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Music perception remains rather poor for many Cochlear Implant (CI) users due to the users’

deficient pitch perception. However, comprehensible vocals and simple music structures are

well perceived by many CI users. In previous studies researchers re-mixed songs to make music

more enjoyable for them, favoring the preferred music elements (vocals or beat) attenuating the

others. However, mixing music requires the individually recorded tracks (multitracks) which are

usually not accessible. To overcome this limitation, Source Separation (SS) techniques are pro-

posed to estimate the multitracks. These estimated multitracks are further re-mixed to create

more pleasant music for CI users. However, SS may introduce undesirable audible distortions

and artifacts. Experiments conducted with CI users (N¼ 9) and normal hearing listeners (N¼ 9)

show that CI users can have different mixing preferences than normal hearing listeners.

Moreover, it is shown that CI users’ mixing preferences are user dependent. It is also shown that

SS methods can be successfully used to create preferred re-mixes although distortions and artifacts

are present. Finally, CI users’ preferences are used to propose a benchmark that defines the maxi-

mum acceptable levels of SS distortion and artifacts for two different mixes proposed by CI users.
VC 2016 Author(s). All article content, except where otherwise noted, is licensed under a Creative
Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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I. INTRODUCTION

Cochlear Implants (CIs) are surgically implanted elec-

tronic devices. By stimulating the auditory nerve with a set

of electrodes it is possible to restore the sense of hearing for

people with profound hearing loss. CI devices have been

optimized to improve speech perception but less attention

has been paid to improving music perception. This work

focuses on improving CI users’ musical experience since

many of them cannot currently enjoy music.1,2 The main rea-

son for that is because melody is not well transmitted with

these devices. Melody perception is severely limited mainly

due to the poor pitch perception achieved with current CI

devices.3–5 However, CI users perceive rhythm and beat as

well as normal hearing (NH) people.6–8 For this reason, CI

listeners prefer music with clear rhythm or beat structures.

Therefore, less complex music favoring the rhythm/beat can

enhance the musical experience with CIs.9,10 Moreover,

since CIs work best in quiet listening environments,4 CI

users can have difficulty tracking the lyrics of a song with

accompaniment.11 However, it has been shown that the rec-

ognition of lyrics may become easier if the accompaniment

is not complex.2 Furthermore, CI users find music composed

of multiple instruments less pleasant than music played by a

single instrument,10,12 likely because pitch recognition is dif-

ficult in a polyphonic scenario.13 In that sense, reducing

music complexity seems like an appropriate way of

approaching the music perception problem.2,9,14 But not all

CI users perceive music in the same way. The enjoyment of

music varies a lot between implantees5,9 and depends largely

on the experience listening to music.2,14

Buyens et al.9 proposed a method to determine enjoy-

able audio mixes for CI users. They showed that the CI

users’ music experience can be improved by reducing the

complexity re-mixing musical pieces using multitrack

recordings. CI listeners rated several re-mixes and it was
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shown that they preferred audio mixes with clear vocals and

attenuated instruments. Furthermore, they observed that given

an audio mix with clear vocals and attenuated instruments, CI

users prefer beat inducers—bass and drums—to be louder than

the other instruments. Kohlberg et al.15 also mixed multitrack

recordings to reduce their complexity, concluding that modified

versions containing only 1–3 instruments were more enjoyable

for CI users. But the original multitrack recordings required to

create remixes such as those used in these studies are not avail-

able for most of the population. Buyens et al.14,16 proposed an

approach based on “harmonic percussive sound separation”

(HPSS) to separate the vocals, drums, and bass components

from mixed music. HPSS assumes that in a Short-Time Fourier

Transform (STFT) spectrogram the harmonic components are

“smooth in the temporal dimension” and the percussive com-

ponents are “smooth in the frequency dimension.” By adjusting

the STFT-spectrogram time-frequency resolution with a long

window (between 100 and 500 ms), Buyens et al.17 are capable

of separating vocals and drums (percussive components) from

the other instruments (harmonic components). Note that the

approach of Buyens et al.16 separates vocals and drums, but

the bass still remains in the harmonic components. Therefore,

Buyens et al.16 still cannot achieve a multitrack separation:

vocals, drums, bass, and others. In a recent publication, Buyens

et al.14 propose extracting the bass by applying a low pass filter

to the harmonic components. However, note that the ideal sce-

nario would be to directly estimate the multitrack (one track

per instrument) instead of first separating two audio streams:

harmonic (bass and others) and percussive (vocals and drums),

and then filtering out the bass from the harmonic stream.

Moreover, the approach of Buyens et al.14 uses a stereo binary

mask to enhance the separations assuming that vocals, bass,

and drums are mixed in the center of the stereo image. As a

final remark, the HPSS approach used by Buyens et al.14 is

based on the iterative method of Ono et al.17 that allows real

time implementations.

We propose using Source Separation (SS) instead of

HPSS-based techniques because SS can estimate one track

per instrument (source) whereas HPSS cannot. SS algorithms

have been used in the CI research community for noise

reduction to improve speech perception18,19 and in the audio

research community to isolate audio sources.20,21 Currently,

common SS methods are based on non-negative matrix fac-

torization (NMF)22,23 or deep learning.21 NMF is a consoli-

dated state-of-the-art algorithm with a high computational

cost due to its iterative nature. In contrast, deep learning is a

novel and promising approach allowing faster implementa-

tions than NMF. Therefore, deep learning is more suitable

for real-time implementations than NMF. However, it has to

be taken into account that the estimated multitracks by any

SS algorithm may introduce undesirable distortions and arti-

facts, and these may also depend on the content of the song.

These distortions and artifacts are audible for NH listeners

and limit the applicability of these algorithms for re-mixing

purposes. However, given that CI users seem to better toler-

ate audio distortions than NH listeners,24 because they

already receive a signal with reduced spectro-temporal reso-

lution, SS algorithms could be a promising tool for re-

mixing music for this population.

This manuscript focuses on algorithms for the separa-

tion of the vocal components from the background instru-

ments since CI users prefer an audio mix with clear vocals

and attenuated instruments.2,9 However, it has to be noted

that SS algorithms are capable of extracting a track per

instrument and similar studies could be done considering

other music components such as beat inducers: bass,25

drums,20 or both together.22

This work investigates whether SS algorithms can be

used for remixing music for CI users and whether the music

mixing preferences found for CI listeners using multitrack

recordings9 are reproducible using estimated multitracks. It

is necessary that the undesired distortions and artifacts intro-

duced by these SS algorithms remain tolerable to CI users.

