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Abstract

Although there are numerous papers describing esicighnnel noise reduction strategies to
improve speech perception in a noisy environmeaw, $tudies have comprehensively evaluated the
effects of noise reduction algorithms on speecHityutor hearing impaired (HI). A model-based
sparse coding shrinkage (SCS) algorithm has beeslafed, and has shown previously (Sang et al.,
2014) that it is as competitive as a state-of-tti@Aéener filter approach in speech intelligibilityiere,
the analysis is extended to include subjectiveityuedtings and a method called Interpolated Paired
Comparison Rating (IPCR) is adopted to quantititiiek the benefit of speech intelligibility and
speech quality.

The subjective quality tests are performed throlRfER to efficiently quantify noise reduction
effects on speech quality. Objective measures datpfrequency-weighted segmental signal-to-noise
ratio (fwsegSNR), perceptual evaluation of speeghlity (PESQ) and hearing aid speech quality
index (HASQI) are adopted to predict the noise ctida effects.

Results show little difference in speech qualityneen the SCS and the Wiener filter algorithm
but a difference in quality rating between the HlaNH listeners. HI listeners generally gave better
quality ratings of noise reduction algorithms tiNid listeners. However, SCS reduced the noise more
efficiently at the cost of higher distortions thatre detected by NH but not by the HI.

SCS is a promising candidate for noise reductigorighms for HI. In general, care needs to be
taken when adopting algorithms that were origindigweloped for NH participants into hearing aid

applications. An algorithm that is evaluated nagdyi with NH might still bring benefits for HI
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participants.
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Abbreviations: BKB, Bamford-Kowal-Bench sentence; Cl¢hdear implant; CS-WF, A Wiener filtering approaclithw
cepstral smoothing; fwsegSNR, frequency weighteginemtal signal-to-noise ratio; HA, hearing aid; HAShearing aid
speech quality index; HI hearing impaired; IPCR, rinpbdated paired comparison rating; NAL, National oAstics
Laboratory procedure; NH, normal hearing; PESQcemual evaluation of speech quality. SCS, spardegashrinkage;

SNR, speech-to-noise-ratio; SRT, speech receptiasiibld; SSN, speech shaped noise.
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1. Introduction

For people with mild to severe hearing losses,eruradvanced hearing aids can help improve
speech perception in quiet environments. Howeuee, important reason why hearing-aid users do
not use their hearing aids as often as they cauldait their devices often do not work well in idifilt
situations, where for example there is backgrounten (Alcantara et al., 2003; Dillon, 2001).
Hearing-impaired (HI) people typically require aeeph-to-noise ratio (SNR) that is at least 3-6 dB
higher to achieve the same degree of speech @gitglilly (Alcantara et al., 2003; Plomp, 1994) than
normal-hearing people. Therefore, noise reductigardhms in hearing aids are one critical factor t
increase hearing aid (HA) uptake and ultimatelyriprove the quality of life for the HI.

Although microphone arrays have been shown to ingspeech perception, their performance
is only significant with a large microphone arrd¢afes et al., 1996; Levitt, 2001; Schum, 2003).
Additionally, the microphone array can only be effee when the target speech and interfering
sounds are coming from different directions. Howgedee to the small size of a hearing aid, usually
only one or two microphones are placed in a heaaidg Accordingly, a large microphone array is
usually not practical to be placed in a hearing &ldving two microphones in one hearing aid is
effective, because in combination, they allow bdaming on top of single-channel noise reduction
strategies. Currently, most hearing aids are e@uippith a combination of single-channel noise
reduction algorithms and beam-forming strategie&d(@w et al., 2003) contributing to the overall
noise reduction performance. Current commerciaicgsv(e.g. Phonak Naida Q, Starkey 3 series) use
wireless transmission between the hearing aidd@mwo different ears to create more complex beam
forming solutions. But still, despite the succebmalti-channel approaches, there are many sitoatio
that limits the performance of directional micropke and require the use of single-channel strategie
e.g. for the lack of spatial separation between gbarce and the competition, the effects of
reverberation, telephone speech, or hearing aatsatte placed entirely in the ear canal. Because of
the many limitations of today’s single-channel eoigduction algorithms this encourages us to
undertake further research.

Previous development of single-channel noise reéslustrategies in hearing aids mainly focused

on two families of algorithms: spectral subtracti@icantara et al., 2003; Dahlquist et al., 2005;
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Elberling et al., 1993; Levitt et al., 1993) andenér filtering (Levitt et al., 1993). Moreover, nos
noise reduction algorithms that are currently ugedearing aids, were originally developed to
improve speech perception for normal hearing (Nefgde and were only later adopted for hearing
aid users, thus potentially ignoring specific noalir issues of hearing loss like lack of frequency
resolution or recruitment. Due to these hearing fastors in HI listeners, algorithms that are ot

for NH listeners might not be optimal for HI lisens. Also, an algorithm that is not optimal for NH
listeners might help HI listeners. Previous studiiage found that the same noise reduction algorithm
that cannot improve speech intelligibility for NHsteners can significantly improve speech
intelligibility for cochlear implant (Cl) users (Y&chuur et al., 2006; Yang et al., 2005). Whether t
phenomenon is similar for the effect of a noiseuntidn algorithm on speech quality still needs
further investigation.

In order for a noise reduction algorithm to be addpby the users, it should do two things:
increasing intelligibility and at the same time kg or improving the perceived quality. An
algorithm might improve speech intelligibility, buitroduce distortions to a degree that most users
would not want to use it. Many algorithms can de onthe other, but almost all algorithms fail dpin
both (Hu et al., 2007a; Hu et al., 2008). Therefibiis important to investigate both aspects at the
same time.

