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From the perspective of perceptual speech quality:
The robustness of frequency bands to noise

Junyi Fana) and Donald S. Williamson
Department of Computer Science and Engineering, The Ohio State University, Columbus, Ohio 43210, USA

ABSTRACT:
Speech quality is one of the main foci of speech-related research, where it is frequently studied with speech intelligi-

bility, another essential measurement. Band-level perceptual speech intelligibility, however, has been studied fre-

quently, whereas speech quality has not been thoroughly analyzed. In this paper, a Multiple Stimuli With Hidden

Reference and Anchor (MUSHRA) inspired approach was proposed to study the individual robustness of frequency

bands to noise with perceptual speech quality as the measure. Speech signals were filtered into thirty-two frequency

bands with compromising real-world noise employed at different signal-to-noise ratios. Robustness to noise indices

of individual frequency bands was calculated based on the human-rated perceptual quality scores assigned to the

reconstructed noisy speech signals. Trends in the results suggest the mid-frequency region appeared less robust to

noise in terms of perceptual speech quality. These findings suggest future research aiming at improving speech qual-

ity should pay more attention to the mid-frequency region of the speech signals accordingly.
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I. INTRODUCTION

Speech quality and intelligibility are both vital percep-

tual measurements of speech signals and are frequently used

to assess the performance of speech-processing algorithms,

including those for speech enhancement (Loizou, 2007;

Paliwal et al., 2011), speech separation (Hershey et al.,
2016; Wang and Chen, 2018) and text-to-speech (TTS) syn-

thesis (Shen et al., 2018), to name a few. Clean and

anechoic speech signals are expected to have high levels of

quality and intelligibility, while signals that have been cor-

rupted by additive noise, reverberation, or further processing

may degrade in quality and intelligibility (Loizou, 2007).

Speech quality, as an intricate psychoacoustic phenomenon,

is a highly subjective metric. It is difficult to precisely define

since it involves multiple perceptual dimensions such as nat-

uralness and listening effort (Grancharov and Kleijn, 2008).

Intelligibility, on the other hand, is more objective, where it

is defined and measured by the percentage of speech ele-

ments that are correctly recognized by the listeners. Due to

the vagueness of its definition and its intricate nature, speech

quality is not as well understood as its counterpart speech

intelligibility.

Efforts to investigate methods for assessing speech qual-

ity have been made in the past, although the outcomes of

these studies may have not been well utilized to extensively

examine speech quality from a psychoacoustic perspective.

Methods of subject listening tests were proposed by

Quackenbush et al. (1988), which can be broadly summa-

rized as methods based on either relative preference or

quality ratings. Many subsequent listening tests were

designed based on these two concepts, such as MUSHRA

(ITU-R, 2015) which assesses speech quality by assigning

quality rating scores. Objective methods for evaluating

speech quality were also studied in the hope of avoiding

expensive and time-consuming subjective tests. One objec-

tive method known as perceptual evaluation of speech qual-

ity (PESQ) by ITU-T (2001) has been frequently deployed to

assess speech quality as it can provide quality scores that are

highly correlated to those from subjective tests (Rix, 2003).

A review regarding speech quality assessment was also pre-

sented by Loizou (2011) where subjective and objective

speech quality assessment methods were discussed more

thoroughly. In recent years, thanks to the rapid development

of deep learning, models based on deep neural networks

(Dong and Williamson, 2020b; Reddy et al., 2020) were

implemented to better assess speech quality by overcoming

the weaknesses of the traditional methods. It is believed that

the outcomes of the previous works have undoubtedly

benefited various areas that aspire to improve perceptual

speech quality. Nevertheless, with the same potential that

these findings can also benefit research that focuses on

understanding perceptual speech quality itself, these research

problems have not been paid equivalently due attention.

Such a lack of thorough examinations of perceptual

speech quality frequently brings out inevitable problems in

research areas involving speech signals. In speech enhance-

ment, for instance, a good amount of research treats speech

quality and intelligibility without too much fine discrimina-

tion while designing the speech enhancement models,

although no necessary connections between them were

clearly observed in previous studies (Loizou, 2007). As aa)Email: fan.1188@osu.edu
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result, such approaches may produce speech enhancement

algorithms that manage to improve one while failing to

improve the other (Healy et al., 2013; Kim et al., 2009;

Loizou and Kim, 2011; Raki et al., 2005; Wang, 2008).

Understanding the inherent similarities and differences in

speech quality and intelligibility is significant to speech per-

ception, as well as areas that may benefit from it. With such

information, it becomes possible for researchers to incorpo-

rate these overlooked ideas in the early stage of algorithm

design, which may further fine-tune the performance of the

related research outcomes. Furthermore, it is desired that

these techniques be deployed in many real-world applica-

tions that can bring positive impacts to those including the

communication industry, individuals with hearing loss, and

speech enhancement researchers, to name a few.

It is widely understood that different acoustic features

can be commonly observed across speech frequency bands.

