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ABSTRACT 
A cochlear implant is abio-medical device surgically implanted into the inner ear ofa profoundly person to restore partial hearing. 

In the case of several cochlear implant patients, sentence recognition in quiet listening conditions has been found to be more than 

90%. But the performance of cochlear implants significantly drops in the presence of background noise. Few noise reduction 

methods have been used by the researchers to improve speech perception of cochlear implant users in noisy listening situations. 

Some of these noise reduction methods have succeeded in improving speech perception in noise, but with varying degrees of 

success. Two essential topics of interest have not been investigated so far: (1) Effect of individual factors such as intensity 

resolution or spectral shifton the performance of a noise reduction method and (2) A systematic performance comparison of 

various noise reduction methods in the context of cochlear implants. The current research paper focuses on these two issues by 

systematically comparing three noise reduction methods using cochlear implant simulations. The factor used for comparison is the 

number of intensity steps required to code the speech information. The simulation results indicated that the subspace method 

produced higher speech recognition scores in noise than other noise reduction methods for all values of intensity resolution 

steps.The subspace method also required fewer number of intensity steps to produce high speech recognition. Hence when 

compared to the traditional spectral subtraction and MMSE spectral amplitude estimator method, the subspace noise reduction 

method can produce higher speech perception in noisy listening conditions with cochlear implant devices. 

 

KEYWORDS:  Noise Reduction, Cochlear Implants, Sentence Recognition, Intensity Resolution, Subspace Approach. 
 

INTRODUCTION 
 

A cochlear implant is abio-medical device that partially mimics the function of an impaired inner ear in 
order to convey the sensations of sound to a severely deaf person. A cochlear implant device consists of an 
implanted electrode array and a signal processor. The electrode array is implanted into the inner ear or cochlea 
of the profoundly deaf person by means of a surgical operation. The signal processor converts the sound signal 
into an electrical stimulus using various signal processing techniques. The generated electrical stimuli are used 
to excite the implanted electrodes in order to impart hearing sensations to the hearing-impaired person.  

William House [1] developed a single-electrode cochlear implant device which was called the House/3M 
cochlear implant. This device used a single electrode implanted in the cochlea and hence referred to as a single-
channel cochlear implant device. The speech signal was passed through an amplifier and then filtered using a 
single band-pass filter with frequency range of 340-2700 Hz. The output of band-pass filter was then modulated 
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using a carrier frequency of 16 kHz in order to stimulate a single electrode implanted in the cochlea. The 
sentence recognition using the House/3M device was less than 10% [2]. Over the past several decades, 
significant improvements have been made in cochlear implant devices. At present, the commercial cochlear 
implant devices operate using 16 or more electrodes and correspondingly use 16 or more channels of 
stimulation. Dorman and Spahr [3] reported that the mean sentence recognition score of 15 cochlear implant 
users using the 16-channel Clarion CII device was around 90%. They also reported that the mean sentence 
recognition of 15 cochlear implant patients using the 22-channel Nucleus-24/Esprit 3G cochlear implant device 
was around 90%. 

However in everyday life situations, some form of background noise superimposes on the speech signal and 
corrupts the speech signal. The speech perception with cochlear implant devices significantly drops in the 
presence of unwanted background noise. The effect of speech-shaped noise on speech recognition was studiesby 
Friesen et al. [4], using 10 Nucleus and 9 Clarion implant users. They reported that thesentence recognition 
dropped by about 20% when speech-shaped noise was added at 10 dB signal to noise ratio (SNR). Presence of 
speech-shaped noise at 5 dB SNR caused a further drop of additional 20% in sentence recognition.Fetterman and 
Domico [5] studied the effect of addition of multi-talker babble noise on speech recognition using cochlear 
implant devices. The mean sentence recognition in quiet of 96 cochlear implant patients was around 85%. 
Addition of 10 dB babble noise caused sentence recognition to drop to around 70%. Further addition of 5 dB 
babble noise caused the sentence recognition to drop to around 45%. 

In order to improve speech recognition with cochlear implants in presence of noise, we can use noise 
reduction techniques that suppress background noise.Use of noise reduction techniques for improving speech 
perception with cochlear implants is a relatively new and on-going development.  

