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Abstract 
In this paper we explore how to improve a sparse coding 

(SC) strategy that was successfully used to improve subjective 
speech perception in noisy environment in cochlear implants. 
On the basis of the existing unsupervised algorithm, we 
developed an enhanced supervised SC strategy, using the SC 
shrinkage (SCS) principle. The new algorithm is implemented 
at the stage of the spectral envelopes after the signal 
separation in a 22-channel filter bank. SCS can extract and 
transmit the most important information from noisy speech. 
The new algorithm is compared with the unsupervised 
algorithm using objective evaluation for speech in babble and 
white noise (signal-to-noise ratios, SNR = 10dB, 5dB, 0dB) 
using objective measures in a cochlea implant simulation. 
Results show that the supervised SC strategy performs better 
in white noise, but not significantly better with babble noise.  

Index Terms: sparse coding, supervised learning, 
cochlear implants 

1. Introduction 
A cochlear implant (CI) is a device that helps to restore 

partial hearing to a person who is profoundly deaf or severely 
hard of hearing. It uses electrodes inserted in the inner ear to 
stimulate the auditory nerves via electrical pulses representing 
modulation of the speech spectrum. With the development of 
advanced speech processors and signal processing strategies, 
the vast majority of CI users today benefit from their devices. 
Most CI users can communicate without difficulty in quiet 
situations, however, most CI users struggle to follow speech in 
noisy environments.  

CI users face three main difficulties: limited information 
transfer, inter-channel interaction and limited dynamic range. 
Firstly, the transfer from acoustical stimuli to electrical stimuli 
has to pass through the bottleneck of the restricted bandwidth 
of the implant. Usually, only the speech envelope is coded and 
only in a handful electrodes at the same time; secondly, 
mainly due to the distance from the electrodes to the auditory 
nerve ganglion, the bandwidth of each channel is much wider 
than that of natural auditory filters, causing unwanted channel 
interaction; thirdly, CIs offer only a very limited dynamic 
range (10-20 dB) to encode the whole stimuli. Generally the 
problem is that in noisy situations too much information, 
speech and noise, is coded and uses up critical bandwidth. A 
possible solution to improve the speech perception in noise for 
CI users is therefore to select and transmit only the most 
essential information from the speech while reducing the noise. 

Sparse coding (SC) strategies offer a promising method to 
identify the most essential information, compared with state-
of-art noise reduction algorithms [1-4]. Recently, there has 
been significant development in SC algorithms, exploring 
sparse representations in the context of denoising and 
classification [5, 6]. Sparse applications exploit the fact that 
most signals of interest are sparsely represented in an 

appropriate dictionary or base. However, most previous 
research utilize ‘off-the-shelf’ wavelet- and cosine-transform 
dictionaries [7], but recent research has demonstrated the 
significant advantages of dictionary learning matched to the 
signals of interest [5, 6, 8]. SC strategies can be either 
‘supervised’ or ‘unsupervised’; a supervised strategy learns 
the dictionary from training data, an unsupervised strategy 
learns it in situ. 

In this paper, we apply a novel supervised SC strategy that 
is based on the ‘sparse coding shrinkage’ (SCS) principle [9] 
on CI test data. The SCS principle is used to realize a soft 
threshold function to reduce noise in the sparse space and is 
based on Bayesian ‘maximum a posterior’ (MAP) criteria [10]. 
In our strategy, SCS in implemented in the spectral envelope 
of the electrical stimuli after a 22-channel filter bank and 
training data is also transformed to the same form as spectral 
envelopes.  

We compare this novel supervised SC strategy with an 
unsupervised SC strategy that was developed previously in our 
group [11, 12]. The original unsupervised algorithm showed 
benefits in objective and subjective measures, when compared 
with the conventional CI speech processing Advanced 
Combination Encoder (ACE) strategy. Recently in our group 
Enhanced SC strategy was also developed by combining the 
Kalman Estimate-Maximize (KEM) algorithm for noise 
reduction and the SPARSE algorithm for information 
selection and showed some benefits in subjective experiments 
by normal hearing listeners [13]. We aimed to explore whether 
the supervised strategy could further improve the performance 
of the original unsupervised algorithm in two types of 
background noise: babble and white. Supervised strategy is 
motivated from also previous experimental research. 
Interactions between talker identity training and spoken 
language processing have been found in studies where prior 
familiarity with the talker influences processing. Nygaard and 
Pisoni (1998) used a talker learning paradigm and found that 
learning talkers from sentences leads to better sentence 
processing performance [14]. 