Such a phenomenon further leads to different phonetic and

linguistic behaviors in each specific region. These different

behaviors can potentially result in the non-constant noise

robustness of the individual frequency bands. Work by

Studebaker and Sherbecoe (2002) in analyzing the relative

importance of speech intelligibility of different intensities

provided a series of intensity-importance functions. The

functions, however, did not remain unchanged within the

speech dynamic range at different frequencies, which sug-

gests an inconsistency in the behaviors of different speech

frequency bands. Apoux and Bacon (2004) also concluded

the importance of four speech bands, investigated in their

study for identifying consonants in quiet and noisy environ-

ments, appears to be different, revealing that noise might

potentially have different levels of influence on speech intel-

ligibility across frequency bands. More evidence has been

shown in similar studies regarding speech band importance

(Apoux and Healy, 2012; Kasturi et al., 2002) that different

frequency bands in noisy speech may contribute differently

to overall speech intelligibility. Although it is unfair to draw

the conclusion that these bands are not consistently robust to

noise without systematic examinations but simply from such

previous observations, or even to suggest the two are corre-

lated, it potentially introduces the idea that the robustness of

frequency bands to noise may present similar inconsisten-

cies across the spectrum due to similar underlying impacts.

The recent work closely related to the topic by Yoho

et al. (2018) studied noise susceptibility across various criti-

cal speech bands with speech intelligibility as the measure-

ment. As indicated by the previous observations, noise

susceptibility in terms of speech intelligibility was proven to

greatly vary across the speech spectrum. A basic pattern of

noise susceptibility was observed across the frequency spec-

trum, where in general, the lower half of the spectrum

appeared to be less susceptible to noise. However, conclu-

sions drawn from the experiments examining speech intelli-

gibility cannot be simply extended to speech quality due to

the inherent discrepancies in their nature. Moreover, artifi-

cial noise was deployed in the experiment which might

impact the extensiveness of the conclusions. Randomly

selected frequency bands with the remaining bands missing

in trials may require a larger scale of experiments to elimi-

nate the randomness and might also bring unknown impacts

to the results. Due to the same reason, the target signals

were also no longer broadband and it is unclear how this

would potentially limit the generalization of the findings in

the study.

Nevertheless, few studies have investigated such a

hypothesis with speech quality as the measurement, where

these prior studies aim to understand perceptual speech

quality with slightly different foci. In Hansen and Kollmeier

(2000), the importance of frequency bands based on pair-

wise preference tests was examined, resulting in band-

specific detection thresholds for distinguishing between

pairs of signals. The speech frequency bands were found to

be appropriate for designing an objective quality measure.

However, the experiments evaluated band-specific quality

based on signals after speech transmission (e.g., telephony

speech), and importance was not assessed based on real-

world noise since modulated white noise was only consid-

ered. Moreover, the problem of how phase information may

impact speech quality has been studied by different groups

of researchers (Gerkmann et al., 2015; Paliwal et al., 2011;

Wang and Lim, 1982; Zhang et al., 2020) in the hope of

incorporating the outcomes into the related techniques and

applications to improve their performance. These studies,

however, inspected speech quality from a very different per-

spective of phase information, which suggests little to the

hypothesis proposed in this study. Works to study the non-

intrusive speech quality assessment methods conducted

extensive scales of subjective listening tests and provided a

considerable amount of quality rating scores (Dong and

Williamson, 2020b; Reddy et al., 2020; Yi et al., 2022). The

correlations between the subjective results obtained from

the tests and objective results obtained from their proposed

methods were analyzed, with many of them presenting out-

standing performance. However, these studies merely col-

lected quality rating scores through listening tests mainly as

data for their proposed models instead of trying to better

understand speech quality itself. Most importantly, prior

work did not examine band-level noise robustness, which

exhibits great potential to facilitate both people’s under-

standing of the perceptual speech quality and to improve the

performance of various techniques addressing the issue of

poor speech quality in speech processing.

Previous studies suggest that the potential discrepancies

in the robustness of various frequency bands to noise should

be investigated from the perspective of speech quality. To

this end, we proposed an approach, inspired by the Multiple

Stimuli With Hidden Reference and Anchor (MUSHRA), to

collect perceptual speech quality responses from human

subjects recruited on an online crowdsourcing service plat-

form. The speech signals studied in the experiment were

constructed from real-world clean speech stimuli and noise

recordings. Speech and noise materials were filtered into fre-

quency bands and then added together at various signal-to-

noise ratios (SNRs). Participants were then instructed to
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assign quality ratings to the speech signals during the

MUSHRA-inspired listening tests. MUSHRA has been

widely deployed to evaluate the perceptual quality of speech

signals and is proven to be capable of rendering statistically

significant results by numerous past works (Sporer et al.,
2009). Although it is well-known for its efficiency in its

implementation and the process of response collection, the

scale of the experiment in this study is still inevitably exten-

sive due to the requirement of the band-level examination.

