilities. Results show that
there is an inverse relationship between the value of λ and the value of SNR. In the future, we aim to
integrate a real-time SNR estimation module into our algorithms to automatically adapt λ according
to the estimated SNR. The advantage of a real-time processing system over the traditional off-line
experiments conducted with CI users is that there is no need for generating and saving fixed stimuli
sequences for each participant and each condition in advance. With a real-time system, it is possible
to explore real-world effects with high ecological validity. While the current experiments only tested
normal hearing subjects with vocoder simulations, in the future, these experiments must be extended
to CI users. We expect to see more individual variation in the preferred λ values for different CI
users than for normal hearing listeners. We also expect that the performance of our algorithm can be
further improved by adapting the sparsity level according to the individual preference of CI users and
the environmental conditions.

Acknowledgments

This work was funded by the European Commission within the Marie Curie Initial Training
Network—Digital Signal Processing in Audiology (ITN AUDIS: grant PITNGA-2008-214699) and
Cochlear Europe. It is currently partly supported by EU FP7 under the Advanced Bilateral Cochlear
Implant Technology (ABCIT: grant No. 304912). The authors would like to thank Cochlear Europe
for providing technical support for the CI signal processing platform. They would also like to thank all
participants and, especially, Paul Max, for their hard work during the experiments.

Conflict of Interest

The authors declare no conflict of interest.

References

1. Berouti, M.; Schwartz, R.; Makhoul, J. Enhancement of Speech Corrupted by Acoustic Noise. In
Proceedings of the IEEE International Conference on Acoustics, Speech, and Signal Processing
(ICASSP 1979), Washington, DC, USA, 2–4 April 1979; pp. 208–211.

2. Ephraim, Y.; Malah, D. Speech enhancement using a minimum-mean square error short-time
spectral amplitude estimator. IEEE Trans. Acoust. Speech Signal Process. 1984, 32, 1109–1121.

3. Lockwood, P.; Boudy, J.; Blanchet, M. Non-linear Spectral Subtraction (NSS) and Hidden Markov
Models for Robust Speech Recognition in Car Noise Environments. In Proceedings of the
IEEE International Conference on Acoustics, Speech, and Signal Processing (ICASSP 1992), San
Francisco, CA, USA, 23–26 March 1992; Volume 1, pp. 265–268.

4. Gannot, S.; Burshtein, D.; Weinstein, E. Iterative and sequential Kalman filter-based speech
enhancement algorithms. IEEE Trans. Speech Audio Process. 1998, 6, 373–385.



Sensors 2013, 13 13875

5. Martin, R. Noise power spectral density estimation based on optimal smoothing and minimum
statistics. IEEE Trans. Speech Audio Process. 2001, 9, 504–512.

6. Loizou, P.C. Speech Processing in Vocoder-centric Cochlear Implants. In Cochlear and Brainstem
Implants; Meller, A., Ed.; Karger: Basel, Switzerland, New York, NY, USA, 2006; Volume 64,
pp. 109–143.

7. Roberts, W.; Ephraim, Y.; Lev-Ari, H. A Brief Survey of Speech Enhancement. In
Microelectronics, 2nd ed.; Whitaker, J.C., Ed.; CRC Press: Boca Raton, FL, USA, 2006;
Chapter 20, pp. 1–11.

8. Hussain, A.; Chetouani, M.; Squartini, S.; Bastari, A.; Piazza, F. Nonlinear speech enhancement:
An overview. Lect. Note. Comput. Sci. 2007, 4391, 217–248.

9. Nie, K.; Drennan, W.; Rubinstein, J. Cochlear Implant Coding Strategies and Device Programming.
In Ballenger’s Otorhinolaryngology: Head and Neck Surgery; Snow, J.B., Wackym, P.A.,
Ballenger, J.J., Eds.; People’s Medical Publishing House: Shelton, CT, USA, 2009; Chapter 33,
pp. 389–394.