The research study by Mauger et al. [6], investigated cochlear implant user’s speech perception and 
listening preference of noise reduction with a range of gain functions. They suggested an advantageous gain 
function which is optimal for cochlear implant recipients. Using the optimised gain function, they reported a 
27% improvement over the advanced combination encoder (ACE) stimulation strategy in speech weighted 
noise.Dyballa et al. [7] used a transient noise reduction method to improve speech perception in noisy listening 
conditions with cochlear implants. They reported an improvement of 1.7 dB of speech reception threshold in 
noise and increase in speech clarity. 

In summary, presence of background noise significantly deteriorates the speech recognition with cochlear 
implants.Few researchershave investigated the use of some of the noise reduction methods to improve speech 
perception in noisy listening situations with cochlear implant devices, but with varying degrees of success. An 
important question is how do these noise reduction methods compare with each other in terms of their 
performance using cochlear implants. Another important question is how to choose a particular method from 
these various noise reduction methods for implementation in a cochlear implant device.  In the general area of 
speech enhancement, several popular speech enhancement techniques such as spectral subtraction [8], MMSE 
spectral amplitude estimator [9] and signal subspace approach [10] have been developed. A systematic 
comparison of these popular speech enhancement techniques in the context of cochlear implants has not been 
performed. Such a systematic comparison would facilitate the cochlear implant device manufacturers to better 
choose a particular noise reduction method by comparing its performance against the performance of other noise 
reduction methods. In addition effect of individual factors such as spectral shift or number of intensity steps 
required (to code the speech information) has not been investigated on the various noise reduction methods in 
the context of cochlear implants. Several researchers [11-14] have extensively used the acoustic simulations that 
mimic cochlear implant signal processing to study the effect of complex factors on the performance of cochlear 
implant as well as the efficacy of new processing strategies.In this research paper, we systematically compare 
the performance of three noise reduction methods namely, spectral subtraction, MMSE spectral amplitude 
estimator and subspace noise reduction method in terms of the number of intensity steps required to code the 
speech information using cochlear implant simulations.   

 
MATERIALS AND METHOD 

 
2.1 Subjects: 

Five normal hearing listeners served as the subjects for the listening experiment. All the subjects received 
training and practice in listening to synthetic speech stimuli before the start of the experiment. The sentence 
material used for practice sessions was not employed in the listening experiments. 

 
2.2 Speech Material: 

The test material consisted of sentences from the HINT database [15]. A total of 16 lists of sentences, each 
list consisting of 10 sentences were used. No sentences were repeated during the various conditions of the 
listening experiment. Noisy speech stimuli were created by adding speech-shaped noise from the HINT database 
to the sentences.The signal to noise ratio was adjusted at 0 dB SNR. 
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2.3 Signal Processing: 
Signal processing was performed in two stages, Stage (I) and Stage (II). In Stage (I), the various noise 

reduction methods were implemented to produce the enhanced speech stimuli by using the three noise reduction 
methods namely spectral subtraction, MMSE spectral amplitude estimator and subspace noise reduction method. 
In Stage (I), a total of four sets of speech stimuli were created. One set corresponded to the un-enhanced noisy 
speech, which consisted of sentences with speech-shaped noise added at 0 dB SNR. The remaining three sets 
consisted of the enhanced speech generated by using the three noise reduction methods. In Stage (II), the 
cochlear implant simulation was performed using eight channels with four levels of intensity resolution. Eight 
channels were used for the simulation, since the results of cochlear implant simulations conducted by Loizouet. 
al. [14] showed that eight channels were enough to obtain asymptotic levels of sentence recognition. 

 
2.3.1 Stage (I):  

In the first stage of signal processing, three sets of enhanced speech stimuli were generated by 
implementing the three noise reduction methods namely spectral subtraction, MMSE spectral amplitude 
estimator and subspace noise reduction method.  

If speech signal �(�) is corrupted by uncorrelated noise �(�) then the resultant noisy speech can be 
represented as:  
 
�(�) = �(�) + �(�)               (1) 

 
The frequency domain representation of the noisy speech is given as follows: 


(�) = �(�) + (�)              (2) 
Since noise is additive and uncorrelated to the speech, the corresponding spectral representation can be 

formulated as: 
��(�) = ��(�) + ��(�)             (3) 
�ℎ��� ��(�) = |
(�)|� ��� ��(�) = |�(�)|� 

The 1st set of stimuliconsisted of the speech stimuli that were enhancedusing spectral subtraction according 
to Berouti et al. [8]. The noise power spectrum is subtracted from the power spectrum of noisy speech to obtain 
an estimate of the power spectrum of the desired speech given by:  