Empowered by the online crowdsourcing service, a large

number of subjects can be recruited to participate in the lis-

tening study (Cartwright et al., 2016; Schoeffler et al.,
2015). Online MUSHRA-based listening tests have been

shown to provide no significantly different results compared

to those collected in controlled environments with selected

participants, professional audio equipment, and the same

experiment setups (St€oter et al., 2013). The experiment was

deployed based on materials recorded in real environments

as suggested by recent works (McLaren et al., 2016; Reddy

et al., 2020), unlike some of the previous studies where arti-

ficial noise was added to the background (Apoux and Healy,

2012; Kinoshita et al., 2016). The more realistic materials

are expected to produce more practical and convincing con-

clusions to better benefit the real-world application situa-

tions, as it is expected to be able to capture more intricate

details of the real environments. Band-level robustness to

noise indices was calculated based on the collected quality

rating scores and were further compared to the results

obtained from the speech intelligibility study to investigate

the potential correlations.

The paper is organized as follows. A detailed methodol-

ogy is presented in Sec. II. Results are presented in Sec. III.

Discussions and conclusions are presented in Secs. IV and

V, respectively.

II. METHOD

A. Subjects

The subjects in the crowdsourced subjective listening

tests were all recruited from Amazon Mechanical Turk

(MTurk) (Paolacci et al., 2010). In the preliminary listening

test, responses from 275 normal-hearing subjects were qual-

ified to be analyzed. The ages range from 20 to 74, with a

mean of 38.5. Among all the subjects, 165 were reported to

be male and 109 were reported to be female. In the primary

listening test, responses from 165 normal-hearing subjects

were qualified, with their ages ranging from 23 to 67 with a

mean of 37.4. In this group, 90 of the subjects reported to be

male, and 75 of them reported to be female. All subjects

were native speakers of American English and physically

living in the US, with self-reported normal hearing capacity

and high MTurk approval ratings. They also indicated that

they were physically in a quiet environment and using lis-

tening devices that could help eliminate the surrounding

environment noise while participating in this study on a

computer. The subjects were allowed to take breaks or with-

draw at any point during the test if needed. The study was

approved by the Ohio State University’s Office of

Responsible Research Practices before being published. A

monetary incentive was provided for all subjects submitting

qualified responses.

B. Speech stimuli and processing

Both the speech and noise materials in this study were

obtained from the datasets provided by the 3rd CHiME

Speech Separation and Recognition Challenge (Barker

et al., 2016). The clean speech stimuli provided by the cor-

pora were recordings of sentences from the WSJ0 corpus

(Garofolo et al., 1993) spoken in quiet real environments

with a moderate speaking rate. The talkers include both

males and females and have a general American English

accent. The noise signals were recorded in 4 real-world

locations, including a pedestrian area (PED), cafe (CAF),

public transport (BUS), and street junction (STR). STR

mainly contains noise caused by passing traffic, while PED

contains a great degree of close-range pedestrian noise.

CAF contains noise greatly contributed by background com-

peting speech, clicking noise of tableware, and occasional

background music. BUS primarily contains vehicle engine

noise and background speech. All of them also contain dif-

ferent levels of miscellaneous noise from the recording envi-

ronments. For the preliminary experiment, 51 clean speech

stimuli were indiscriminately drawn from the datasets, while

for the primary experiment, a subset of 20 speech stimuli

were drawn from the 51 speech stimuli used in the prelimi-

nary experiment. The noise signals were randomly drawn

from all four aforementioned noise categories. Most speech

stimuli presented in the experiment roughly range from 5 to

15 s in length. The noise signals were shortened to match

the exact length of their corresponding speech stimuli.

Among the 51 individual noise clips included in the prelimi-

nary experiment, 13, 15, 9, and 14 were randomly chosen

from PED, CAF, BUS, and STR, respectively. In the pri-

mary experiment, five noise clips from each noise category,

which formed a subset of 20 noise clips in total, were further

randomly selected from those used in the preliminary exper-

iment, to ensure the balance of the number of noise clips

from each category. Both speech stimuli and noise signals

were 32-bit audio files sampled at 16 kHz. These selected

recordings consist of highly-varied audio situations in terms

of the talkers’ genders, the content of the speech materials,

and the types of background noise, to name a few.

Speech and noise materials were filtered into 32 contig-

uous frequency bands with center frequencies ranging from

100 to 7500 Hz, similar to what was done in Apoux and

Healy (2012) with minor adjustments adopted to ensure the

suitability for the current study. Details regarding the values

of these center frequencies can be found in the later sections.