10. Mohammadiha, N.; Leijon, A. Nonnegative Matrix Factorization Using Projected Gradient
Algorithms with Sparseness Constraints. In Proceedings of the 2009 IEEE International
Symposium on Signal Processing and Information Technology (ISSPIT 2009), Ajman, UAE, 14–17
December 2009; pp. 418–423.

11. Hendriks, R.; Gerkmann, T. Noise correlation matrix estimation for multi-microphone speech
enhancement. IEEE Trans. Audio Speech Lang. Process. 2012, 20, 223–233.

12. Zhong, X.; Premkumar, A. Particle filtering approaches for multiple acoustic source detection
and 2-D direction of arrival estimation using a single acoustic vector sensor. IEEE Trans. Signal
Process. 2012, 60, 4719–4733.

13. Wilson, B.; Dorman, M. The surprising performance of present-day cochlear implants. IEEE
Trans. Biomed. Eng. 2007, 54, 969–972.

14. Hu, H.; Sang, J.; Lutman, M.E.; Bleeck, S. Simulation of Hearing Loss Using Compressive
Gammachirp Auditory Filters. In Proceedings of the IEEE International Conference on Acoustics,
Speech, and Signal Processing (ICASSP 2011), Prague, Czech Republic, 2–27 May 22011;
pp. 5428–5431.

15. Loizou, P.C. Speech Enhancement: Theory and Practive; CRC Press: Boca Raton, FL, USA, 2007.
16. Cooke, M. A glimpsing model of speech perception in noise. J. Acoust. Soc. Am. 2006, 119,

1562–1573.
17. Li, G. Speech Perception in a Sparse Domain. Ph.D. Thesis, University of Southampton,

Southampton, UK, 2008.
18. Hu, H.; Li, G.; Chen, L.; Sang, J.; Wang, S.; Lutman, M.; Bleeck, S. Enhanced Sparse Speech

Processing Strategy for Cochlear Implants. In Proceedings of the 19th European Signal Processing
Conference (EUSIPCO 2011), Barcelona, Spain, 29 August–2 September 2011; pp. 491–495.

19. Li, G.; Lutman, M.; Wang, S.; Bleeck, S. Relationship between speech recognition in noise and
sparseness. Int. J. Audiol. 2012, 51, 75–82.

20. Lee, D.; Seung, H. Learning the parts of objects by non-negative matrix factorization. Nature
1999, 401, 788–791.



Sensors 2013, 13 13876

21. Lee, D.; Seung, H. Algorithms for Non-negative Matrix Factorization. In Proceedings of the 25th
Annual Conference on Neural Information Processing Systems (NIPS 2011), Granada, Spain, 5–10
December 2001; pp. 556–562.

22. Smaragdis, P.; Brown, J. Non-negative Matrix Factorization for Polyphonic Music Transcription. In
Proceedings of the IEEE Workshop on Applications of Signal Processing to Audio and Acoustics,
New York, NY, USA, 19–22 October 2003; pp. 177–180.

23. Spratling, M. Learning image components for object recognition. J. Mach. Learn. Res. 2006, 7,
793–815.

24. Cichocki, A.; Zdunek, R.; Amari, S. New Algorithms for Non-Negative Matrix Factorization in
Applications to Blind Source Separation. In Proceedings of the IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP 2006), Toulouse, France, 14–19 May 2006;
Volume 5, p. V.

25. Zdunek, R.; Cichocki, A. Fast nonnegative matrix factorization algorithms using projected gradient
approaches for large-scale problems. Comput. Intell. Neurosci. 2008, 2008, 939567:1–939567:13.

26. Potluru, V.; Calhoun, V. Group Learning Using Contrast NMF : Application to Functional and
Structural MRI of Schizophrenia. In Proceedings of the IEEE International Symposium on Circuits
and Systems (ISCAS 2008), Seattle, WA, USA, 18–21 May 2008; pp. 1336–1339.

27. Rennie, S.; Hershey, J.; Olsen, P. Efficient Model-based Speech Separation and Denoising
Using Non-negative Subspace Analysis. In Proceedings of the IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP 2008), Las Vegas, CA, USA, 30 March–4
April 2008; pp. 1833–1836.