Therefore, this work also investigates the maximum levels

of acceptable SS distortion/artifacts.

II. METHODS

A. SS

This section introduces the SS algorithms used throughout

this manuscript. A NMF23 as implemented in the Flexible

Audio Source Separation Toolbox (FASST)22 and a deep

recurrent neural network (DRNN).21 The former is the baseline

state-of-the-art algorithm used in the perceptual experiments.

Therefore, the maximum levels of acceptable distortion and

artifacts are measured considering only FASST-NMF. It is

chosen for the perceptual experiments because it is a consoli-

dated algorithm in the SS field whereas DRNN is introduced

as an example of how novel SS algorithms can be used given

that the maximum allowable distortion and artifacts levels are

known—with a benchmark defined in Sec. III B 3.

The SS problem in signal processing is defined as the

extraction of the original sources from a mixture where sev-

eral sources have been combined together

V � V̂ ¼
XJ

j¼1

Vj: (1)

Currently, most SS approaches work in the time-frequency

domain: the mixture spectrogram V is approximated with V̂

that is formed by a superposition of J source spectrograms

Vj. Where V, V̂, and Vj are of size F � N, J is the number of

sources (i.e., number of different instruments), and F and N
are the number of frequency bins and time frames of the

spectrogram, respectively. Once the source spectrograms are

estimated, a common way to compute the sources is by first

applying a soft mask (i.e., Wiener mask26 or linear mask21)

and then computing the inverse STFT of the estimated spec-

trogram. This enforces the constraint that the sum of the pre-

dictions is equal to the original mixture. The two SS

techniques used (FASST-NMF and DRNN) rely on the pre-

vious assumptions.

1. FASST-NMF

NMF is an iterative method that estimates the sources

factorizing V assuming that all components of the model (wj

and hj) are non-negative; then Eq. (1) extends to
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V � V̂ ¼
XJ

j¼1

Vj ¼
XJ

j¼1

wjh
T
j : (2)

It is assumed that each of the spectrograms Vj can be repre-

sented by the outer product of basis (wj 2 <F�1) with a

time-varying gain (hj 2 <N�1).

Each source spectrogram Vj stands for an instrument.

Source spectrograms corresponding to the singing voice and

to the other instruments are constrained to Vj ¼ wjgjhj

where wj is a fixed dictionary representing the narrowband

spectral patterns modeling the harmonic pitch, gj represents

the wj gains, and hj describes the time activations that dis-

play when each source is activated. The bass and drums

source spectrograms are set such that Vj ¼ wjhj, where wj is

fixed and pre-trained from isolated bass and drum samples

from the Real World Computing Music Database27 and hj

describes the time activations.

The factorizations are obtained over an Equivalent

Rectangular Bandwidth (ERB)28 spectrogram, considering

all Vj models together and with random initialization to all

the adaptive parameters. The model parameters are esti-

mated from the mixture V using the iterative Generalized

Expectation Maximization29 algorithm. The vocals are

reconstructed by choosing the most energetic source of the

ones modeling the other instruments—this assumption holds

for all factorized songs in that study—and the remaining

sources modeling other instruments are summed up and rep-

resent the background instruments. The window for the ini-

tial STFT analysis (before the ERB mapping) is set to be a

raised sine of size 2048 samples with a 50% overlap and fast

Fourier transform (FFT) size of 2048 samples. This imple-

mentation is available online30 and Ozerov et al.22 exten-

sively explain the details of it.

2. DRNN

DRNN is a biologically inspired machine learning

scheme of interconnected neurons used to approximate an

unknown function from data. It is formalized as follows:

yðtÞ ¼WðL�1Þh
ðL�2Þ
ðtÞ þ bðL�1Þ; (3)

h
ðlÞ
ðtÞ ¼ rðlÞðWðlÞh

ðl�1Þ
ðtÞ þWðlÞ

rech
ðlÞ
ðt�1Þ þ bðlÞÞ; (4)

h
ð1Þ
ðtÞ ¼ rð1ÞðWð1ÞxðtÞ þWð1Þ

rech
ð1Þ
ðt�1Þ þ bð1ÞÞ; (5)

where the weight matrices are denoted by WðlÞ 2 <dðlÞ�dðl�1Þ

for feed-forward connections and WðlÞ
rec 2 <dðlÞ�dðlÞ for the

recurrent connections. The bias vector is bðlÞ 2 <dðlÞ�1, the

input matrix is xðtÞ 2 <dinput�1, the hidden activations are

denoted as h
ðlÞ
ðtÞ 2 <dðlÞ�1, and the output activations as

yðtÞ 2 <dðL�1Þ�1. l represents the index of the current layer,

ranging from 1 � l � ðL� 1Þ and t denotes the current time-

frame. Each neuron is characterized by a nonlinear activa-

tion function rðlÞ that can be layer specific. The rðlÞ used

here is the rectifier linear unit (ReLU)

ReLUðxÞ ¼ x if x > 0

0 otherwise:

�
(6)

A DRNN model was successfully trained by Huang et al.21

to separate the vocals from the background instruments of a

mono signal. This implementation is available online31 and

extensively explained by Huang et al.21 This deep recurrent

architecture is based on three hidden layers where the second

is recurrent, each hidden layer has 1000 units characterized

by ReLUs, and the output layer is a linear layer modeling

two sources. Moreover, they propose jointly optimizing the

net with a soft time-frequency mask attached after the output

layer. A context window of three frames (jVt�1j; jVtj, and

jVtþ1j) of the magnitude spectra composes the input vector

(then, xt 2 <ðF�3Þ�1) of the net. A raised sine of 1024 samples

is used as the analysis window with a FFT size of 1024 sam-

ples and 50% overlap. During this study, the DRNN model

was trained using data provided by the Signal Separation

Evaluation Campaign 2015 (SISEC-2015).32 This data, pop

western music, have more resemblance to the audio material

used for the perceptual experiments, pop western music as

well, than the original Chinese karaoke files used by Huang

et al.21 Training with the SISEC-2015 dataset is the main

modification to the original DRNN model proposed by

Huang et al.21

The model is optimized by back-propagating the gra-

dients through time with respect to the training objectives.

The Limited-memory Broyden-Fletcher-Goldfarb-Shanno33

algorithm is used to train the models from random initializa-

tion considering a discriminative cost function21 together

with the Mean Squared Error (MSE) cost function. Such dis-

criminative cost decreases the similarity between the predic-

tion and the targets of other sources while the MSE cost

increases the similarity between the target and the prediction

of the same source.