Two cascaded 28th-order digital Butterworth filters were

used for filtering. The standard zero phase digital filtering

technique was incorporated to filter the input signals in for-

ward and backward directions in order to avoid phase distor-

tion in the output signals. Each individual band was filtered
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to be one ERBN (Glasberg and Moore, 1990) wide to resem-

ble the normal-hearing human auditory system. The level of

overlap amongst the bands can be visualized in Fig. 1, where

it presents the responses of 5 consecutive filters applied to

band 5–9 to a 90-s white noise signal. The spectra also con-

firm that the filters applied to these bands were capable of

generating slopes that exceeded 6 dB/octave with all 32 fil-

ters following a similar pattern.

To avoid unknown randomness and ensure broadband

speech signals, all 32 frequency bands were present in the

final reconstructed audio signals prepared for the experi-

ments. In this fashion, to ensure noticeable quality differ-

ences among the reconstructed audio signals, a sliding

window of 16 consecutive bands was treated as target bands,

and the remaining bands were considered as extra bands in

the preliminary experiment. Such target bands ranged from

bands 0–15 to bands 16–31, rendering 17 different combina-

tions. Each speech band combination was subsequently

added with its corresponding noise band combination (i.e.,

the two combinations have the same band components) to

achieve one of six desired SNRs: �15, �10, �5, 0, 5, and

10 dB. More specifically, let S denote a speech signal and N
denote a noise signal, while Si and Ni denote the signals cen-

tered at the ith frequency band, i 2 f0; 1;…; 31g, with i¼ 0

being the band at the lowest center frequency and i¼ 31 at

the highest center frequency. To construct the target bands,

Tm, where m 2 f0–15; 1–16;…; 16–31g, the set of fre-

quency band signals within m were first added together

forming the speech signal, Sm. The same operation was

applied to the noise signal, producing Nm. Sm and Nm were

then added together to generate Tm. The process can be

denoted as

Tm ¼ Sm þ aNm; (1)

where a is the scaling factor to ensure Tm possesses one of

the desired SNRs. The non-target bands (i.e., the remaining

bands that are not considered target bands) were not gener-

ated from these band combinations m, but instead, each one

of them was first constructed by adding the individual

speech band and its corresponding noise band (i.e., the two

bands have the same band number) with an SNR of 0 dB.

This can be denoted as

Ei ¼ Si þ bNi; (2)

where b is the scaling factor to ensure Ei has a 0 dB SNR.

Tm and Ei were then added together to generate the final

reconstructed audio signal X, denoted as

X ¼ Tm þ
X

i62m

Ei: (3)

The selected SNRs and the band configurations were deter-

mined through a series of experiments, to ensure all recon-

structed signals were proper for the experiments with being

reasonably noisy but not too clean or distorted.

The primary experiment was further developed based

on the results of the preliminary experiment. In the primary

experiment, only three of the original six SNRs at �10, 0,

and 10 dB were selected for the target bands. Furthermore,

to ensure that each individual frequency band could appear

the same amount of times in the reconstructed audio signals,

15 additional target band combinations were added to the

experiment by constructing the target band combinations in

a circular fashion. In this case, 15 more combinations from

band 17–0 to band 31–14 were included, rendering 32 vari-

ous band combinations in total including the original 17

combinations.

For both the preliminary and primary experiments, the

clean references and anchor signals with an overall SNR of

�15 dB were also used for calibration. In contrast to the rec-

ommended MUSHRA where low-range and mid-range

anchors were included, the anchors in this study possessed

an overall SNR of �15 dB to serve a similar purpose of cali-

bration. They were, however, more appropriate for this

study as they allowed the test to be calibrated more conve-

niently, where they were expected to serve as the low bound

of the expected qualities of all signals, whereas it was

unclear where the recommended low-pass version anchors

might fit among the test signals. The volumes of all the

reconstructed signals were normalized to the same energy

level for the listening tests.

C. Procedure

The perceptual listening tests were implemented on

Qualtrics to investigate the suspected subtle differences in

the noise robustness of frequency bands. The variables are

two-dimensional in various SNR values and band combina-

tions. For both experiments, in each trial, the subjects lis-

tened to a group of audio signals to compare before

assessing their overall qualities by assigning each of them a

quality rating score between 0 and 100, representing

extremely bad and extremely good quality, respectively.

Unlike the more traditional five-point mean opinion score

(MOS) scale recommended by ITU-T (1996), a 100-point
FIG. 1. A depiction of the frequency responses to extract bands 5–9 given a

90-s white-noise input signal.
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scale was used given the assumption that the quality differ-

ences among frequency bands can be so subtle that the pre-

cision of a five-point scale may not be sufficient. This

assumption is proven to be reasonable by the results in the

later sections. The test audio signals in each trial were gen-

erated by the same speech and noise materials with the same

band combination but at different SNR levels, together with

the corresponding clean reference and anchor hidden among

them. Unlike the traditional MUSHRA, a labeled open refer-

ence was not provided in each trial along with the hidden

reference in the hope of reducing the time needed for the

experiment. Previous experience suggests such a variation

does not have significant impacts on the results (Dong and

Williamson, 2020a) and that it can be deployed to assess

various types of audio situations (Schoeffler et al., 2018).