In our previous paper, a noise reduction strateggetl on the principle of sparse coding
shrinkage (SCS) was investigated and evaluateelgards to improvement of speech intelligibility in
noise with normal hearing and hearing impairecetists (Sang et al., 2014). The motivation of the
strategy is to extract key information from noigeech to reduce the effects of reduced frequency
and temporal resolution. This way, there will bssleself-masking and noise-masking of speech
components yet essential speech information mayréserved after noise reduction. Of course, this
begs the question of how to identify and preselneckiey speech information. The approach exploits
the principle that the speech signal is highly rethnt and information is distributed sparsely in a
noisy speech signal. By increasing the sparsernfeasnoisy speech signal, intelligibility should be
improved (Li et al., 2012). The SCS algorithm issdé on the assumption that the principal

components of clean speech have a super-Gauspansd€s distribution. SCS is performed on these
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principal components. SCS was first proposed byvéirdipen, 1999) and first applied to noise
reduction in image (Hyvarinen et al., 1998) anddaipplied to speech enhancement (Hu et al., 2011,
Li, 2008; Li et al., 2008; Potamitis et al., 20@&Eng et al., 2011a; Sang et al., 2011b; Zou e2@08)

in noise. SCS has been shown to be competitive amdpo state-of-the-art Wiener filtering in terms
of speech intelligibility. However, its performanicespeech quality has not been investigated pet. |
this paper, speech quality is investigated spetificfirst using objective (physical) measures and
then using subjective quality evaluation with NHiatl listeners.

The most accurate method for evaluating speechtyualthrough subjective listening tests.
Although subjective evaluation of speech enhancemlgorithms is often accurate and reliable, it is
costly and time consuming. Objective evaluatioramseasy and sufficient method to measure an
algorithm, as long as the objective measure isigh lzorrelation with subjective tests. Previous
research evaluated objective speech quality mesi$orspeech enhancement (Hu et al., 2008). It has
been shown that objective measures such as sedn®Mi or spectral distortion are not well
correlated with speech quality or speech inteliigyb(Ma et al., 2009). Other measures are bdtier
this purpose: frequency-weighted segmental SNRe@BHNR) and ‘perceptual evaluation of speech
quality’ (PESQ) have both been shown to predictg@ieed speech quality for NH well (Hu et al.,
2008; Ma et al., 2009). Another objective meastmeafing aid speech quality index’ (HASQI) was
introduced also to predict speech quality spedifidar hearing aid users (Kates et al., 2010). The
physical measures fwsegSNR, PESQ and HASQI werptedaon this paper to evaluate the noise
reduction algorithms in speech quality.

The most commonly reported subjective techniquesquidlity evaluation can be broadly
classified into two categories: those based ortivelgpreference tasks (Combescure et al., 1982;
Hecker et al., 1966; Munson et al., 1962) and thHmssed on assigning a numerical value to the
quality of the speech stimuli (Boymans et al., 1998rlander et al., 2012; ITU, 2003; Jamieson ¢t al
1995; Marzinzik, 2000). ITU-T recommendation P.§8BU, 2003) was widely used in subjective
guality tests (Hu et al., 2006; Hu et al.,, 2007t)e method instructs the listener to successively
attend to and rate the enhanced speech signal asing-point scale [1=bad, 2=poor, 3=fair, 4=good,

5=excellent]. However, it cannot reflect the diffiace in signal-to-noise ratio between enhanced
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speech and unprocessed speech regarding qualitgssipn. A novel method ‘Interpolated Paired
Comparison Rating’ (IPCR) (Dahlquist et al., 20@&)s suggested to measure sound quality in terms
of subjective SNR gain, which is the differenceSNR between processed and unprocessed speech
that give equal subjective sound quality impressfodirect way to measure such an SNR-gain would
be to adaptively compare the enhanced stimuludiaéd SNR against an unprocessed stimulus with
a variable SNR. However, this is time-consuming #mgs not practical (Dahlquist et al., 2005).
Therefore a modified approach was used in thisp@paccelerate the measure: IPCR was performed
by comparison between processed and unprocessadisit only two different fixed SNRs and the
complete function was then extrapolated to find $INR-gain of subjective equality. The advantage
of this modified IPCR approach is that algorithnas de evaluated efficiently and quantitatively by
finding subjective equality ratings. The methodglaij IPCR was shown to be sensitive enough to
detect significant mean differences between enlthrspeech and unprocessed speech regarding
quality impression. IPCR, with the result of SNRpimmvement in sound quality, can be compared
with speech intelligibility directly on the sameu@ntitative) scale.

Subjective perceived sound quality can be genediigsified in many dimensions including
‘preference’, ‘comfort’, ‘speech clarity’ or ‘backgund noise’. Previous evaluation showed that the
dimension of ‘preference’ could reflect the dimemsi of ‘comfort’ and ‘clarity’ (Dahlquist et al.,
2005). Due to the time restrictions, the dimensioh&omfort’ and ‘clarity’ are not studied in the
present work; however, the performance of the timgedsions can be reflected in the performance of
‘preference’. In our study two subjective qualitmgression dimensions were concentrated on:
‘preference’ and ‘background noise’. This is diffet from that in Dahlquist et al. (2005) so as to
display the ratings of “preference” and “noise lpass” in a more comprehensive comparison. This is
because subjective ‘preference’ is a complex fonctof several dimensions with different
individuals’ weights. However, because we are iyasterested in the effect of noise reduction
algorithms on speech quality, we aim to separatestiective impact of ‘noise loudness’ from the
overall ‘preference’. Comparing between ‘preferémaeal ‘noise loudness’ thus reveals the weight of
‘noise loudness’ in the overall subjective ratirfgpyeference’ clearer, although of course bothsthe

measures interact. Noise loudness is usually redatethe price of speech quality, resulting in
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reduced ‘clarity’ and ‘comfort’. In order to ratpreference’ participants were asked to judge their
overall impression of speech quality, including éornof listening and speech clarity. For ‘Noise
loudness’ we asked participants to judge how muaky tcan perceive the background noise.
Participants were asked to rate both quality dinogrsson a scale from -10 to10 for each comparison
between enhanced stimuli and unprocessed stimuli.