3. Evaluation

In the SS research community the separation errors are

typically21,22,25,26 quantified by the Source-to-Distortion

Ratio (SDR), the Source-to-Artifacts Ratio (SAR), and the

Source-to-Interference Ratio (SIR).34 However, SIR values

are less relevant for this study because when mixing esti-

mated tracks, the interferences are mutually combined and

are very difficult to perceive. For this reason, SIR values are

omitted in this study. Higher SDR/SAR values represent a

better separation quality. Therefore, the maximum levels of

distortion/artifacts correspond to the lower bounds of these

measures. Computing SDR and SAR values involves two

successive steps.34 In a first step, the estimated source,

ŝtargetðnÞ, is decomposed

ŝtargetðnÞ ¼ stargetðnÞ þ einterfðnÞ þ enoiseðnÞ þ eartifðnÞ;

where einterfðnÞ; enoiseðnÞ; eartifðnÞ are the interferences,

noise, and artifacts error terms, respectively. These error

terms are computed by using the BSS Eval Toolbox,35 an

implementation provided by the original authors of these
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measurements. In a second step, SDR and SAR are com-

puted as follows:

SDR ¼ 10 log10

kstarget nð Þk2

keinterf nð Þ þ enoise nð Þ þ eartif nð Þk2
;

SAR ¼ 10 log10

kstarget nð Þ þ einterf nð Þ þ enoise nð Þk2

keartif nð Þk2
:

SDR and SAR are given in dBs. The global SDR and

SAR measures are defined as their mean value weighted by

the length of each song.

B. Perceptual experiments

Two experiments were designed. The first one explored

which mixing pre-sets are preferred by CI users; original and

estimated multitracks were used for this purpose. In the sec-

ond experiment, additional music pieces were re-mixed

using pre-sets based on the results of the first experiment. CI

users were asked, through a pairwise comparison test, about

their preference for the different pre-sets using original and

estimated multitracks. The methodology described

in the following is based on the one presented by Buyens

et al.9—considered the base of this work. By doing so, and

given that we use the same audio material, the results pre-

sented below are directly comparable to the ones published

in Buyens et al.9 Therefore, common methodologies—such

as MUltiple Stimuli with Hidden Reference and Anchor36

(MUSHRA) or Mean Opinion Score37 (MOS)—are not con-

sidered. However, and similarly as in MUSHRA standard,

the following perceptual experiments also include anchor

mixes. The purpose of the anchor is to make the results more

interpretable making sure that minor distortion/artifacts are

not rated as having very bad quality.

Five post-lingually deaf CI users (S1–S5) participated in

experiment 1. Nine post-lingually deaf CI users (S1, S3, and

S6–12) and nine NH subjects (NH1–NH9) participated in

experiment 2. CI subjects were native German speakers and

had at least 1 year of experience with their CI. Subjects

obtaining more than 25% speech intelligibility in noise using

the HSM sentence test38 (signal-to-noise ratio¼ 10 dB) and

having interest in music were selected for the study. Table I

shows the CI subjects’ details. Six out of 9 NH subjects were

males with an average age of 33 yrs old (ranging from 25 to

41). The study participants signed a consent form and were

paid for their travel expenses. Ethical approval from the uni-

versity’s local ethics committee was obtained. Subjects had

no time constraints for conducting each experiment and

could take a break whenever it was necessary. Both experi-

ments used western popular music presented at approxi-

mately 60 dB SPL (sound pressure level) through a single

loudspeaker (Genelec 8240 APM, Iisalmi, Finland) at a 0�

azimuth/elevation angle inside an acoustically treated room.

1. Experiment 1

CI subjects were asked to determine the most enjoyable

audio mix using a mixing console that played an infinite

loop of the first multitrack presented in Table II. This piece

was selected as it is the only one having all accompanying

instruments. Each multitrack was presented 10 times in ran-

dom order in its original and estimated form, giving a total

of 20 tests per subject. The mixing console was a web app39

based on the MT5 multitrack player.40 It is composed by two

sliders that control the gain applied to each track of the song:

vocals and instruments. The gain assigned to the sliders

ranged from �70 to 0 dB. All sliders were initialized to the

lowest value to avoid suggesting a priori mixing preferen-

ces. Furthermore, a random offset gain ranging from �15 to

TABLE I. Demographic information for the CI subjects who took part in the perceptual experiments. Five post-lingual CI subjects (S1–S5) participated in

experiment 1 and nine post-lingual CI subjects (S1, S3, and S6–12) participated in experiment 2.

CI experience

Subject Age Gender (years) Etiology Sound processor Implant type Brand

S1 79 Male 13 Sudden hearing loss CP810 Nucleus CI24R (CS) (Left) Cochlear

S2 62 Male 8 Ostosclerosis Freedom Nucleus CI24RE (CS) (Left) Cochlear

S3 66 Male 7 Genetics Opus2 Sonata ti100 (Left) MEDEL

S4 54 Male 3 Unknown Opus2 ConcertoFlex EAS 24 (Left) MEDEL

S5 50 Male 14 Sudden hearing loss Harmony Clarion CII (Left) AB

S6 66 Male 2 Sudden hearing loss CP810 Nucleus CI24RE (CA) (Left) Cochlear

S7 73 Male 4 Unknown CP810 CI512 (Left) Cochlear

S8 60 Male 6 Unknown Naida HIRES90k (Left) AB

S9 56 Female 7 Sudden hearing loss CP910 Nucleus CI24RE (CA) (Left) Cochlear

S10 47 Female 19 Ototoxic Harmony Clarion (Right) AB

S11 67 Female 4 Sudden hearing loss CP910 Nucleus CI24RE (CA) (Left) Cochlear

S12 67 Female 6 Sudden hearing loss Naida HIRES90k (Right) AB

TABLE II. Multitrack recordings used for the study. For experiment 1 only

the Dock multitrack was used. The recordings were kindly provided by

Buyens et al. (Ref. 9). The þ and � signs indicate whether that multitrack

does or does not contain the respective instrument. (V-vocals, P-piano, G-

guitar, B-bass, D-drums).

ID Song V P G B D

Dock Dock of the Bay (Otis Redding) þ þ þ þ þ
Bef Before I Go (Papermouth) þ � þ � �
Hall Hallelujah (Leonard Cohen) þ þ � � �
Jud2 Hey Jude (excerpt A) (The Beatles) þ � þ þ �
Jude Hey Jude (excerpt B) (The Beatles) þ � þ þ þ
Mic2 Michel (Anouk) þ � þ þ �
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0 dB was added independently to each slider track to ensure

that subjects did not use visual cues. CI subjects were asked

to adjust the sliders to the levels that produced the most

enjoyable mix. Before starting the test, subjects performed

several training trials until they got familiar with the inter-

face. Experiment 1 allowed CI subjects to propose the mix-

ing pre-sets that they enjoyed most and also allowed the

observation of the potential differences in mixing preferen-

ces between mixes created using original and estimated mul-

titracks. Before starting the test, the study participants were

asked about their level of knowledge on popular modern

music on a scale from 1 to 10 (where 10 stands for a high

level of musical knowledge) and about their general music

enjoyment.