28. Schmidt, M. Single-Channel Source Separation Using Non-Negative Matrix Factorization. Ph.D.
Thesis, Technical University of Denmark, Lyngby, Denmark, 2008.

29. Shashanka, M.; Raj, B.; Smaragdis, P. Probabilistic latent variable models as nonnegative
factorizations. Comput. Intell. Neurosci. 2008, 2008, 947438:1–947438:9.

30. Cichocki, A.; Zdunek, R.; Phan, A.; Amari, S. Nonnegative Matrix and Tensor Factorizations:
Applications to Exploratory Multi-way Data Analysis and Blind Source Separation; Wiley:
Weinheim, Germany, 2009; p. 500.

31. Fevotte, C.; Bertin, N.; Durrieu, J. Nonnegative matrix factorization with the Itakura-Saito
divergence: With application to music analysis. Neural Comput. 2009, 21, 793–830.

32. Mysore, G.; Smaragdis, P.; Raj, B. Non-negative Hidden Markov Modeling of Audio with
Application to Source Separation. In Proceedings of the 9th International Conference on Latent
Variable Analysis and Signal Separation (LVA/ICA’10), St. Malo, France, 27–30 September 2010;
pp. 140–148.

33. Mohammadiha, N.; Gerkmann, T.; Leijon, A. A New Linear MMSE Filter for Single Channel
Speech Enhancement based on Nonnegative Matrix Factorization. In Proceedings of the IEEE
Workshop on Applications of Signal Processing to Audio and Acoustics (WASPAA 2011), New
Paltz, NY, USA, 16–19 October 2011; pp. 45–48.

34. Wang, J.; Lai, S.; Li, M. Improved image fusion method based on NSCT and accelerated NMF.
Sensors 2012, 12, 5872–5887.



Sensors 2013, 13 13877

35. Wang, W. Squared Euclidean Distance Based Convolutive Non-negative Matrix Factorization with
Multiplicative Learning Rules for Audio Pattern Separation. In Proceedings of the 7th IEEE
International Symposium on Signal Processing and Information Technology (ISSPIT 2007), Cairo,
Egypt, 15–18 December 2007; pp. 347–352.

36. Wang, W.; Cichocki, A.; Chambers, J. A multiplicative algorithm for convolutive non-negative
matrix factorization based on squared euclidean distance. IEEE Trans. Signal Process. 2009, 57,
2858–2864.

37. Hoyer, P. Non-negative Sparse Coding. In Proceedings of the 2002 12th IEEE Workshop on Neural
Networks for Signal Processing, Valais, Switzerland, 4–6 September 2002; pp. 557–565.

38. Hu, H.; Mohammadiha, N.; Taghia, J.; Leijon, A.; Lutman, M.; Wang, S. Spasity Level in a
Non-negative Matrix Factorization Based Speech Strategy in Cochlear Implants. In Proceedings
of the 19th European Signal Processing Conference (EUSIPCO 2012), Bucharest, Romania, 27–31
August 2012; pp. 2432–2436.

39. Hu, H.; Sang, J.; Lutman, M.E.; Bleeck, S. Non-Negative Matrix Factorization on the
Envelope Matrix in Cochlear Implant. In Proceedings of the IEEE International Conference on
Acoustics, Speech, and Signal Processing (ICASSP 2013), Vancouver, Canada, 26–31 May 2013;
pp. 7790–7794.

40. Ali, H.; Lobo, A.; Loizou, P. On the Design and Evaluation of the PDA-based Research Platform
for Electric and Acoustic Stimulation. In Proceedings of the Annual International Conference of
the IEEE Engineering in Medicine and Biology Society (EMBC 2012), San Diego, CA, USA, 3–7
July 2012; pp. 2493–2496.

41. Dawson, P.; Mauger, S.; Hersbach, A. Clinical evaluation of signal-to-noise ratio-based noise
reduction in Nucleus cochlear implant recipients. Ear Hear 2011, 32, 382–390.