Subjects were required to finish rating all signals in the cur-

rent trial before being allowed to proceed to the next trial.

Subjects could not go back to the prior trials after starting

the current ones. Each subject was expected to complete 17

and 20 trials in the preliminary and primary experiments,

respectively, as well as an additional practice trial preceding

the formal ones to achieve familiarization. The practice trial

was identical to the formal ones but presented with different

speech materials that would not be heard again thereafter.

The duration of the listening test was approximately 18 min

on average. Each individual trial was evaluated five times to

avoid randomness and bias and to achieve statistically sig-

nificant results. No time limit was enforced and subjects

could take a break whenever needed during the test as long

as the test could be finished within five days. The majority

of the subjects were only allowed to participate once.

D. Data cleaning and index calculation

All responses were carefully examined before being

accepted as qualified results. Strict qualification metrics

were deployed to detect any malicious response (Gadiraju

et al., 2015). Responses from a crowdworker were rejected

if the task was finished in an unreasonably short amount of

time. Responses were also rejected if random scoring was

detected. Responses composed of an exceeding amount of

unreasonable rating scores caused by careless human error

were also rejected.

Before calculating the noise robustness indices, the

mean perceptual quality scores for each frequency band at

different SNR conditions were calculated in an inverse mov-

ing average fashion. To this end, arithmetic means of quality

scores provided by all corresponding subjects were calcu-

lated to provide the mean quality scores Aðm; r; oÞ for a spe-

cific audio signal o with band combination m at a certain

SNR r. Subsequently, the quality scores Q(m, r) for a spe-

cific band combination m at a specific SNR r could be calcu-

lated by averaging across all test signals o sharing the same

band combination m and SNR r. All frequency bands were

processed under the same condition and combined in the

same way to reconstruct the signals for the experiment. It is

assumed that given these conditions and the specific design

of the experiments, all frequency bands contribute consis-

tently to the perceptual qualities of the reconstructed audio

signals. This assumption is similar to the premise on which

some previous studies are based that speech intelligibility is

modeled as total contributions of independent speech fre-

quency bands (ANSI, 1997; Apoux and Healy, 2012). With

such an assumption, given a certain SNR r, the individual

quality score B(i, r) for each band i, i 2 f0; 1;…; 31g can be

calculated by averaging across a group of quality scores

Q(m, r), where all band combinations m contain band i. This

can be denoted as

Bði; rÞ ¼ 1

T

X

m

Qðm; rÞ1 i 2 m½ �; (4)

where 1 ½i 2 m� returns 1 when band i is contained in m, and

it returns 0 otherwise. T is the number of times 1 ½i 2 m�
returns 1.

Finally, to obtain the individual noise robustness indices

of various frequency bands i, quality scores B(i, r) at a certain

SNR r dB were normalized to Bnormði; rÞ by min–max nor-

malization so that the highest score Bnormðih; rÞ among the 32

scores is always 1 and the lowest score Bnormðil; rÞ is always

0. The index score of a certain band i was calculated as the

mean of all selected Bnormði; rÞ where r represents the selected

SNR conditions to generate the final quality index scores.

III. RESULTS

A. Preliminary experiment: Perceptual quality scores
by SNR

In the preliminary experiment, 51 unique speech materi-

als were chosen to be tested at six different SNR values and

17 band combinations. Figure 2 presents the mean perceptual

quality scores as a function of the SNR of the target bands

FIG. 2. Mean perceptual speech quality scores (e.g., circle markers) based

on the listening test as a function of the SNR of the target bands in the pre-

liminary experiment. Scores are calculated by averaging across all 17 band

combinations. A second-order regression fit is shown as the dashed line.

Boxplots are also shown to indicate the 25th, 50th (median), and 75th per-

centiles at each SNR condition.
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averaged across all 17 different band combinations based on

all accepted responses. Actual scores are represented by the

circle markers. A second-order regression line denoted as the

dashed line is fitted to indicate the overall pattern. Boxplots

are also shown to visualize the general distributions of results

in each SNR condition, by presenting the 25th, 50th

(median), and 75th percentiles. Figure 2 suggests that the lis-

tening test was properly designed with reasonable SNR val-

ues and band combination size chosen so that sufficient

difference could be perceived during the experiment with the

lowest and highest mean quality scores shown by the anchors

and the clean references, respectively. All other scores

increase proportionally to the target bands’ SNR values. This

indicates that the subjects were assessing the qualities of the

noisy speech signals at different SNR conditions as expected

even with the implementation of the anchors modified and

the labeled references absent, as it can be seen that the

anchors were rated slightly lower than the �15 dB group and

the clean references were rated much higher than the 10 dB

group. It also suggests the data cleaning was properly done

to eliminate undesired responses. Variances of the responses

at each SNR suggested by the boxplots are gradually increas-

ing, suggesting that the responses are more spread out with

more uncertainty and that subjects rated more inconsistently

as the SNR values increase. However, the anchor and refer-

ence groups seem to be two exceptions with them being rated

more consistently. The group means and medians are closer

to each other and the boxes also appear to be more symmetri-

cal as the SNR values increase, which potentially suggests

the responses are becoming more normally distributed. The

clean reference group appears to be the exception to this pat-

tern. All the group means, medians, 25th, and 75th percen-

tiles increase proportionally to the SNR, which further

strengthens the belief that the results are fundamentally rea-

sonable and scientific.