The structure of the paper is as follows: Section 2 presents 
the principal and general implementation details of supervised 
SCS. Section 3 describes the application of the supervised 
SCS in CIs. Section 4 compares the novel algorithm with the 
unsupervised SC strategies described previously. Section 5 
presents results of objective evaluations. 

2. Supervised sparse coding shrinkage  

2.1. Principals of sparse code shrinkage 

The sparse coding shrinkage was developed in [5]. We first 
consider only scalar random variables where s denotes the 
original non-Gaussian random variable and v the Gaussian 
noise with zero mean and variance 2� . We assume that we 
observe only the random variable y: 
 y s v� �  (1) 

Copyright © 2011 ISCA 28-31 August 2011, Florence, Italy

INTERSPEECH 2011

1793



The MAP criteria is used to estimate the original variable s: 
   

 
( ) ( )ˆ argmax ( ) argmax

( )
p y s p ss p s ys s p y

� �  (2) 

where ŝ is the estimated original clean variable.  
Since ( )p y does not depend on s, 

 ˆ argmax ( ) ( )s p y s p sv ss� �  (3) 

 where ( )p y sv � is the density of noise evaluated at y s�  
and ( )p ss is the density of original signal evaluated at s. 

 
Figure 1: Shrinkage function used in this paper (dash-

dotted line). The effect of this function is to reduce the 
absolute value of its argument by a certain amount, which 
depends on the noise level. Small arguments of y are set to 
zero. 

 
Using lnf ps s� � the negative log density, then 

 2
2

1ˆ argmin ( ) ( )
2

s y s f sss �
� � �  (4) 

Assuming fs to be strictly convex and differentiable, this 
equation could be solved using the approximation  
 ( )s g y�  (5) 

which is called the ‘shrinkage’ function. The shrinkage 
function used in this paper was adopted from [9] and shown in 
Fig.1 and equation (13) and can be regarded as a ‘soft’ 
threshold method. 

The more non-Gaussian s, the better the Gaussian noise 
can be reduced [9]. Therefore it is critical to know how to 
transform speech to a sparse space. 

 

2.2. General implementation of supervised sparse 
code shrinkage 

2.2.1. General Procedure 

We assume that a noisy signal matrix X is produced by 
corrupting the original signal matrix B with Gaussian noise 
matrix V.  
 � �X B V  (6) 

X is of size n x m, where m denotes the length of each 
observed frame and n denotes the number of frames. B and V 
have the same size as X. 
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Assuming that there exists an orthogonal matrix W which 
could transform X into sparse representation matrix 
(derivation of W is explained in Section 2.2.2), we can write 
 � � � � � 'Y WX WB WV S V  (8) 

where [ ; ; ]� ���1 2 nY y y y , [ ; ; ]� ���1 2 nS s s s , and the output 
components is are sparse. As W is orthogonal and V represents 

a white noise matrix, 'V is also a white noise matrix with the 
same noise covariance matrix as V. Therefore the SCS 
function as equation (13) can be applied to each component 

iy  to estimate the clean components is : 
 ˆ g( )�i is y  (9) 

ˆ ˆ ˆ ˆ[ ; ; ]� �� �1 2 nS s s s is the estimated denoised matrix in the 
SC space. Inverse transformation of the denoised matrix to the 
original signal matrix with the orthogonal transformation W 
yields 
 ˆˆ � TX W S  (10) 

The clean signal matrix is estimated keeping critical 
information while reducing the noise. 