In order to evaluate the results, we compare th& &gorithm with a Wiener filter as a
competitive state-of-the-art noise reduction aldponi (Breithaupt et al., 2008; Gerkmann et al., 2009
Gerkmann et al., 2012) that is frequently useaday’s hearing aids. Babble noise and speech shaped
noise were chosen as the additive noise. They lzaeaging for any noise reduction algorithm,
because their average long term spectrum is sitoildre speech signal.

The structure of this paper is as follows. Firstlye methods of the two noise reduction
algorithms and the quality evaluation are introduace Section 2. After that, the speech quality
performance of the two algorithms are presentedaradyzed in Section 3. Factors that affect the
performance of noise reduction algorithms in spespglity are discussed in Section 4. Conclusions
are presented in Section 5. The objective of tlesgmt work is to evaluate the effects of the SGE an

CS-WF algorithms for NH and Hl listeners in spegahlity.

2. Materials and methods

2.1.The sparse coding shrinkage algorithm

Fig. 1 illustrates the flowchart of conducting thearse coding shrinkage in noisy speech. For
details see (Sang et al., 2014). This flowcharmiglemented on each divided speech segment with
length of N (in our case 64 at a sample rate okHB). The observed noisy speech is reconstructed
into a noisy speech matrix. The noisy speech matrix is transformed throMgh into principal
componentsy. We assume that clean signals are transformed isfmasse distribution and noise is
transformed into a more Gaussian distribution. Siménkage function gJ is applied to suppress the
noise in noisy components and estimate the clemponents. After that, the inverse transfoni’

and reconstruction is calculated to derive thevestd clean speech signals.



175 Here, a state-of-the-art noise estimator proposefGlerkmann et al., 2012) is adopted to track
176 non-stationary noise. This method estimates theenpower spectral density (NPSD) based on a
177 speech presence probability (SPP), where hréoai SNR is a fixed value in estimating the SPP. The
178 amplitude of the noise spectrum is therefore thease root of the noise power spectrum at each
179 frequency bin frame by frame. The phase of theenspgectrum is assumed to be the same as that of
180 the noisy speech spectrum. The noise spectrum eabtained by multiplying the amplitude of the
181 noise spectrum with the phase of the noisy spectfima time-domain noise waveform is accordingly
182 estimated by the inverse FFT of the estimated repsetrum.

183

184 2.2. The Wiener filter as the comparison algorithm

185 This SCS algorithm was compared with a Wiener rfitig approach, of which the code was
186 provided by Timo Gerkmann (Breithaupt et al., 2088rkmann et al., 2009; Gerkmann et al., 2012).
187 One characteristic of this specific approach ig tha a priori SNR is estimated by the cepstral
188 smoothing method. We thus refer to this approac8sWF’ (cepstral smoothing Wiener filter). CS-
189 WF crucially relies on two techniques. First, tdireate the noise power spectral density (NPSD) the
190 speech presence probability (SPP) is calculated.aphiori SNR is a fixed value estimating the SPP
191 (Gerkmann et al.,, 2012). In our own method, the @g8rithm, we adopted the same NPSD
192 estimation method. The other technique involve@€8tWF is to estimate theepriori SNR using a
193 temporal cepstrum smoothing with bias compensdBoeithaupt et al., 2008; Gerkmann et al., 2009).
194  This algorithm reduces musical noise and suppressestationary noise effectively.

195
196  2.3.Stimuli

197 The speech materials in our experiments were BKBesees (Bench et al., 1979) recorded by a
198 female talker. The corpus consists of 21 lists Wlsentences in each list. There are three ordeyr
199 words in each sentence to make up 50 key wordéigheifwo noise types were used, babble noise
200 and speech shaped noise. The speech shaped neiggemarated by filtering white noise with long

201 term average speech spectrum. The source of baldide is 100 people speaking in a canteen
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(http://spib.linse.ufsc.br/noise.html). The roondites is over two meters; therefore, individual \esic

are slightly audible. The long term average speatrspeech, speech shaped noise and babble noise
were shown in Fig. 2. The speech corrupted witbeaas further processed with and without noise
reduction strategies to produce stimuli condititiveg are denoted as ‘noisy’ (no algorithm), 'CS-WF’

(comparison Wiener filter) and ‘SCS’ (sparse codghgnkage) in this paper.

2.4 Physical Quality Evaluations

2.4.1. Frequency-weighted segmental SNR (fwsegSNR)

The frequency-weighted segmental SNR (fwsegSNR) wasputed using the following

equation (Hu et al., 2008)

fwsegSNR =33 (X Wi mlogy (X G.mp/ O (m)= X G m)F)) /(S m))

m=0
whereW ( j,m)is the weight placed on thé&h frequency band is the number of band¥) is the

total numbe of frames in the signa{,( j,m) is the critical-band magnitude (excitation speciywf

the clean signal in thgh frequency band at thrath frame, andz(j,m) Is the corresponding spectral
magnitude of the enhanced signal in the same Bafifd, m)is power of X (j,m), with the power

exponent chosen as 0.2 for maximum correlatiorb&%ls were used in the calculation. The number
of the bands and the shape of weight in each b#adt @he validation of the measure. They were
chosen for maximum correlation between the objeatheasure and the subjective tests in the study

(Hu et al., 2008). The critical-band spect¥a( j,m) were obtained by multiplying the FFT

magnitude spectra by 25 overlapping Gaussian-shapetbws (Loizou, 2007) spaced in proportion

to the ear’s critical bands and summing up the powihin each band. Similar to the implementation
in (Hu et al., 2008), the excitation spectra wavenmalized to have an area of unity. This measuse ha
been found to be in good correlation with both satiye quality and intelligibility measures (Hu et

al., 2008). The MATLAB code of fwsegSNR was adogtedn (Loizou, 2007).