B. Preliminary experiment: Perceptual quality scores
by band and SNR

All collected responses were grouped by different SNR

conditions and band combinations. The band level quality

scores were subsequently calculated following the approach

introduced in Sec. II D. Figure 3 presents the mean percep-

tual quality scores of 32 individual bands from band 0 to

band 31 at all six SNR conditions. Actual scores are denoted

by the circle markers on the curve smoothed by applying

B-spline interpolation to the actual scores with a degree of

2. The dotted lines from the bottom to the top each indicate

the 25th, 50th (median), and 75th percentile of the 32 qual-

ity scores at this SNR condition, respectively. For the

�15 dB SNR condition, the overall quality scores appear to

be highly non-uniform, while a clear overall trend can be

seen that the scores decrease first and increase later as the

band center frequency increases. The lowest score is located

in the band with a center frequency of 318 Hz. At �10 dB,

the trend is highly similar to that in the previous one. The

quality scores in this group are overall higher as the overall

quality of the audio clips in this group appears to be better.

A similar overall trend can be observed with the lowest

FIG. 3. Mean perceptual speech quality scores as a function of the center frequencies of the 32 bands at all six SNR conditions in the preliminary experi-

ment. Scores are calculated based on the approach introduced in Sec. II D. The circle markers denote the actual scores. The smoothed curve is based on the

B-spline interpolation of the actual scores with a degree of 2. The dotted lines from the bottom to the top each represent the 25th, 50th (median), and 75th

percentile of the 32 scores, respectively.
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score located in the neighboring band of the previous one

with a center frequency of 377 Hz. Similar to what can be

observed between the �15 and �10 dB conditions, the

trends shown in the �5 and 0 dB groups resemble each other

well. In contrast to the previous two conditions, a large por-

tion of the bands in the mid-frequency region show similar

quality scores lower than those in the low and high-

frequency regions. It also appears that the low-frequency

region in these two conditions has much higher quality rat-

ing scores than the other regions. The scores at the 5 and

10 dB conditions suggest different trends in that the scores

appear much more irregular both in small areas and across

the whole spectrum. An especially unique trend unlike

others can be observed in the 10 dB group where overall the

quality scores decrease as the center frequencies increase.

The differences between the highest and the lowest quality

scores are 4.63, 5.43, 4.69, 5.06, 1.49, and 2.06 from �15 to

10 dB SNR conditions, respectively. It is obvious the ranges

of the scores in 5 and 10 dB are smaller than the other

groups. Figure 2 also shows the variances in these two

groups are larger. It is therefore suspected that the results

obtained from these two groups are too noisy to be consid-

ered significant. Overall, results from all six groups at differ-

ent SNR conditions suggest certain degrees of similarities

and differences. The mid-frequency region in all five groups

except the one at 10 dB appears to be more likely to be asso-

ciated with lower quality scores. All six groups present

inconsistencies with fluctuating quality scores in small fre-

quency regions and across the spectrum.

C. Primary experiment: Perceptual quality scores
by SNR

The primary experiment was conducted to ensure that

the low and high-frequency bands were evaluated as often

as the mid-frequency bands. This, however, causes the target

bands to be disconnected in some cases and is less ideal to

reflect real-world situations. The number of audio clips from

each noise category was also reduced and balanced. Based

on the observation from the preliminary experiment, only

three SNR conditions were investigated due to the high lev-

els of similarities between groups of the results. In this

experiment, five speech materials were chosen from each

noise category with a total number of 20 materials being

tested at three different SNR conditions and 32 different

band combinations. Figure 4 presents the mean perceptual

quality scores as a function of the SNR. The results highly

agree with those in the preliminary experiment in its values,

overall trends, etc. However, the quality scores at 10 dB

become more skewed compared to the previous experiment,

which suggests a higher level of asymmetry in its score

distribution.

D. Primary experiment: Perceptual quality scores
by band and SNR

Figure 5 shows the mean perceptual quality scores at 3

SNR conditions. At �10 and 0 dB, the overall trends appear

to be more regular compared to the previous experiment,

where the scores in the mid-frequency region are, similar to

some of the previous observations, lower than those in other

regions and the plots overall appear to be smoother with

fewer fluctuations in small areas. The trends given by the

FIG. 4. Mean perceptual speech quality scores (e.g., circle markers) based

on the listening test as a function of the SNR of the target bands in the pri-

mary experiment. Scores are calculated by averaging across all 32 band

combinations.