The differences in level settings between tracks were

analyzed with the Wilcoxon signed-ranks test. For each mul-

titrack (original or estimated) 50 experiment repetitions (5

subjects� 10 tests) are available. The Wilcoxon signed-

ranks test handles the repetitions by comparing whether the

mean of the vocals levels ranks differently from the mean of

the instruments levels.

2. Experiment 2

Based on the results from experiment 1 and previous

work,9 different mixing pre-set pairs were defined (see Table

IV and the discussion in Sec. IV B 1). The Standard pre-set

stands for a NH listener mix, with vocals and instruments

presented at the same level. The �6 and �12 dBMT pre-sets

denote re-mixes obtained from the original multitracks

where the vocals are favored attenuating the instruments by

6 and 12 dB, respectively. The �6 and �12 dBSS are defined

similarly but using the estimated multitracks from SS.

The experiment was designed (1) to assess whether the

SS distortions and artifacts are tolerated by CI subjects or

not (comparing mixSS with mixMT preference percentages),

(2) to determine which of the mixing pre-sets presented in

Table III are more enjoyable for CI subjects, and (3) to study

whether the preference for the pre-sets proposed for CI users

change when using SS or not (comparing mixSS vs Standard
preference percentage with mixMT vs Standard preference

percentage).

A pairwise comparison test was used for studies (1), (2),

and (3) in experiment 2. Each subject was asked to choose

the most enjoyable sound (A or B). When both sounds were

equally enjoyable, participants were asked to find any detail

that would allow them to decide whether they prefer A or B.

If they were not capable of finding it, they were asked to

guess. A and B were the same song but with different mixing

configurations and the order of the mix assigned to song A

or B was randomized, see Table IV. The estimated multi-

tracks were obtained using the FASST-NMF algorithm.

Pairs were randomly presented 3 times for each song listed

in Table II, giving a total of 108 pair comparisons (6

pairs� 3 repetitions� 6 songs). The preference score

between mix A and B is indicated in percentages calculated

dividing the number of times A or B was preferred by the

total number of comparisons for the same pair, A and B are

therefore complementary. Before starting the test, CI sub-

jects were asked if they regularly listen to popular western

music and about their general music enjoyment. NH subjects

were not asked since it is assumed that all NH listeners regu-

larly listen to music because they have no difficulties in lis-

tening to it.

For study (1) and (2) the chi-square (v2) test with

Bonferroni correction was used to determine which of the

mixing pre-sets of the pair was preferred. It was applied over

the preference percentage score with the null hypothesis

(H0) set such that preference scores were the same for both

pre-sets—A and B: 50%–50%. H0 was set to random guess

because the study participants were also instructed to guess

in case that they could not perceive any difference between

A and B. A significant p-value means that the distributions

differed and that a significant preference existed for one of

the pre-sets.

For study (3) the v2 test was used to determine whether

the preference for the pre-sets proposed for CI users changed

when using SS or not. The v2 test was applied as a goodness

of fit test where the H0 was set to be the preference percent-

age distribution of mixMT vs Standard. The test measured

how well the preference percentage distribution of mixSS vs

Standard fitted the H0 distribution. Therefore, mixSS vs

Standard preference percentage was compared to mixMT vs

Standard preference percentage. A significant result means

that the distributions differ and that the mixing preferences

have changed. This test provides a measure of how much the

distortion and artifacts in the estimated SS influenced the

user mixing preferences.

C. Audio material

All the multitracks used during the present study (Table

II) were kindly provided by Buyens et al.9 who normalized

each track to have the same loudness. The ReplayGain41

standard was used as the loudness measure. Note that by

using the same multitracks as Buyens et al.,9 the results

TABLE IV. Pairs of multitrack recordings used in experiment 2. A and B

were the same song but with different mixing configurations. The estimated

and the original multitrack are denoted here as mixSS and mixMT, respec-

tively. Mixing pre-sets are defined in Table III.

Song A Song B

�6 dBSS �6 dBMT

�12 dBMT �12 dBSS

Standard �6 dBSS

�6 dBMT Standard

Standard �12 dBSS

�12 dBMT Standard

TABLE III. Mixing pre-sets with different instruments-to-vocals ratios used

in experiment 2. The Standard pre-set is proposed for NH listeners and the

�6 and �12 dB pre-sets are proposed for CI users.

Mixing pre-set Vocals Instruments

Standard 0 dB 0 dB

�6 dB 0 dB �6 dB

�12 dB 0 dB �12 dB
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presented here are directly comparable to the ones included

in their study. They assumed that the summation of the nor-

malized tracks, having the same loudness level, stands for a

NH listener studio mix.9 Throughout this manuscript we

refer to this mix as Standard.

The monaural input mixtures for the DRNN algorithm

were Standard mixes. But FASST-NMF can also exploit the

panning information from stereo audio files. In order to

allow that, the following stereo panning is used for record-

ings with drums (Dock and Jude, see Table II):

L : 0:75 � Vocalsþ 0:25 � ðPianoþ GuitarÞ
þ 0:5 � Drumsþ 0:5 � Bass;

R : 0:25 � Vocalsþ 0:75 � ðPianoþ GuitarÞ
þ 0:5 � Drumsþ 0:5 � Bass;

but for the remaining recordings the following stereo mix is

used:

L : 0:75 � Vocalsþ 0:25 � ðGuitarþ Bassþ PianoÞ;

R : 0:25 � Vocalsþ 0:75 � ðGuitarþ Bassþ PianoÞ;

where the sum of the channels still provides a Standard mix.