2.4.2. Perceptual Evaluation of Speech Quality (PESQ)



227 The perceptual evaluation of speech quality (PESIQY, 2000; Rix et al., 2001) was
228 recommended by the ITU-T for speech quality assessmf handset telephony and narrow-band
229 speech. This measure includes distortions commenbgountered when speech is transmitted via
230 telecommunication networks. The original and degdasignals are first level-equalized to a defined
231 comfortable listening level, and filtered througtstandard telephone handset filtering system (300
232 Hz-3.4 KHz) to simulate handset telephone. The afgrare then corrected for time delays and
233 processed through an auditory transform to obtidiess spectra. The PESQ score is calculated as
234 the difference between these loudness spectraltRgsBESQ scores are between 1.0 and 4.5, with
235 high values indicating better quality. Althoughnelating information above 3.4 kHz may have a
236 differential effect on the noise reduction appras;PESQ was validated as in good correlation with
237  subjective quality measures (Hu et al., 2008; Riale 2001) for NH listeners. The MATLAB code of
238 PESQ was adopted from (Loizou, 2007).

239 2.4.3. Hearing Aid Speech Quality Index (HASQI)

240 Kates and Arehart (2010) proposed the Hearing AideSh Quality Index (HASQI) to evaluate
241 speech quality with distortions introduced by hegraids for both NH and HI listeners. This metric
242  starts with a cochlear model that incorporates @spef impaired hearing and then extracts signal
243 features related to quality judgments. Two featumes used: the effect of noise and nonlinear
244  distortion on speech quality and the effects okdin filtering. The final HASQI index is the
245 multiplicative combination of the nonlinear and thear effects. The MATLAB code of HASQI was
246  provided by James M. Kates.

247

248  2.5.Subjective Quality Evaluation

249 2.5.1. Procedure of IPCR

250 Fig. 3 shows the MATLAB GUI used for the paired gmarison rating. The principle of this
251 interface is adopted from (Dahlquist et al., 200Bhprticipants could listen to processed and
252 unprocessed sound by clicking the buttons A ori assignment was randomized and they were not

253 aware which one was the processed. Participants agied to rate their preference between the two
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stimuli by asking “which one do you prefer?” andHhish one has more perceivable background
noise?” They could listen to the stimuli as oftentley wanted until they reached a final decision.
Ratings were recorded by using the slider which guamntified by measurement normalized to a £ 10
scale. The title ‘preference’ or ‘background noisgls shown to indicate which quality dimension
needs to be rated.

Two comparisons for each type of noise with eaclsenoeduction algorithm were used: 1)

between processed signal at 5 dB SNR and unpratesgeal at 5 dB SNR (rating valé®); 2)

between processed signal at 5 dB SNR and unprateggel at 10 dB SNRR;). The ratings of the

comparison between processed and unprocessedistisrel measured for both conditions for each
participant. The point of subjective equality wastaoned either by linear inter- or extrapolation

between these two difference values. Fig. 4 showsxample of this interpolation (Dahlquist et al.,

2005). For each participant (indey the SNR improvemefd, is obtained by calculating the point

where the line crosses the 0 rating differences Tgoint indicates how much equivalent quality
improvement is achieved by processing the stimuigswhen the result is 5/9 (as in Fig. 4), that
indicates that the quality intervention by the aiigon is equivalent to an increase of SNR by 4 dB.
This way, the subjective quality rating can beripteted by an objective equivalent SNR value.
There were a total of eight conditions in this expent (see Table 1 & Fig. 7): two noise types
(SSN, babble); two noise reduction algorithms (CB-WCS) and two SNR conditions (RO and R5,
see above). Two subjective ratings were given gheandition (‘Preference’ and ‘Noise loudness’)
and each condition was tested twice. The stimuiherquality tests were not single sentences,&s th
are too short, but were very long stimuli so thattipipants could listen as long as they wantea: Th
stimuli were generated by concatenating 32 rand@®lgcted BKB sentences. The final presentation
of these stimuli was adjusted in level to compen$at the individual hearing thresholds as expldine

below. The experiment took around half an hourefach participant to complete.

2.5.2. Participants
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Nine NH listeners and nine HI listeners with seitsural hearing loss participated in this
experiment. All participants were native Englisteaiers. The NH listeners were recruited from the
student population of the University of Southampéord had hearing thresholds at or below 20 dB
HL from 250 Hz to 8 kHz, and their ages ranged fizino 36. The NH listeners were not informed
of the purpose or design of the experiment.

The HI listeners were recruited from volunteers amde all experienced hearing aid users with
an age range from 18 to 30. Fig. 5 shows the iddali hearing thresholds for the tested ears, slgpwin
mostly mild to severe, mostly high frequency hegulimsses. All tests were done monaurally on the
better ear. The tests were performed via headpheitieshe hearing aids taken off, and compensation
was applied using a linear gain prescription thiothge NAL-R procedure (Dillon, 2001) according to
the individual losses. Table 2 shows the age, destwr, cause of hearing loss and hearing aid
experience of all HI participants. The experimdrase been approved by the ethics committee in the
University of Southampton.

2.5.3. Equipment

Experiments were performed in a sound-attenuatewh i@ the ISVR Southampton. Stimuli were
produced in a MATALB program. Sounds were presentied Sennheiser HDA 200 headphones
presented through a Behringer UCA202 sound cardCaedk OBH- 21SE headphone amplifier. The
presentation levels of speech were kept at 65 dBf&@PNH listeners and were adjusted individually

for each Hl listener to a subjectively comfortaleteel.