42. MathWorks. xPC Target TM: Getting Started Guide. 2012. Available online:
http://www.mathworks.co.uk/help/pdf doc/xpc/xpc target gs.pdf (accessed on 12 February 2012).

43. Hoyer, P. Non-negative matrix factorization with sparseness constraints. J. Mach. Learn. Res.
2004, 5, 1457–1469.

44. Virtanen, T. Monaural sound source separation by nonnegative matrix factorization with temporal
continuity and sparseness criteria. IEEE Trans. Audio Speech Lang. Process. 2007, 15, 1066–1074.

45. Morup, M.; Madsen, K.; Hansen, L. Approximate L0 Constrained Non-negative Matrix and Tensor
Factorization. In Proceedings of the IEEE International Symposium on Circuits and Systems
(ISCAS 2008), Washington, DC, USA, 18–21 May 2008; pp. 1328–1331.

46. Patrick, J.; Busby, P.; Gibson, P. The development of the Nucleus Freedom Cochlear implant
system. Trends Amplif. 2006, 10, 175–200.

47. Shannon, R.; Zeng, F.; Kamath, V.; Wygonski, J.; Ekelid, M. Speech recognition with primarily
temporal cues. Science 1995, 270, 303–304.

48. Lutman, M.; Clark, J. Speech identification under simulated hearing-aid frequency response
characteristics in relation to sensitivity, frequency resolution, and temporal resolution. J. Acoust.
Soc. Am. 1986, 80, 1030–1040.

49. Kasturi, K.; Loizou, P.; Dorman, M.; Spahr, T. The intelligibility of speech with ‘holes’ in the
spectrum. J. Acoust. Soc. Am. 2002, 112, 1102–1111.



Sensors 2013, 13 13878

50. MathWorks. Simulink R©: Developing S-Functions. 2012 . Available online:
http://www.mathworks.com/help/pdf doc/simulink/sfunctions.pdf (accessed on 12 February 2012).

51. Stone, M.; Fullgrabe, C.; Moore, B. Benefit of high-rate envelope cues in vocoder processing:
Effect of number of channels and spectral region. J. Acoust. Soc. Am. 2008, 124, 2272–2282.

52. Ma, J.; Hu, Y.; Loizou, P.C. Objective measures for predicting speech intelligibility in noisy
conditions based on new band-importance functions. J. Acoust. Soc. Am. 2009, 125, 3387–3405.

53. Chen, F.; Loizou, P. Analysis of a simplified normalized covariance measure based on binary
weighting functions for predicting the intelligibility of noise-suppressed speech. J. Acoust. Soc.
Am. 2010, 128, 3715–3723.

54. Taal, C.; Hendriks, R.; Heusdens, R.; Jensen, J. An algorithm for intelligibility prediction of
time and frequency weighted noisy speech. IEEE Trans. Audio Speech Lang. Process. 2011,
19, 2125–2136.

55. Steeneken, H. A physical method for measuring speech transmission quality. J. Acoust. Soc. Am.
1980, 67, 318–326.

56. Goldsworthy, R.; Greenberg, J. Analysis of speech-based speech transmission index methods with
implications for nonlinear operations. J. Acoust. Soc. Am. 2004, 116, 3679–3689.

57. Bench, J.; Kowal, A.; Bamford, J. The BKB (Bamford-Kowal-Bench) sentence lists for
partially-hearing children. Br. J. Audiol. 1979, 13, 108–112.

c© 2013 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article
distributed under the terms and conditions of the Creative Commons Attribution license
(http://creativecommons.org/licenses/by/3.0/).


	Introduction
	Sparse NMF Strategy for CIs
	Sparseness-Constrained NMF
	Sparse NMF Strategy for CIs
	Simulation Results

	Implementation of Sparse NMF Strategy on xPC Target Machine
	Software and Hardware
	Implementation of Sparse NMF S-Function

	Sparseness Parameter Tuning Experiment with xPC Target
	Experimental Setup
	Experimental Procedure
	Results

	Discussions and Conclusions
	Acknowledgments