��(�) = ���(�) − �. ��(�), �  ��(�) > ". ��(�)
". ��(�),   �#$�      %          (4) 

In the above equation,� denotes the over subtraction factor and " denotes the spectral floor. The over 
subtraction factor � is computed as:  

� = �& − '�(
)                     (5) 

*+is the segmental signal to noise ratio computed for each time frame. The values for various parameters 
are: 

�& = 4, $ = �&
-       ���       " = 0.01            (6) 

The noise power spectrum ��(�)can be estimated as the average of the power spectrum of the noisy signal 
over several frames during silence period. Finally, the inverse Fourier transform of the square root of the 
obtained power spectrum is calculated to obtain the desired signal. 

The 2ndstimuli set consisted of speech material that was enhanced using MMSE spectral amplitude 
estimator developed by Ephraim and Malah [9].  

The MMSE spectral amplitude estimator of the enhanced signal is given by the formula: 

012 = Γ(1.5). 4567
87

9 . :�;<7
= > . 4(1 + ?2)@& :67

� > +  (?2)@A :67
� >9 . +2        (7) 

Where the spectral amplitude of corrupted speech is denoted by +2. Γ( )denotes the gamma function and 
@&(. ), @A(. ) denote the modified Bessel functions of zero and first order. 

?2 = B7
(ACB7) . (D2) ,                   E2 = FG (2)

FH(2)             ���             D2 =  (7=
FH  (2)           (8) 

 
In the above equations,IJ(K) ��� IL(K), are variances of desired speech signal and noise signal. E2 is the a 

priori SNR and D2 is the a posteriori SNR. Finally, by taking inverse Fourier transform of the MMSE spectral 
estimator and suing the noisy signal phase, the enhanced speech signal was generated. 

The 3rd set of stimuli consisted of the sentences that were enhanced using the subspace noise reduction 
technique given by Hu and Loizou [10]. The subspace method splits the noisy speech vector into ‘desired 
signal’ subspace and ‘noise’ subspace.  

The noisy speech in vector format is represented by  �M  = �̅  +  �M. The enhanced speech can be given as: 
 
� OP =  QO . �M               (9) 
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Where � OP  is the estimate of the required signal vector,QO is the gain matrix and �M  is noisy speech vector. The 
error between the estimated speech signal and the required speech signal is given by: 
R ̅  =  � OP − �̅ = (QO. �M) − �̅  =   (QO − @)̅. �̅ + QO. �M          (10) 

The estimator QO that would reduce the speech distortion with a limit on the noise distortion can be 
developed. The gain function QO can be obtained as: 
QO =  (ΔO)ST .ΛO . ( ΛO + U@)̅SA. (ΔO)ST            (11) 

In the above equation, U   is the Lagrange multiplier, ΔOis Eigen vector matrix and ΛO is the diagonal Eigen 
value matrix. 

The 4th speech stimuli consisted of the noisy sentences which were used as the baseline for comparison 
purpose. They consisted of the sentence material to which speech-shaped noise was added at 0 dB SNR. 

Thus the output of Stage (I) consisted of four stimuli sets comprising ofthe noisy speech condition 
(baseline) and the three noise reduction methods. The following labels are used to identify the four stimuli sets 
as given by: 

� noisy – noisy speech used as baseline for comparison purpose. 
� specsub – Enhanced stimuli using spectral subtraction. 
� mmse – Enhanced stimuli generated by using MMSE spectral amplitude estimator. 
� subspace – Enhanced stimuli obtained by subspace noise reduction approach. 
 

2.3.2 Stage (II):  
Signal processing in the second stage consisted of subjecting the four stimuli sets generated in the Stage (I) 

to cochlear implant simulation.In order to mimic signal processing of cochlear implant, a sinusoidal synthesis as 
described by Loizou et al. [14] was implemented.A block diagram representing various functional blocks in the 
cochlear implant simulation is depicted in Figure 1 shown below. 

 

 
 
Fig. 1: Block diagram representation of sinusoidal synthesis used for cochlear implant simulation. 

 
An eight channel simulation consisting of eight frequency sub-bands was performed to conduct cochlear 

implant simulation. Test material was passed through to a low-pass filter with 6000 Hz cut-off frequency and 
then passed through a pre-emphasis filter with 2000 Hz frequency limit. The low-pass filtered and pre-
emphasized speech material was then subjected to sub-band processing. This was done by using8 
logarithmically spaced band-pass filters in the frequency range from 300 Hz to 5500 Hz using sixth-order 
Butterworth filters. The cut-off frequencies for the 8-channel case are shown in the Table 1. 