3. Results

3.1.Results of objective measures

In order to preliminarily understand the resultg, fivst analyzed objective measures fwsegSNR
(for noise reduction), PESQ (for quality in NH) adASQI (for quality in HI). Although HASQI can
also reflect the quality for NH listeners, in theegent research it only reflects the quality for Hl
listeners, as hearing threshold parameters comeémpto a moderate hearing loss were assumed in

the metric. Using all available 336 BKB sentencgk I{sts with 16 sentences in each list) for each
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measure. Fig. 6 shows all results in a comparidoall@onditions. Here, as in the psychophysical
experiments, the level of speech was kept constaile the level of noise was varied. No level
calibration was necessary, as the physical measisexs do not depend on the overall presentation
level.

Fig. 6(a) shows the fwsegSNR measure in noisy, GSaWWl SCS conditions in speech shaped
noise (left half panel) and babble noise (rightf lpgnel) under 0, 5, 10 dB input SNRs. In most
conditions, SCS provided the highest noise rednatiospeech shaped noise, and CS-WF provided
the highest noise reduction in babble noise.

Fig. 6(b) shows the equivalent results for PESQesxzoCS-WF shows best speech quality in
both speech shaped noise and babble noise. Theaies that although SCS achieved greater noise
reduction (Fig. 6(a)), it introduces distortionsedahis is reflected by the reduced PESQ scores.

Fig. 6(c) shows the equivalent results of the HAS@Hasures. This metric incorporates the
parameters of an average hearing loss of our fatits, reflecting a moderate hearing loss. Similar
to fwsegSNR, SCS and CS-WF show the highest quialispeech shaped noise and babble noise
respectively.

Statistical analysis through a three-way repeat®D¥A is done in each plot of Fig. 6. The
effects of algorithm, noise condition and input atlesignificant (p<0.05). Each objective measure
represents a model that simulates the averagerpenfi@e of subjects, and the effects of factors with
the same model tend to be in accordance. As theelswad the objective measures are different, the
results of the three objective measures are naistemt. More reliable performance of algorithms ca

be investigated through subjective tests.

3.2. Results of subjective speech quality experiments

Fig. 7 shows the median values of Paired ComparRatings for the difference between
processed and unprocessed speech for two ratiegaras (‘preference’ and ‘noise loudness’). The
ratings are always presented in a way that a pesitalue indicates preference towards (or less
perceived noise of) the processed speech (agamsiriprocessed speech). The filled bars in Fig. 7

represent the median ratings of the differencescg®sed minus unprocessed) for each noise
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condition, error bars are the inter-quartile rarigaetings for the various input SNRs and noise types
are plotted in separate bars. Higher bars indigegerence (or higher rating) of the processedasign
compared to the unprocessed signal. The resultsharen in separate plots for the NH group and Hl.
All four plots in Fig. 7 show positive bars (excapte bar in plot (a)) and thus indicate generally
preference of processed speech against unprocgssech. Comparison between plot (a) and plot (b)
indicates that NH listeners do not prefer the quadf noise reduction algorithms as much as Hi
listeners do. Plot (a) shows that NH participamtesfgy the quality of CS-WF compared to SCS. Plot
(c) shows that NH listeners can clearly perceieeltbnefits of noise reduction algorithms as ingidat
by the reduced ‘noise loudness’. The differencevbeh ‘preference’ (a) and ‘noise loudness’ (c)
indicates that NH listeners have based their juddgsieot only on ‘noise loudness’ but also on other
perceptual dimensions (e.g. ‘clarity’, ‘comforttce. Plots (b) and (d) indicate that HI listenget
obvious benefits from both noise reduction algonghin both categories. Comparing (a) and (b)
shows that HI participants are less sensitive &esp distortion than NH participants when askirrg fo
‘preference’. Furthermore, they are also less sgado ‘noise loudness’, as shown by comparing (c)
and (d). The results in plot (b) and plot (d) avenparable with the results in Dahlquestal. (2005)
where HI participants gave similar range of qualitings in ‘preference’ and ‘noise loudness’ when
tested using a nonlinear spectral subtraction efgor

The effects of the algorithm, noise type and SNRB (6 5/10 as explained before) in each plot of
Fig. 7 were analyzed through a two-way repeated XAIOn Fig. 7(a), for NH subjects assessing
‘preference’, neither the effect of algorithm nbe teffect of noise type is not significant [F(1,8)E
p>0.05, and F(1,8)= 1.0, p>0.05, respectively], the effect of SNR is significant [F(1,8)=24.4,
p<0.05]. In Fig. 7(b), for HI subjects assessingefprence’, the effects of algorithm, noise typd an
SNR are all significant [F(1,8)=6.0, p<0.05, F(%8§.8, p<0.05, and F(1,8)=48.3, p<0.05,
respectively]. This indicates that HI subjects npayceive SCS better than CS-WF. In Fig. 7(c), for
NH subjects assessing ‘noise loudness’, neitheetieet of algorithm nor the effect of noise tyge i
not significant [F(1,8)=0.68, p>0.05, and F(1,8)540>0.05, respectively], but the effect of SNR is
significant [F(1,8)=28.5, p<0.05]. In Fig. 7(d) rfBll subjects assessing ‘noise loudness’, the effec

algorithm is not significant [F(1,8)=2.8, p>0.05}t the effects of noise type and SNR are significa
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[F(1,8)=6.4, p<0.05, and F(1,8)=93.9, p<0.05, respely]. In all plots of Fig. 7 except Fig. 7(b),
there is no significant effect of algorithm, indicag that there is no obvious advantage of SCS
compared to CS-WF in speech quality.