Note that for some multitrack recordings, not all the tracks

described in the above stereo mix setup are present (e.g., Bef
and Hall multitrack recordings have only two tracks). In

these cases, the remaining tracks are simply omitted. For

example, the stereo mix for the Bef multitrack recording is

L : 0:75 � Vocalsþ 0:25 � Guitar;

R : 0:25 � Vocalsþ 0:75 � Guitar:

Note that in these cases where only two tracks are avail-

able, panning the vocals to the left allows having a stereo

mix—otherwise the mix will be mono. The stereo panning

mix was introduced to improve the performance of the

FASST-NMF separation. Our goal was to obtain good

examples of separation that are valid to assess our hypothe-

sis in the perceptual experiments. In order to keep some

coherence among stereo mixes, we decided to always pan

the vocals to the left although this is an atypical panning

setup—because in commercial releases the vocals are nor-

mally placed in the center of the stereo image. Note that

this stereo setup allows a consistent comparison among

FASST-NMF separations although the FASST-NMF algo-

rithm has an advantage when compared to DRNN since it

also uses stereo information. However, in principle, any

other panning could be used without decreasing the quality

of the separations since FASST-NMF would still be able to

exploit the panning information.

In order to allow a fair comparison among the resulting

gains of the mixing console in experiment 1, each estimated

track was normalized to have the same loudness as its corre-

sponding original track. But for experiment 2, the different

loudness levels between presented songs were compensated

by applying an overall gain, keeping the mix intact. When

setting the estimated tracks to be equally loud as the original

track, subjects are not influenced by any loudness difference

and the preference decisions are based on the tolerance level

that subjects have with respect to SS artifacts and distortions.

However, note that the error estimations could be amplified

by applying a positive gain. For this reason, negative gains

were applied whenever was possible and it was assumed that

the estimated track had a similar loudness as the original

track. Therefore, the overall gain discussed here is not

expected to produce a large effect.

III. RESULTS

A. SS

Results are given for FASST-NMF (Table V) and DRNN

(Table VI) considering the same dataset used in experiment 2

(Table II) and the SDR and SAR measures introduced in

Sec. II A 3.

DRNN is a powerful model to separate vocals from

background instruments since similar global SDR and supe-

rior SAR values were obtained compared to FASST-NMF.

The DRNN algorithm can reduce the FASST-NMF process-

ing time, DRNN is approximately 70 times faster. All runs

were computed with a regular laptop: i5 with 4Gb-RAM.

Finally, one can observe that DRNN drops significantly its

SDR and SAR performance for the Bef and Hall songs.

TABLE V. Distortion/artifacts measures (SDR/SAR) used to assess the

quality of the FASST-NMF algorithm for each of the songs used in experi-

ment 2. A global SDR/SAR measure, computed as the mean weighted by

the length of each song, is also provided. The time required to run and eval-

uate the algorithm is also included.

(dB)
Target (vocals) Other (background)

Song SDR SAR SDR SAR

Dock 3.713 4.054 11.619 15.585

Bef 3.966 4.031 4.662 12.287

Hall 11.977 12.043 10.575 15.142

Jud2 3.669 3.675 7.359 14.768

Jude 6.906 7.196 14.662 18.013

Mic2 9.880 9.902 11.320 16.463

Global 5.991 6.121 9.928 15.433

Time 4 h 39 min (SS)þ 2 min (evaluation)

TABLE VI. Distortion/artifacts measures (SDR/SAR) used to assess the

quality of the DRNN algorithm for each of the songs used in experiment 2.

A global SDR/SAR measure, computed as the mean weighted by the length

of each song, is also provided. The time required to run and evaluate the

algorithm is also included.

dB
Target (vocals) Other (background)

Song SDR SAR SDR SAR

Dock 4.941 10.219 4.719 9.170

Bef 0.727 7.212 �0.015 8.444

Hall 0.580 16.197 2.031 6.755

Jud2 6.839 8.913 5.687 10.790

Jude 9.904 11.779 7.927 13.103

Mic2 6.639 12.715 9.698 10.436

Global 5.574 10.699 5.536 10.078

Time 1 min 49 sec (SS)þ 2 min (evaluation)
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B. Perceptual experiments

1. Experiment 1

Subjects were asked to determine their own level of

knowledge about western popular modern music (from 1 to

10): S1–3, S2–4, S3–8, S4–5, and S5–7; and all subjects par-

ticipating in experiment 1 reported to enjoy music in

general.

The acquired data were averaged for all CI subjects. For

the original multitrack, the preferred instruments level was

set significantly lower than the vocals level (Wilcoxon

signed-ranks test: p-value¼ 0.003) with a mean instruments-

to-vocals ratio of �1.92 dB. For the estimated multitrack

with FASST-NMF, the instruments level was set signifi-

cantly lower than the vocals level (Wilcoxon signed-ranks

test: p-value< 0.001) with an instruments-to-vocals ratio

mean value of �3.82 dB.

Even though the scope of experiment 1 is to analyze the

overall mixing preferences of CI subjects, individual results

are also presented (Fig. 1) to illustrate the high variability

obtained among subjects. For example, S4 (the less experi-

enced subject with a music knowledge level of five) is the

only one having a mean instruments-to-vocals ratio above

zero (for the original multitrack). But also a high within sub-

jects variability is observed. For example, subjects having

less knowledge about popular western music (S1 and S2)

showed a larger variability in their results.

2. Experiment 2

Table VII shows the averaged results for CI subjects and

NH subjects, separately. NH subjects significantly preferred

mixes created from the original multitrack over mixes cre-

ated from the estimated. This could be due to the presence of

SS distortion/artifacts in the estimated multitracks. NH sub-

jects significantly preferred the Standard pre-set over any

other.

In the following, the results for studies (1), (2), and (3)

that conform experiment 2 are presented.

In Table VII are presented the results for study (1),

showing that CI subjects significantly preferred the

�12 dBMT over the �12 dBSS pre-set. However, no signifi-

cant preference was observed when comparing the

�6 dBMT and �6 dBSS pre-sets. This could be because the

presence of SS distortion/artifacts in vocals were not toler-

ated for the �12 dB mix but these were tolerable for the

�6 dB mix.

Individual results for each subject are also presented in

Table VIII and provide material for discussing study (2). All

CI subjects participating in experiment 2 reported to enjoy

music except S6 and S11. In general, a large variability in

mixing preferences across CI subjects can be observed. For

example, S8 and S3 significantly preferred the Standard over

FIG. 1. Results of experiment 1 showing the instruments level relative to

vocals (dB) for each subject, in columns. The statistics over the ten repeti-

tions for each subject are summarized with a box-plot where: unfilled circles

represent outliers, thick black lines stand for median values, filled squares

appear for mean values, the bottom and top of the box are the first and third

quartiles, and whiskers represent the maximum 1.5 interquartile range. The

last column, Group, merges the results for all subjects. The first and second

rows depict the instruments level relative to vocals when using the original

and the estimated multitracks, respectively.

TABLE VII. Experiment 2 showing the preference percentage of each pair for CI and NH subjects. Significant results are highlighted in bold (v2 test with H0

being the equal preference for both conditions, 50%–50%; a ¼ 0:05).