The output of each channel was passed through a full-wave rectifier followed by a second order 
Butterworth low-pass filter with a center frequency of 400 Hz to obtain the envelope of each channel output. By 
computing the root mean square (rms) energy of the envelopes (�(�))using a frame length of 4 milli-seconds 
(ms), the envelope amplitudes (�VWX) were calculated for every 4 ms.  
�VWX =  ∑ �(�)��LZA                 (12) 

In the above equation the summation index N corresponds to the time frame of 4 ms. The envelopes are 
denoted by �(�). The generated envelope amplitudes are denoted by �VWX. 

The step size for quantization process was chosen as: 
  ∆   =   \]^GS\]_H

`SA                   (13) 

In the above equation, [�WVJ − �WaL] represents the dynamic range of speechand ∆ is the quantization 
step size.�WVJdenotes the maximum envelope amplitude and �WaLdenotes the minimum envelope amplitude. 
The value for �WVJ was calculated using the envelope histogram of the speech signal and set as 99 percentile 
value. The value of �WaLwas set 0.5 dB above the rms value of the noise floor.Q is the number of quantization 
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levels and determines the intensity resolution. The envelope amplitudes �VWXwere then uniformly quantized to 

‘Q’ discrete levels (Q = 4, 8, 16, Full Resolution) to generate quantized envelope amplitudes �VWX
` . For the Q=4 

condition, 4 intensity steps were generated. For the Q=8 condition, 8 intensity steps were generated. For the 
Q=16 condition, 16 intensity steps were generated. The ‘Full Resolution’ condition corresponded to the un-
quantized condition. 
 
Table 1: The 3-dB cut-off frequencies for the 8-channel processing condition 

Frequency Band Index Lower Cut-off Frequency (Hz) Upper Cut-off Frequency (Hz) Center Frequency (Hz) 

1 300 432 366 

2 432 621 526 

3 621 893 757 

4 893 1285 1089 

5 1285 1848 1566 

6 1848 2658 2253 

7 2658 3823 3241 

8 3823 5500 4662 

 
Corresponding to each channel a sinusoid was generated with frequency set to the center frequency of the 

channel and with amplitude equal to quantized envelope amplitudes. The sinusoids of each frequency band were 
finally summed to obtain the synthesized speech.  
$stu =  ∑ �VWX

` (K). sin(2w 2x2ZA � + y2)             (14) 

In the above equation  2 represents the center frequency of kth frequency band, �VWX
` (K) is the quantized 

value of envelope amplitude of the kth frequency band, y2 is the phase value at the center frequency estimated 
using Fast Fourier Transform (FFT) and $stu denotes the synthesized speech output. Finally, the level of the 
synthesized speech segment was adjusted to have the same rms value as the original speech segment, in order to 
produce the same loudness level as the original speech signal. 

The intensity resolution was varied in 4 different ways (Q=4, 8, 16 and Full Resolution). Hence a total of 16 
test conditions were generated, corresponding to the 4 sets of speech material generated in Stage (I) and 
4intensity resolution values used in Stage (II). 

 
2.4 Procedure: 

The speech perception experiments were conducted using a computer. The subjects listened to the 
processed sentences using high quality Sennheiser HD circumaural headphones connected to the computer. A 
graphical user interface was developed to play the test material via the headphones. The subjects were instructed 
to hear the sentence via the headphonesand to write down as many words as they could understand. In order to 
familiarize the subjects with synthesized speech, a practice session with 2 lists of ten sentences in quiet, 
processed using 16 channels was conducted. Another practice session with 1 list of ten sentences in noise at 0 
dB using 16 channels was conducted, to familiarize the subjects to noisy speech conditions.  

Following this, a pilot test session with ten sentences in quiet, processed using 16 channels was performed. 
Only the subjects who scored above 90 percent in the pilot test were allowed to participate in the experiment. 
None of the sentences used in the practice session were repeated in the speech perception experiments. 
Following the completion of pilot test, the subjects were tested with the sentences processed through the various 
noise reduction methods and the various intensity resolution values. Each subject was tested using total of 16 
conditions corresponding to the 4 stimuli sets generated in Stage (I) and the 4 intensity steps used in Stage (II). 
While conducting the experiments, the order of the test conditions was randomized. 