Median SNR improvements across participants imtirenal hearing group and hearing impaired
group are presented in Table 3. The individual SiRrovement measures were obtained by IPCR.
Each SNR improvement with a positive value indisatieat noise reduction algorithms improved
speech quality for NH or HI listeners. A Wilcoxoratohed-pairs signed ranks test was used to test if
the SNR improvements were significantly larger tBadB or 5 dB (at a 5%-level; * indicates SNR-
improvement >0 dB, ** indicates SNR-improvement&). The improvements were limited to +10
dB, because single extrapolated values may becoorgentally very large (+10 dB was selected as
this was assumed to beyond the maximum expecteafitjen

Table 3 demonstrates clearly how NH and HI listenkenefit differently from the noise
reduction algorithms: For both ‘preference’ andiseoloudness’, HI values are all larger than NH
values, indicating that in all conditions hearingpaired listeners get larger equivalent SNR
improvements. This shows that noise reduction @lyos are more beneficial in term of speech
guality for HI listeners than for NH listeners.

Interestingly, for NH the SNR improvement of th@ise loudness’ rating is always larger than
that of the ‘preference’ under same conditions.sTihdicates that although NH listeners notice a
reduction in ‘noise loudness’, this only partiaigntributes to the final judgment of overall qualit
‘preference’. This shows that, although noise rédacalgorithms reduce noise, they do that at the
price of introducing distortion. NH listeners arem easily affected by speech distortion than Hi
listeners.

Table 4 shows the comparison between median sidgeSBNR improvement in ‘preference’
across NH participants and the objective qualityasmee fwsegSNR improvement. FwsegSNR
improvement indicates fwsegSNR of processed speeidns fwsegSNR of unprocessed speech
assuming an input SNR of 5 dB. The table showsSlB& algorithm achieved higher ‘preference’ in
speech shaped noise but lower in babble noiseolbjeetive measure fwsegSNR confirms this result,

as the correlation between the subjective SNR irgrent in ‘prefernece’ for NH and the objective
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fwsegSNR improvement is high (r=0.96). Quantitato@relation analysis is also done between
subjective measures and other objective measuites.correlation coefficients are high between
PESQ and subjective SNR improvement in ‘prefererfoe’ NH (r=0.54), between PESQ and
subjective SNR improvement in ‘noise loudness’ (8¥0The correlation coefficients are low between
HASQI and subjective SNR improvement in ‘preferénice HI (r=0.1), between HASQI and
subjective SNR improvement in ‘noise loudnessHib(r=0.05). However, only the condition of 5 dB
input SNR is considered in comparison. Whetheothjective measures are correlated with subjective
measures at other input SNRs are not investigdilkd. measures disclose different aspects of the
processing and it is important to include a ranfgmeasures. The purpose is not to carry out rekearc
on the measures themselves. By giving a range aSures, the results can be compared with other

studies that have used those measures.

3.3.Speech intelligibility versus speech quality

The interesting result of the IPCR method is thaaliows comparing sound quality and speech
intelligibility directly on the same (quantitativegcale. The results of the speech intelligibility
measures that are used here were previously pablish(Sang et al., 2014) and were measured with
the same participants (by the same authors). Téecspintelligibility studies were conducted before
the speech quality tests. There was no negativeitepeffect as the two tests evaluated two difiere
dimensions. Even if there exists any learning éffiamiliarity with the speech materials may help
judge the quality of the speech. The speech igthility test was performed with BKB sentences
using the same noises and same noise reductioritaflge as shown here. We used a three-up-one-
down adaptive procedure as described in (Sang.,e2@l4) to find the speech reception threshold
(SRT in dB) required for 79.4% correct recognitiéiig. 8 provides an intuitive visualization of all
results allowing a quantitative comparison betwspaeech quality and intelligibility. This allows
answering the following question quantitatively: whanuch benefit does the noise reduction
algorithms have on speech quality and intelligtipti

Fig. 8 show the individual results of all partiaftgin each noise type (columns) and algorithms
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(marker type) for NH (left) and HI (right). Eachoplshows the benefit in speech recognition (x-axis)
vs. the benefit in ‘preference’ (y-axis) in dB. Timprovement in ‘preference’ was derived from the
IPCR method as explained above, the improvemesapé&ech recognition was calculated as the SRT
of the unprocessed speech minus the SRT of thegsed speech.

Improvements were generally smaller for speecHligitality than for quality. This is the case
for all four plots, which means that both noiseusthn algorithms improve speech quality more than
speech intelligibility. However, this does not nesarily mean that these two effects do not cortibu
to the individuals’ overall benefits with the sameight. Results from NH participants in speech
shaped noise (shown in plot a) show that the imgmwants for speech intelligibility are clustered
around 0 dB indicating that there are no largeed#ifices between processed speech and unprocessed
speech. For NH participants listening to speedbainble noise (shown in plot ¢), the improvements in
speech recognition are almost all in the left lodlthe plot (less than 0 dB), which reflects a wors
intelligibility in the processed speech. For HI t@pants listening in speech shaped noise (b) and
babble noise (d), almost all SNR improvements eesp intelligibility are in the right half of thégd
(above 0 dB). This is further evidence that nosguction algorithms benefit intelligibility for mbs
HI participants but not for NH participants. By jrexting the speech intelligibility improvements hwit
respect to the horizontal axis, the speech readogngains of CS-WF and SCS scatter in a similar
range in each plot which further suggests littifedénce between the algorithms in terms of
intelligibility. For NH participants, there are s¥al negative ‘preference’ improvements for SCS,
indicating quality reduction from the noise redaoantialgorithms. In (a) and (c) ‘preference’
improvements are generally less for SCS than feWWFS This means that for NH, SCS reduces noise
more effectively, but introduces more speech distor

For HI participants evaluating speech quality ih &nd (d), all ‘preference’ improvements are
positive and most of them are near 10 dB whichengthg again that both noise reduction algorithms
improve speech quality more for HI participantatiier NH participants.