CI v2 test NH v2 test

A vs B ratings p-value ratings p-value

�6 dBSS vs �6 dBMT 46.92%–53.08% 0.4321 32.10%–67.90% <0.001

�12 dBSS vs �12 dBMT 40.12%–59.88% 0.0119 24.08%–75.92% <0.001

�6 dBSS vs Standard 54.32%–45.68% 0.2714 25.92%–74.08% <0.001

�6 dBMT vs Standard 52.47%–47.53% 0.5297 29.02%–70.98% <0.001

�12 dBSS vs Standard 42.60%–57.40% 0.0593 8.03%–91.97% <0.001

�12 dBMT vs Standard 52.47%–47.53% 0.5297 12.96%–87.04% <0.001

4344 J. Acoust. Soc. Am. 140 (6), December 2016 Pons et al.



all other pre-sets. However, S10 significantly preferred the

�6 dB and the �12 dB over the Standard pre-set. Also note

that four subjects (S6, S9, S11, and S12) showed no signifi-

cant preference for any of the pre-sets proposed to be more

suitable for CI users. If these four subjects are added to the

two who significantly preferred the Standard mixes over all

others (S3 and S8), six out of the nine subjects did not signif-

icantly prefer any of the pre-sets proposed to be more suit-

able for CI users. Individual results also show that only S10

significantly preferred the �12 dBMT pre-set over the

�12 dBSS, denoting that some CI subjects can tolerate the

SS distortion/artifacts when attenuating the background

instruments by 12 dB.

CI subject preferences for the �6 dB pre-set were

preserved although the original or the estimated multi-

tracks were used, v2 goodness of fit test between �6 dBSS

vs Standard (54.32%–45.68%) and �6 dBMT vs Standard

(52.47%–47.53%): p-value¼ 0.6369. However, the prefer-

ences significantly changed for the �12 dB mixing

pre-set, v2 goodness of fit test between �12 dBSS vs

Standard (42.60%–57.40%) and �12 dBMT vs Standard

(52.47%–47.53%): p-value¼ 0.011. There is a preference

for the �12 dBMT mix over the Standard that is inverted

when using �12 dBSS. However, the preference for the

�6 dB pre-set is preserved although the original or esti-

mated multitracks are used. These results correspond to

study (3) and point out that the mixing preferences

changed when using SS for the �12 dB mix. This can be

explained by the fact that the SS distortion/artifacts pre-

sent in vocals were not tolerated for the �12 dB mix but

these were tolerable for the �6 dB mix.

3. Defining a benchmark: Rating distortion and
artifacts levels

After experiment 2, the objective SDR and SAR mea-

sures as well as the subjective preference scores are avail-

able. The relation between the objective and subjective

measures has been analyzed to study which SDR and SAR

levels cause a change in preference from estimated to origi-

nal multitracks. These may be different for the �6 and

�12 dB mixes and are treated separately. The SDR and SAR

values are given for the vocals source because for the �6

and �12 dB mixing pre-sets this is the most prominent

source, where the distortion and artifacts may be noticeable.

Note that for the �12 dB mix, the anchor pre-set, the vocals

distortions, and artifacts may be more noticeable since the

background is more attenuated.

The resulting data have been analyzed using two mod-

els, the linear regression model and the minimum model.

One could argue that there is not enough data for fitting the

models to the observations. However, simple, easy to inter-

pret, and complementary models were chosen given that the

data were scarce. Rather than using a subjective evaluation

based on the MUSHRA or MOS tests, a new methodology

that links two de facto standards is proposed. This novel

methodology connects Buyens et al.9 methods and results

with the error measures broadly used in the SS research com-

munity. With this new methodology, the suitability for

remixing music to improve CI users’ musical experience of

novel SS algorithms can be directly considered.

Results and models are summarized in Fig. 2, where the

gray highlighted area (non-preference area, from 29.63% to

70.37%) corresponds to the ratings having a p-value >0.05

of a v2 test (with H0 being the equal preference for both con-

ditions: 50%–50%). Note that the ratings in Fig. 2 never

exceed the non-significant upper bound of 70.37%, since this

would mean that there is a significant preference for the esti-

mated multitrack over the original multitrack. However,

exceeding the lower bound means that the original multi-

track is preferred over the estimated multitrack. Higher val-

ues of SDR and SAR represent a better separation quality

and therefore, defining the maximum allowed distortion/arti-

facts levels is equivalent to defining the minimum SDR/SAR

values.

The linear regression model fits a regression line

between the preference ratings for every mix and the SAR

and SDR values for the six songs in Table II. The intersec-

tion between the linear regression (dark line in Fig. 2) and

the lower bound of the non-preference area (left dashed ver-

tical line) gives an approximation of the minimum SDR and

SAR values recommended to create re-mixes for CI users

using SS. The minimum recommended values for the SDR

and SAR measures in the �6 dB mix are 4.9 dB for both

measures. For the �12 dB mix the minimum recommended

TABLE VIII. Results showing the preference percentage of each CI subject for the pre-sets pairs of experiment 2. Significant results are highlighted in bold

(v2 test with H0 being the equal preference for both conditions, 50%–50%; with Bonferroni correction: m¼ 9, a ¼ 0:0055). The pop music experience column

shows whether a subject regularly listens to popular western music or not.

Pop music �6 dBSS vs �12 dBSS vs �6 dBSS vs �6 dBMT vs �12 dBSS vs �12 dBMT vs

Subject experience �6 dBMT �12 dBMT Standard Standard Standard Standard

S1 NO 77.78%–22.22% 33.33%–66.67% 72.2%–27.78% 94.44%–55.56% 72.22%–27.78% 100%–0%

S3 YES 50.00%–50.00% 44.44%–55.56% 0%–100% 5.56%–94.44% 0%–100% 0%–100%

S6 NO 50.00%–50.00% 27.78%–72.22% 72.22%–27.78% 66.67%–33.33% 61.11%–38.89% 61.11%–38.89%

S7 NO 38.89%–61.11% 55.56%–44.44% 66.67%–33.33% 88.89%–11.11% 77.78%–22.22% 77.78%–22.22%

S8 YES 38.89%–61.11% 44.44%–55.56% 11.11%–88.89% 0%–100% 0%–100% 0%–100%

S9 YES 27.78%–72.22% 44.44%–55.56% 77.78%–22.22% 38.89%–61.11% 22.22%–77.78% 44.44%–55.56%

S10 YES 50.00%–50.00% 16.67%–83.33% 94.44%–5.56% 88.89%–11.11% 94.44%–5.56% 94.44%–5.56%

S11 NO 44.44%–55.56% 50.00%–50.00% 38.89%–61.11% 27.78%–72.22% 5.56%–94.44% 22.22%–77.78%

S12 YES 44.44%–55.56% 44.44%–55.56% 55.56%–44.44% 61.11%–38.89% 50.00%–50.00% 72.22%–27.78%
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values for the SAR and SDR values are 5.7 and 5.8 dB,