FIG. 5. Mean perceptual speech quality scores of the 32 bands at all three SNR conditions in the primary experiment.
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two groups are also more similar to each other. Moreover,

the differences in the mean quality scores of the first and the

last few bands become much smaller due to the circular

operation in combining the target bands. This can be espe-

cially seen from the differences in the results at the 0 dB

conditions of the two experiments. It should be noted that,

however, the regions with the lowest quality scores now

appear in the higher frequency region with the lowest scores

observed at the band with a center frequency of 1449 Hz in

both the �10 and 0 dB conditions. Results from the 10 dB

group again appear to be slightly different with more obvi-

ous fluctuations and the lowest scores are observed in

regions with even higher center frequencies around

3560 Hz. However, it can be seen that it agrees slightly bet-

ter with the other two SNR groups in terms of the overall

trend across the spectrum.

E. Perceptual quality index scores by band

To further generalize the conclusions and incorporate

all essential groups of results noted previously, perceptual

quality index scores by target band were calculated accord-

ing to Sec. II D. Only conditions at SNRs of �10 and 0 dB

were used for the calculation, without considering those

groups that are either highly similar to the two chosen or not

significant enough to be representative. All the original

mean perceptual quality scores were scaled to values

between 0 to 1 by min–max normalization. The index score

of a certain band was calculated by averaging across all two

normalized quality scores of the same band at the two cho-

sen conditions. Plotted similarly to the previous ones, Fig. 6

presents the quality index scores for all 32 target bands from

the two experiments. It is believed that the index scores are

a summary and an average of all quality scores in the chosen

SNR conditions. One major difference between the two

groups of results is that the quality scores of the first and the

last band in the primary experiment are much closer to each

other compared to those in the preliminary experiment. This

is again very likely due to the circular operation employed

when combining the target bands. If the same operation was

applied to the results in the preliminary experiment, the

results in the two groups would appear more similar by both

presenting higher quality scores in the low and high-

frequency regions and lower quality scores in the mid-

frequency region. Fluctuations can still be observed in small

regions across the spectrum in both groups.

IV. DISCUSSION

The results in the previous section provide the percep-

tual quality scores obtained from the properly designed

experiments. As the quality scores obtained in this way have

been shown to be highly correlated to the true perceptual

speech quality, it is believed that the results are capable of

reflecting the robustness of individual frequency bands to

noise to a certain extent.

Figures 2 and 4 present the statistical summaries of the

median, 25th, and 75th percentiles at each individual SNR

level. The general pattern of how subjects tended to rate the

target signals in the experiments is revealed by these values.

In fact, the patterns and these statistical summaries based on

the individual results at all 17 or 32 band combination con-

ditions are believed to follow the same trend, validated by

Pearson’s correlation, which gives statistically significant

high correlation coefficients between any two combination

conditions. It is noticed that the variance of the examined

groups at each SNR condition in general increases as the

SNR itself increases, indicated by the distance between the

25th and 75th percentiles. Exceptions appear at the anchor

and reference conditions because they were not processed at

the band level. This observation potentially suggests the

audio signals from groups at higher SNRs (i.e., 5 and 10 dB)

FIG. 6. Quality index scores averaged across the selected SNR conditions in the preliminary and primary experiments.
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may sometimes be too clean for the current study and there-

fore the participants found it challenging to rate these sig-

nals. This assumption is later suggested again by results at 5

and 10 dB conditions in Figs. 3 and 5, with those groups of

results showing different patterns.

To further investigate the significance of results at all

SNR conditions, for each signal rated in the listening study,

one-half of its responses were randomly selected to generate

plots shown in Figs. 3 and 5, which are then compared to

the plots generated based on the other half of the responses.

The results shown by Pearson’s correlation supported the

assumptions by rendering only q ¼ 0:13 and q ¼ 0:35 for

the SNR 5 and 10 dB conditions in the preliminary experi-

ment, respectively, with all q for other SNR groups in both

experiments being larger than 0.70. This potentially sug-

gests those two SNR conditions in the preliminary experi-

ment failed to provide statistically significant results,

possibly due to the underlying assumption that the quality

differences of the audio signals in the positive SNR groups

are too hard to perceive as they become too clean. This

assumption was further confirmed by comparing the average

widths of the 90% confidence intervals of the quality scores

at 32 center frequencies at a certain SNR group to the differ-

ences between the highest and the lowest quality scores

within that specific group. For SNR 5 and 10 dB in Figs. 3

and SNR 0 and 10 dB in Figs. 5, their individual average

confidence intervals are larger than their differences

between the highest and lowest scores. Given results from

both significance tests, it is determined that the results from

SNR 5 and 10 dB in Fig. 3 and 10 dB in Figs. 5 are too noisy

to be considered significant. They were not included in any

of the quality index score calculations.