Fig. 8 suggests that there is the potential foroalest speech intelligibility improvement for Hi
listeners without any significant cost in sound lguaOften, more aggressive signal processing

strategies such as SCS are rejected either ingbigrdprocess or the clinical use stage because of
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judgments made by normal hearing engineers orca@ins. These data call into question those

practices.

4. Discussion
4.1.Choice of noise conditions

It is important to discuss the appropriate choit@aise type as a methodological issue. Noise
that contains mainly low-frequency components sierato remove from speech compared to noise
that shows a similar frequency spectrum as spdeiibr{ et al., 1993; Elberling et al., 1993). Diio
and Lovegrove (1993) found that the benefit of mes single-channel noise reduction systems in
terms of speech intelligibility was small and threcaunt of improvement was greatest when the noise
spectrum was weighted towards low frequencies. S\initise and pink noise are also easy to reduce
as they show a different pattern of spectrum frpmesh. To make the situation of speech in noise
more realistic and difficult, speech shaped noise lzabble noise were chosen in our study, both of
which show similar average spectra as the speech.

However, it should be pointed that even clinicabltda fails to truly capture the task of listening
in realistic environments. Competing signals veittme level of linguistic content in the competition
come closer to replicating the true problems obéhwith HI, but those competing signals are likely

more difficult for the signal processing techniqaessidered in this paper to manage.

4.2 Difference between NH and HI participants in betsefiom algorithms

The speech quality tests showed that NH and Higi@ats noticed the noise reduction effects
of both algorithms; however, HI participants hadyH@r ‘preference’ improvements than NH
participants in almost all cases. It appears tHdisténers are less sensitive to speech distotticn
more sensitive to noise loudness. Noise reducti@tegiies are usually developed to reduce noise at
the price of introducing speech distortion, whicigim be easily perceived by NH listeners but not by
HI listeners. That may be one reason why noiseatemustrategies are more beneficial to HI listener
than to NH listeners in terms of speech qualityisTik in accordance with (Schijndel et al., 2001)

where it was shown that HI participants were le=gssiive to spectral distortion; when speech was
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distorted speech intelligibility degrades signifidg in NH participants but not in HI participants.

4.3.Comparison between SCS and CS-WF

On the whole, there was no large difference inqrarhnce between SCS and CS-WF either
within NH participants or HI participants. CS-WF svarocessed in the frequency domain while SCS
was processed in the eigenvalue domain. CS-WFaggestrum smoothing technique when estimating
a priori SNR. SCS is a model-based approach wisshraes super-Gaussian distribution of speech,
while CS-WF does not assume data distribution daiptvely filtering the corrupted speech in the
frequency domain. The clean speech is in a complger-Gaussian distribution, and the assumed
speech distribution in SCS could not match therciseech distribution very well. That is the reason
why SCS did not show obvious advantage over CS-Wspeech quality.

However, as SCS reduced more noise, more distortias detected by NH than HI. SCS
presents sparse stimuli with a larger degree o$enoeduction, which is more acceptable to Hi
participants who are less sensitive to speech rtimtoand more sensitive to noise level due to the
hearing loss factors. Thus one needs to be cavdieh adopting algorithms that were originally
developed for NH patrticipants into hearing aid octdear implant applications. An algorithm that is
evaluated negatively with NH might still bring béitefor HI participants in speech intelligibilignd

quality.

4.4 Acclimatization effects

Acclimatization is the process when a listenerdpisting to a gradual change in environment,
allowing maintaining performance across a rangenefronmental conditions. Acclimatization effects
are important for the individual performance withige reduction algorithms. The speech quality test
here recruited the same participants and usedathe speech materials as the speech recognition test
before. Therefore, the speech recognition testdcbel regarded as training practice for the speech
guality test. Therefore, there might be some |egymiffect in the speech quality test, which camp hel

participants give a fair quality comparison of dréint algorithms.
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5. Conclusions

This work focuses on the benefits of single-chamoée reduction algorithms on speech quality
in HI listeners. The motivation was to evaluate thilee our newly developed SCS algorithm benefits
HI listeners more than a state-of-the-art competitioise reduction algorithm (CS-WF) in terms of
speech quality. The experiments show that therenegsarticular benefit of SCS compared to CS-WF
on speech quality.

The objective measures fwsegSNR and PESQ are imndugelation with subjective measures,
while another objective measure HASQI is not catesd with subjective measures in present research.
Both algorithms benefited all listeners in termsspeech quality. However, HI listeners got more
benefits from the noise reduction algorithms inegequality than NH listeners. Both algorithms
significant cost in sound quality. We conclude talgiorithms that are evaluated negatively with NH

listeners might still benefit HI listeners.
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Captions

Table 1

Combinations of speech-to-noise ratios used fowénmus types.

Table 2

Age, tested ear, cause of hearing loss and heaithgxperience of the listeners with hearing losses
All of them are bilateral hearing impaired.

Table 3
Median values for SNR-improvement (in dB) for thatimg categories ‘preference’ and ‘noise
loudness’. ** indicates significant SNR-improvemernt dB, * indicates significant SNR-

improvement >0 dB.

Table 4
Objective and subjective noise reduction effect8) (€br babble noise and speech shaped noise.
Improved frequency-weighted segmental SNR (fwsegShiftl subjectively estimated with IPCR

method for ‘preference’ criterion from normal hearigroup.
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Fig. 1. Flowchart of sparse coding shrinkage atbariin noisy speech.

Fig. 2. Long term average spectra of speech, spegied noise and babble noise.

Fig. 3. MATLAB GUI used for paired comparison rafiof speech quality. Participants were asked to
rate ‘preference’ (in this case) and ‘noise loudhesmparing two stimuli (A and B). The buttons “A”
and “B” allow unlimited repetition of the stimulParticipants indicate their rating by adjusting the
slider continuously between —10 and 10.hart of #mmeous diagonalization of the estimated speech

and noise covariance matrices.