2.2.2. Basis Learning 

A training matrix is used to learn the basis of the signals of 
interest and thus derive W in equation (8). The training matrix 
is chosen to have to same statistics as the clean test matrix. For 
example, if the test matrix is speech, the training matrix could 
be speech from the same speaker. To obtain an orthogonal 
sparse basis matrix, Principal Component Analysis (PCA) or 
Independent Component Analysis (ICA) can be adopted (as 
described in [15]). Here, ICA is chosen as it can derive a more 
sparse representation matrix. 

2.2.3. Estimation of Sparse Distribution  

The sparsity of each component is in S is estimated 
through normalized kurtosis: 

 
4

4
1

1K( ) 3
n ij

j

(s μ)
n σ�

�
� �is  (11) 

where ijs is the jth observation value in is , μ is the mean, 
� is the standard deviation and K is the measured normalized 
kurtosis. The measured kurtosis is much larger than zero, 
which is the normalized kurtosis of a Gaussian distribution. 
This means that the distribution of each component is is super-
Gaussian.  

The distribution of a super sparse probability density was 
selected as:  
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where d denotes energy and � controls the sparsity of the 
distribution. 

2{ }id E s� , 
2 ( 4)
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k
�

� � �
�

�
, 2 2(0)sk d f�  

where (0)sf is the value of the density function of is at 
zero. The corresponding shrinkage function was adopted from 
[9] as 

2 2

( ) ( )

( ) 4 ( 3)
ax 0,

2

i i

i i

g s sign s

s ad s ad
m

� �
������������

�

� �� � � � �
� ��
� �
� �

 (13) 

This shrinkage function is shown as the dash-dotted line in 
Figure 1. 

1794



3. Supervised sparse coding strategy in CI 
 

 
Figure 2: Flowchart of the spectra envelope sparse coding 

strategy. Supervised SCS is applied to the spectral envelopes 
for electrical stimuli in CIs. 

 
Figure 2 shows the implementation of the supervised SCS 
strategy for the spectral envelopes of electrical stimulation in 
CIs. As CIs only transmit the information that is contained in 
the envelopes of each filter, processing in spectral envelopes is 
expected to extract the most critical information for CI users. 
In our strategy, the input signal is first processed by a pre-
emphasis high-pass filter to simulate the outer and middle ear 
transfer function in normal hearing listeners [16]. Then the 
input signals are split into 22 channels by a FFT filter bank, 
from which envelopes are extracted in each channel by Hilbert 
transform. Supervised SCS is implemented on the matrix of 
spectral envelopes (equation (7)) where each column 
represents a short temporal frame and each row represents the 
envelopes in one channel. The training speech is processed in 
the same way and basis learning is applied in the spectral 
envelopes from the training data. The training data is about 10 
seconds long in the present research. After supervised SCS, 
channels are selected to stimulate most important channels in 
each temporal frame and avoid channel interaction by “n-of-
m” strategy [17] and pulsed electrical stimulation is calculated. 

4. Unsupervised sparse coding strategies 

 
Figure 3: Flowchart of the previous, unsupervised sparse 
coding strategy in spectrum envelopes in CI. 
 
Figure 3 shows the implementation of the unsupervised SC 
strategy. In this strategy, the spectral envelopes are processed 
without training data. The noisy speech goes through the same 
processing procedure as supervised SC in Figure 2. The 
difference is that the unsupervised SC extracts the basis 
vectors directly from the noisy matrix and performs 
thresholding in the sparse domain and then inverse transforms 
to the original spectra envelop domain. We expected that the 
unsupervised SC strategy does not perform as good as the 
supervised strategy because distinct features from the 
envelopes can be more easily extracted from clean training 
data. However, the unsupervised strategy has the advantage 
that it does not need training data and could extract features 
directly and more clearly in situ if noise is very low. Besides, 
the unsupervised SC strategy is expected to be more robust 
with different speech sources in noisy environment. The 
unsupervised SC strategy has been tested in both objective and 
subjective CI user tests and has shown significant 
improvement for speech intelligibility for CI users [11, 12]. 

5. Comparison of supervised and 
unsupervised strategy 

The supervised SC strategy was expected to perform better 
given the right training data while the unsupervised SC 
strategy is expected to perform more robust with different 
speech sources in noisy environment. The output signal is a 
reconstruction of the acoustical signal based on the spectrum 
envelope by using a noise simulation vocoder [18].  