 
RESULTS AND DISCUSSION 

 
The sentence recognition was measured using percent correct score calculated as the percentage of correct 

words scored by the subject out of the total number of words in the list of 10 sentences. For each of the 16 test 
conditions the percent correct scores of the five subjects were averaged to generate the mean percent correct 
score for that particular test condition. The Table 2 shows the mean percent correct scores of the five subjects 
using the 3 noise reduction methods as well as the noisy speech condition for the various number of intensity 
steps.   
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Table 2. The comparison of various noise reduction methods for various number of intensity steps. 

 Mean percent correct score 

Intensity Resolution noisy specsub mmse subspace 

4 8 21 31 44 

8 15 30 42 58 

16 26 46 57 69 

Full Resolution 29 49 60 70 

 
The mean percent correct score was a function of the number of intensity steps. For all the 3 noise reduction 

methods as well as un-enhanced noisy speech, the mean percent correct score increased gradually up to 16 
quantization steps. The percent scores using 16 quantization steps were no different than that with ‘Full 
resolution” or the unquantizedcondition. Hence in all the 4 sets of stimuli, the percent correct scoresasymptoted 
with 16 quantization steps. 

The percent correct scores for the three noise reduction methods and the noisy speech condition are 
presented in pictorial form in the Figure 2. The spectral subtraction algorithm produced the lowestrecognition 
scores among the three speech enhancement methods that were tested in this speech perception experiment. This 
can be attributed to the fact that spectral subtraction results in speech distortion [16]. However statistical 
analysis according to paired T-test showed that the mean percent correct scores of spectral subtraction algorithm 
were significantly higher than the scores produced by noisy speech (p<0.005). 

 Results also indicate that the MMSE spectral amplitude estimator produced higher recognition scores than 
the spectral subtraction method for the various number of intensity steps (p<0.005). It can be observed from the 
Figure 2, that the percent correct scores using subspace noise reduction method were higher than the other noise 
reductions methods and the noisy speech for all the conditions of intensity resolution. Statistical analysis 
indicated that the mean percent correct scores obtained using the subspace method were significantly higher 
than the scores obtained by the MMSE spectral amplitude estimator method (p<0.005). Statistical analysis also 
showed that the mean percent correct scores obtained using the subspace method were significantly greater than 
the scores obtained by the spectral subtraction method (p<0.005). 

The results from this experiment indicated that the performance of subspace method with 8 intensity steps 
was same as the performanceof MMSE spectral amplitude estimator method with 16 intensity steps. Also the 
performance of subspace method with 4 intensity steps was same as the performance using MMSE spectral 
amplitude estimator method with 8 intensity steps. Thus subspace method requires fewer number of intensity 
steps than MMSE spectral amplitude estimator method to achieve similar speech recognition scores. 

To obtain high levels of speech recognition in quiet conditions using cochlear implants at least 8 number of 
intensity steps is required [17]. To obtain high levels of speech understanding in noisy conditions, 16 or more 
number of intensity steps are required [18]. The number of intensity steps available in cochlear implant users 
varies greatly from 4 to around 45 [19]. Hence limited number of intensity steps in a particular cochlear implant 
user can lead to lower speech recognition score in noisy listening conditions. The results of cochlear implants 
simulations performed in this research work indicated that lower number of intensity steps were required for 
subspace noise reduction algorithm when compared to other noise reduction methods to achieve high speech 
recognition. 

 
Fig. 2: Performance of various noise reduction methods as a function of intensity resolution. 
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Conclusion: 
A comparison of noise reduction methods as a function of intensity resolution in the context of cochlear 

implants has not been performed so far. Such comparison can help the manufacturers to compare and contrast 
the various noise reduction methods and to select a noise reduction method for their device. In this research 
paper a systematic comparison of three noise reduction methods was performed as a function of intensity 
resolution using cochlear implant simulations. According to the existing research atleast 16 or more intensity 
steps are required to obtain high levels of speech recognition in noisy listening conditions with cochlear 
implants. In cochlear implant userpopulation, the available number of intensity steps greatly varies and poor 
intensity resolution can limit speech recognition. The results of this experiment indicated that to achieve high 
speech recognition in noisy listening conditions, lesser number of intensity steps were required using subspace 
algorithm when compared to other noise reduction methods. Hence the subspace method can perform better than 
the spectral subtraction and MMSE spectral amplitude estimator methods in noisy listening conditions for the 
cochlear implant patients. 
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