respectively. A significance test for each linear regression

model was performed in order to quantify how well the lin-

ear fit represents the data: �6 dB mix with SDR model—

p-value¼ 0.4501 (top left in Fig. 2); �12 dB mix with SDR

model—p-value¼ 0.4852 (top right in Fig. 2); �6 dB mix

with SAR model—p-value¼ 0.421 (bottom left in Fig. 2)

and �12 dB mix with SAR model—p-value¼ 0.4571 (bot-

tom right in Fig. 2). It can be observed that there is no signif-

icant correlation between the linear regression models and

the data, probably due to the small amount of data available.

For this reason, a complementary model is added for defin-

ing the benchmark.

The minimum model provides a lower bound value that

is recommended not to be exceeded. It is based on measuring

the minimum SDR and SAR values inside the non-

preference area. The minimum model is represented with a

dotted line in Fig. 2. The minimum values for both pre-sets

(�6 and �12 dB) correspond to the same song (Jud2) and

are the same for both measures (SDR and SAR): 3.6 dB.

Given that a small sample of data are considered, both

models define a benchmark that provides some intuition

about the maximum levels of acceptable distortion and arti-

facts for each mix (�6 dB and �12 dB).

IV. DISCUSSION

A. SS

Tables V and VI show the levels of distortion and arti-

facts for FASST-NMF and DRNN, respectively. DRNN is

a powerful model to separate vocals from background

instruments since similar global SDR and superior SAR

values were obtained compared to FASST-NMF. This

result is notorious given that DRNN is using monaural sig-

nals while FASST-NMF is exploiting stereo information to

enhance the separations. It is worth noting that DRNNs

achieve a drastic reduction in computational time which is

required to achieve real-time implementations for commer-

cial behind-the-ear CI processors. But when comparing the

results for each song individually, one can observe that

DRNNs achieve a lower performance for the Bef and Hall
songs while the FASST-NMF results are less variable

across songs. This observation may be explained by the

fact that the Bef and Hall songs contain two sources while

the SISEC-2015 dataset, used for training the DRNNs, con-

tains songs with a full instrumental band playing. These

results show the importance of the training database and

the high risk of committing over-fitting with data-driven

approaches like deep learning. Further experiments with

larger training datasets together with the use of techniques

that help to prevent over-fitting42 may help to overcome

this DRNN limitation.

B. Perceptual experiments

1. Experiment 1

Results show an instruments-to-vocals ratio mean value

of �1.92 dB (p-value¼ 0.003) when the original multitracks

are used and an instruments-to-vocals ratio mean value of

�3.82 dB (p-value <0.001) when the estimated multitracks

are used. These results are in agreement with the study of

Buyens et al.,9 where CI subjects preferred the vocal level

set significantly higher than the instruments level with an

instruments-to-vocals ratio ranging from �3 to �15 dB.

From these results one can conclude that whether using esti-

mated or original multitracks, CI subjects significantly prefer

the vocals to be louder than the instruments.

However, individual results show a large variability

(Fig. 1—last column: Group). When using original multi-

tracks the instruments-to-vocals ratio ranges from �16 to

12 dB, while for the estimated multitracks it ranges from

�17 to 7 dB. Such variability could be partially explained by

the large dynamic range of the linear sliders, 70 dB.

Constraining the search space may help to obtain less vari-

able data. Moreover, in Fig. 1 one can also observe that

FIG. 2. Results of experiment 2 relating the error levels obtained with the

FASST-NMF (SDR and SAR, in rows) with the preference ratings for song

A are presented. Song A always represents the mixSS (the mix created using

the estimated multitracks) and song B represents mixMT (the mix created

using the original multitrack). Only the A preference percentages are pre-

sented because A and B preference percentages are complementary. Two

different mixes are considered: �6 and �12 dB (first and second columns,

respectively). Each song is represented by a different symbol. The non-

preference area (gray highlighted area from 29.63% to 70.37%) corresponds

to the ratings having a p-value >0.05 of a v2 test with H0 being the equal

preference for both conditions (50%–50%), the dark line represents the lin-

ear regression model, and the dotted line stands for the minimum model

defined measuring the minimum SDR/SAR value inside the non-preference

area.
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results are user dependent. For example, one can observe

that the results for S1 and S2 show large variability.

However, this variability is smaller than half of the dynamic

range assigned to the sliders, indicating that their responses

were probably not random.

From the above results and previous work,9 three mix-

ing pre-sets were designed. The Standard pre-set stands for a

NH listener mix, with vocals and instruments presented at

the same level. The other two pre-sets were configured to be

more suitable for CI users with an instruments-to-vocals

ratio of �6 and �12 dB. These were selected considering the

large variability among individual results (instruments-to-

vocals ratio between �17 and 12 dB), to have vocals louder

than instruments (instruments-to-vocals ratio <0) and to be

consistent with the previous work9 where the �6 and

�12 dB pre-sets were used. Note that for the �12 dB mix the

distortions and artifacts in the vocals may be more noticeable

since the background is more attenuated. Therefore, the

�12 dB pre-set acts as an anchor mix (where the SS distor-

tion/artifacts present in the estimated vocals can be per-

ceived at least for NH) in order to get more interpretable

results—similarly as in MUSHRA36 standard. The mixing

pre-sets are summarized in Table III.

2. Experiment 2

Results show that NH listeners have a preference for the

Standard pre-set and for mixes created from the original

rather than the estimated multitracks (Table VII). This result

confirms that mixes generated from original multitracks are

more enjoyable for NH listeners than SS mixes, revealing

that NH subjects do not tolerate SS distortion and artifacts.

Furthermore, the assumption that the Standard pre-set is

most enjoyable for NH listeners is confirmed because these

listeners significantly preferred the Standard pre-set over

any other. Since NH listeners have no difficulties on listen-

ing to music and are normally exposed to commercial music

with a similar balance between vocals and instruments, NH

listeners were more familiar with the Standard mix rather

than any other mixing pre-set. Therefore, it seems reasonable

that NH listeners significantly preferred the Standard pre-set

over any other because prior musical culture significantly

affects people’s musical preferences.43

In study (1), CI subjects showed no significant prefer-

ence between the original or the estimated multitracks for

the �6 dB mix, but a significant preference for the original

multitrack was found for the �12 dB mix (Table VII).