Fig. 4. The method used to estimate the point bfestive equality (PSE) (filled square) from two
paired comparison ratings (filled circles) , castatl by linear interpolation or extrapolation(IPCR
method (Dahlquist et al., 2005)). In this examplee pair of SNRs for subjective equality is
interpolated to 5/9 dB for processed/unprocesseuiBt indicating an equivalent SNR improvement

of +/4 dB. See text for more information.

Fig. 5. Audiograms showing the individual hearihgesholds for the aided ears of HI subjects (N=9).

Fig. 6. Results of objective measures of fwsegSRRSQ and HASQI. A more positive value

corresponds to better performance in each measure.

Fig. 7. Subjective ratings from paired comparisating tests for the two sound quality dimensions
(upper row: ‘Preference’; lower row: ‘Noise loudegdor both noise types and both noise reduction
algorithms. Left: NH; right: HI. The bars show theedian scores of the difference between processed
and unprocessed signals (error bars: inter-quagilge). SSN: speech shaped noise. Labels, such as
5/10, indicate (SNR processed) / (SNR unprocessedB. Larger values indicate greater preference

for processed speech.



683 Fig. 8. Scatter plots showing individual ‘preferenenprovements vs. speech recognition gains ih bot
684 noises (top vs. bottom) with both noise reductigodthms (diamonds vs. triangles) with NH and Hl

685 listeners (left vs. right).



Table 1

Combinations of conditions used. There were a total of eight conditions in this experiment:

two noise types (SSN, babble); two noise reduction algorithms (CS-WF, SCS) and two SNR

conditions.
Noise type Noise reduction method  Speech-to-noise ratio (dB) for
processed/unprocessed item
Speech shaped noise CS-WF 5/5

Babble noise SCS 5/10




Table 2

Age, tested ear, cause of hearing loss and hearing aid experience of the listeners with hearing

losses. All of them are bilateral hearing impaired.

Listener Age Gender Ear  Cause of hearing loss Hearing aid
experience
HI1 20 F R meningitis at 2 years old 16 years
HI2 31 F R Congenital 31 years
HI3 22 F R Congenital 20 years
Hl4 18 F R Congenital 14 years
HI5 21 F R Congenital 18 years
HI16 20 F R Tinnitus, noise exposure 4 years
HI7 22 M L Congenital 18 years
HI8 20 F R Congenital 19 years
HI9 22 M R congenital, hereditary 6 years




Table 3

Median values for SNR-improvement (in dB) for the rating categories “preference” and

“noise loudness”. ** indicates significant SNR-improvement >5 dB, * indicates significant

SNR-improvement >0 dB.

Rating Category Hearing  CS-WF CS-WF SCS SCS
Level SSN Babble SSN Babble
Preference (dB) NH 5.9** 7.3%* 8.8** 3.1%*
HI 10** 9.9%* 10** 10**
Noise Loudness NH 9.1%* 9.7%* 10** 10**
(dB) HI 9.8%* 10%* 10%* 10%*




Table 4

Objective and subjective noise reduction effects (dB) for babble noise and speech shaped

noise. Improved frequency-weighted segmental SNR (fwsegSNR) and subjectively estimated

with IPCR method for ‘preference’ criterion from normal hearing group.

Noise reduction effect  SSN SSN Babble Babble
CS-WF SCS CS-WF SCS
Subjective (dB) 5.9 8.8 7.3 3.1

fwsegSNR (dB) 1.0 1.5 1.0 0.5




rating difference (rating units)
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Fig. 4. The method used to estimate the point of subjective equality (PSE) (filled square) from
two paired comparison ratings (filled circles) , calculated by linear interpolation or
extrapolation(IPCR method (Dahlquist et a., 2005)). In this example, the pair of SNRs for
subjective equality is interpolated to 5/9 dB for processed/unprocessed stimuli, indicating an

equivaent SNR improvement of +/4 dB. Seetext for more information.



Fig. 1. Flowchart of sparse coding shrinkage atbariin noisy speech.
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Fig. 2. Long term average spectra of speech, speech shaped noise and babble noise.
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Fig. 3. MATLAB GUI used for paired comparison ratinf speech quality. Participants were
asked to rate ‘preference’ (in this case) and mtisidness’ comparing two stimuli (A and B).

The buttons “A” and “B” allow unlimited repetitioof the stimuli. Participants indicate their

rating by adjusting the slider continuously betweé@ and 10.
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Fig. 5. Audiograms showing the individual hearing thresholds for the aided ears of HI subjects

(N=9).
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Fig. 6. Results of objective measures of fwsegSNR, PESQ and HASQI. A more positive value

corresponds to better performance in each measure.
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Fig. 7. Subjective ratings from paired comparison rating tests for the two sound quality
dimensions (upper row: ‘Preference’; lower row: ‘Noise loudness’) for both noise types and
both noise reduction algorithms. Left: NH; right: HI. The bars show the median scores of the
difference between processed and unprocessed signals (error bars: inter-quartile range). SSN:

speech shaped noise. Labels, such as 5/10, indicate (SNR processed) / (SNR unprocessed) in
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dB. Larger values indicate greater preference for processed speech.
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Fig. 8. Scatter plots showing individual ‘preference’ improvements vs. speech recognition

gains in both noises (top vs. bottom) with both noise reduction algorithms (diamonds vs.

triangles) with NH and Hl listeners (left vs. right).



A sparse coding shrinkage (SCS) algorithm on speech quality was evaluated.
A method called Interpolated Paired Comparison Rating (IPCR) was adopted.

The subjective measures were quantitatively compared with the objective measures.
There was no large difference in quality between the SCS and the Wiener filtering.

There was a difference in quality between hearing impaired and normal hearing.