5.1. Examples of simulation outputs 

 
Figure 4: CI simulation outputs from BKB sentence with 
babble noise. (a) clean speech by ACE; (b) noisy speech by 
ACE; (c) noisy speech by unsupervised SC; (d) noisy speech 
by supervised SC. Input SNR in (b-d) is 5 dB (“The father 
writes the letter.”). 
 
Figure 4 shows the outputs from a CI simulation for the 
different strategies. Panel (a) shows the output of clean speech 
from ACE. Panels (b)-(d) show the simulated output of noisy 
speech from ACE, unsupervised and supervised SC 
respectively. Redundant information is reduced in the two 
sparse coding strategies, as can be seen by the lower noise 
floor. 

5.2. Objective evaluation 

Objective evaluation of segmental SNR [19] has been used to 
evaluate and compare the performance of the simulation 
output the three strategies. Segmental SNR [19] was 
calculated as 

 
1 21
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0
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 (14) 

where ( )x n is the simulation output of clean speech processed 
by the ACE strategy as in Figure 4 (a), ˆ( )x n is the simulation 
output of the noisy speech processed by a SC strategy or ACE 
strategy as in Figure 4 (b-d). N is the frame length, and M is 
the number of frames in the signal. A time window of 30 ms 
was used (480 samples for a sampling rate of 16000 Hz). This 
measure is based on the geometric mean of the SNR across all 
frames of the speech signal.  

Segmental SNR was calculated based on BKB sentences 
[20]. Improved Segmental SNR was calculated as segmental 
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SNR of the simulation output of one sparse strategy relative to 
ACE strategy (baseline) from the same noisy speech. The 
output simulation signal is a reconstruction of the acoustical 
signal based on the spectrum envelope by using a noise 
simulation vocoder [18]. Table 1 shows the improved 
segmental SNR in babble and white noise under different 
input speech SNRs. 
 

Table 1: Improved Segmental SNR (dB) of CI simulation 
outputs of the two sparse strategies 

 
Table 1 shows that in babble noise the unsupervised SC 

strategy performs as good as supervised SC strategy. One way 
ANOVA shows that the supervised SC strategy performs 
significantly better in white noise. This result is not surprising 
as the supervised SC strategy assumes Gaussian noise 
distribution. Future research in supervised SC strategy might 
apply pre-whitening of non-Gaussian noise. 
     The objective evaluation implies that the currently used 
unsupervised SC strategy is competitive in babble noise. 
However, this does not mean that there is no room for 
improvement. This only implies that the unsupervised SC 
strategy can be further improved. It could be advantageous to 
develop new strategies based on supervised learning that can 
update basis learning in situ. These algorithms could also be 
used to process speech in hearing-aids as envelope 
information are more important for low-performance hearing 
listeners and most state-of-art speech enhancement algorithms 
have not focused on spectral envelope processing. 

5.3. Informal subjective evaluation 

Simulation outputs of the different strategies were tested by 
asking participants for informal feedback on quality. 
Subjective responses indicated that the sparse outputs are 
perceived as clearer and sound crisper than the comparison 
baseline of unprocessed output of ACE strategy in the CI 
simulation. For final evaluation in future, CI subjects will be 
asked to subjectively evaluate the novel algorithms. 

6. Conclusions 
A novel supervised SC strategy was developed to further 
explore the potential of SC methods to improve speech 
perception for CI users. An unsupervised SC strategy 
developed before [11, 12] was compared with the new strategy. 
Objective evaluation of segmental SNR shows that in babble 
noise background, the unsupervised SC strategy is competitive 
with the supervised SC strategy while the unsupervised SC 
strategy performs significantly better than supervised SC 
strategy in white background noise. The new supervised SC 
strategy assumes Gaussian noise distribution; therefore it does 
not perform better than unsupervised SC strategy in the case 
of babble noise. The unsupervised and supervised SC strategy 
might be combined in future. In future, we aim to explore and 
test the combination of a priori knowledge of training data and 
updating basis learning in situ.  
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