Results for study (3) reveal that the mixing preferences for

the �12 dB vs Standard changed when estimated multitracks

were used but were preserved for the �6 dB vs Standard

comparison. Results in studies (1) and (3) suggest that CI

subjects can tolerate the SS distortion and artifacts in the

estimated vocals when the background is attenuated by 6 dB

but not when the background is attenuated by 12 dB. This

result is worth highlighting because it means that simplifying

the music by re-mixing it using the proposed SS methods is

a feasible approach. This is important considering that most

of the commercial songs are mono or stereo and require a

previous step to estimate the multitrack. However, this claim

holds only for mixing pre-sets where the background is

attenuated by 6 dB. Yet, other mixing pre-sets might exist

(for ratios below 0 dB and between �6 and �12 dB) for

which CI listeners do not have a significant preference for

mixes created with the original multitracks over those cre-

ated with the estimated multitracks. Regarding the previous

discussion, one can conclude that further research exploring

more mixing pre-sets is probably needed.

Experiment 2 individual results (Table VIII) are useful

for discussing study (2). There exists a large variability in

mixing preferences across CI subjects. This variability can

be due to the fact that the mixing preferences are subject-

specific or that in some cases the proposed pre-sets did not

fit their preference. For example, for six out of nine CI sub-

jects no significant preference was observed for any of the

pre-sets proposed for CI users. The choice of the �6 and

�12 dB mixing pre-sets (with an anchor mix, �12 dB, that

allows a better interpretation of the results) implied using

mixing pre-sets that differ significantly from the average

results obtained in experiment 1. This could be the reason

why most participants showed no preference for any of the

proposed pre-sets over the Standard. In Table VIII one can

also relate the popular music experience of a subject with its

mixing preferences. Out of the five subjects that regularly

listen to popular music, two have a preference for the

Standard mix, one has a preference for the mixes with atten-

uated background and two have no preference for any mix-

ing. Therefore, and differently from NH listeners, subjects

familiar with popular music have no common preference for

the Standard mix. Furthermore, Table VIII shows that some

CI subjects can tolerate the SS distortion/artifacts even for

the �12 dB mix. Finally, note that S3 preferred a negative

instruments-to-vocals ratio in experiment 1 (see Fig. 1) but

in experiment 2 S3 preferred the Standard mix (see Table

VIII). S3 was the unique subject familiar with the song cho-

sen for experiment 1 and moreover, S3 regularly listens to

popular western music. We think that in experiment 1 S3

preferred the vocals level to be louder in order to better

understand the known lyrics, however in experiment 2 S3

has chosen the Standard mix that stands for one of the com-

mercial mixes that this subject normally listens to.

The previously discussed results denote that individual

subject-specific mixing pre-sets seem to be the appropriate

way to exploit the potential of the SS approach. From the

results presented here, one can interpret that general mixing

pre-sets may not be helpful for every CI user. A possible

way to short-cut these problems in commercial applications

using SS is to allow CI users to modify the mixing in situ—

without assuming any prior preferred mix.

3. Benchmark use case: DRNN

A method for defining a benchmark describing the max-

imum acceptable levels of distortion in the vocals is pro-

posed in Sec. III B 3. According to the linear model based on

the CI listeners’ preference ratings, for the �6 dB pre-set the

SS algorithms should approximately achieve average SDR

and SAR values greater than 4.9 dB. For the �12 dB pre-set

the SS algorithms should approximately achieve average
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SDR and SAR values greater than 5.7 and 5.8 dB, respec-

tively. However, the minimum SDR and SAR values desir-

able for the �6 and �12 dB pre-sets, based on the minimum

SDR and SAR values inside the non-preference area, should

be approximately above 3.6 dB.

In order to emphasize the utility of the proposed bench-

mark, an additional SS algorithm based on DRNN is intro-

duced as an example in how to use it. In Table VI one can

observe that DRNNs can be used to remix the �6 dB pre-set

because the global SDR and SAR levels for the vocals are

above the average values recommended by the proposed

benchmark. However, the SDR levels for the Bef and Hall
songs are below the minimum recommended values. For

these songs, it is likely that CI users may be aware of the SS

distortions. For the �12 dB pre-set mix, only the Jud2, Jud,

and Mic2 songs have SDR and SAR measures above the

average values recommended by the proposed benchmark.

Again, for the other songs it is likely that CI users may be

aware of the SS distortion/artifacts.

This study is the first defining a general benchmark

considering error measures broadly used by the SS research

community. More studies considering not only vocals but

also other instruments, with more different mixing pre-sets,

taking into account more test songs and with more CI sub-

jects, might further boost the utility of the proposed bench-

marking method. These benchmarks may be convenient for

directly adopting state-of-the-art SS algorithms to create

pilot software for a ready-to-use technology. New SS algo-

rithms may be also tested, especially those that overcome

current limitations, such as: real time implementation or

separating (and re-mixing) more than one instrument at

time.

V. CONCLUSIONS

SS techniques can be used to create re-mixes of popular

music that favor vocals over attenuated background instru-

ments to improve CI users’ musical experience. However,

SS techniques may introduce some distortion and artifacts.

A methodology for defining the maximum acceptable levels

of distortion and artifacts present in the estimated vocals

track is presented. According to our experiments, SS distor-

tion/artifacts were tolerated when the background instru-

ments were attenuated by 6 dB if the average SDR/SAR

scores were greater than approximately 4.9 dB. However,

some CI subjects tolerated the SS distortion/artifacts when

the background instruments were attenuated by 12 dB if the

SS algorithm average SDR/SAR scores were greater than

approximately 5.7/5.8 dB, respectively. For the mixing pre-

sets studied in this manuscript, the multitrack estimations

may not exceed the approximate lower SDR/SAR bound of

3.6 dB; otherwise it is likely that CI users may not tolerate

the distortion/artifacts. The lower boundaries for the SDR/

SAR levels are derived from a non-significant model that fit-

ted a reduced number of experimental data points and there-

fore, they only provide some intuition about the minimum

SDR/SAR levels required to remix music for CI users from

estimated multitracks.

The presented results also suggest that CI users may not

benefit from general mixing pre-sets, individual subject-

specific mixes are needed.

Given that commercial music releases are not available

in multitrack format, SS techniques (that allow individual

personalized re-mixes) seem to be a promising approach

toward a better music appreciation for CI users.
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