Particularly, among the different individual SNR condi-

tions in both experiments, similarities and differences can be

observed. Examined by Pearson’s correlation, results from

groups at �15 dB and �10 dB in the preliminary experiment

are highly correlated with q ¼ 0:92. Results from groups at

�5 and 0 dB are also correlated with q ¼ 0:96. A similar

conclusion was also observed between �10 and 0 dB in the

primary experiment (q ¼ 0:97). Such observations also

helped reduce the SNR conditions that needed to be exam-

ined in the primary experiment. This, however, suggests that

the robustness of frequency bands may behave differently

under the influence of different levels of noise. Analysis of

variance (ANOVA) tests were used to compare the mean of

the quality scores from different SNR groups. For both the

preliminary and primary experiments, the ANOVA tests pro-

vided p< 0.05. It can be therefore concluded that there are

significant differences among different SNR groups. Tukey’s

honestly significant difference (HSD) test also confirms that

such differences can be observed in all pairs of two different

SNR groups in the preliminary or the primary experiments,

with p< 0.05 in all cases.

The main difference between the preliminary and the

primary experiment is the circular operation in creating the

target band groups. The operation allows each individual

band to be examined the same amount of times in the

experiment. However, it is unclear whether the results

obtained from these audio signals are necessarily a better

reflection of the noise robustness of the frequency band in

real situations where frequency bands in the low and high-

frequency areas are not necessarily closely associated with

each other. Due to this operation, only a moderate correla-

tion between the quality index scores of the preliminary and

primary experiments can be observed as suggested by

Pearson’s correlation with q ¼ 0:49. Overall, from what can

be observed in Figs. 3 and 5, frequency bands in the mid-

frequency region appear to be less robust to noise compared

to those in the low and high-frequency regions. In general,

the overall quality scores increase as the amount of distor-

tion decreases (i.e., as SNR increases). These results are

consistent with the findings from Hansen and Kollmeier

(2000), which show that the least distorted conditions are

ranked higher at each center frequency. However, the pref-

erence quality ratings do not vary much across center fre-

quencies, which differs from the current findings. This may

occur since more center frequencies were evaluated in the

current study, thus allowing more granular responses, and

since the participants were asked to provide quality scores

but not perform pairwise preferences. Also, real-world

noises were considered (not modulated white noise), with

varying types of sounds that have different frequency

responses.

Given the previous discussions, it is believed that under

different levels of compromising noise, the band-level noise

robustness can behave differently to a certain extent and dif-

ferent strategies should be deployed accordingly when tack-

ling noise in the hope of improving speech quality. However,

Fig. 6 can still provide meaningful information in general

when the noise level is unknown or the noise level covers a

wide range of SNRs. Similar to what was observed in Yoho

et al. (2018), the low-frequency region appears to be most

robust to noise in both experiments. However, the mid-

frequency region is observed to be the one least robust to

noise in general with the high-frequency region providing

mediocre noise robustness in the preliminary experiment or a

similar noise robustness to the low-frequency region in the

primary experiment. Fluctuations can be observed in results

from both current experiments, although they appear to be

less obvious compared to those shown in the previous intelli-

gibility study, which may potentially result from the inherent

difference in speech quality and intelligibility. The results

from the two studies again suggest the intricate relationships

between these two metrics by presenting both similar and dif-

ferent observations. Despite the noticeable overall trends, it

can be concluded based on the results that the pattern of noise

robustness is not simple as shown across the spectrum where

inconsistency can be spotted throughout the frequency bands.

The quality index scores were also investigated by noise

categories to study if noise types may potentially have dif-

ferent impacts on the noise robustness of the frequency

bands. Given the fact that these categories of noise may pre-

sent drastically different audio features, it is suspected that

they compromise the band-level speech quality in different
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ways which leads to different noise robustness behaviors.

Similarities and differences can both be observed among

results from the four noise categories in the primary experi-

ment. A strong correlation between STR and CAF can be

observed and examined by Pearson’s correlation with

q ¼ 0:78. Strong correlations between CAF and BUS were

also suggested by Pearson’s correlation with q ¼ 0:88.

Interestingly, a strong negative correlation was also spotted

between PED and BUS with q ¼ �0:77. ANOVA test

results also confirm that there are statistically significant dif-

ferences among the means of the four groups of results

obtained from different noise types, with p< 0.05. The

results altogether suggest that different types of noise can

affect band-level noise robustness differently. This may

result from the distinct audio features that different types of

noise possess, or from some other high-dimensional intricate

details in noise and how they interact with the human audi-

tory system. It is unclear what exactly causes the different

robustness behaviors, but the results suggest the experiments

on which the conclusions are based should carefully con-

sider comprehensive categories of noise.

More experiments were further deployed in the hope of

investigating how well the popular objective metrics includ-

ing PESQ (ITU-T, 2001), short-time objective intelligibility

(STOI) (Taal et al., 2011), and extended short-time objec-

tive intelligibility (ESTOI) (Jensen and Taal, 2016) perform,

where the perceptual quality differences among the test sig-

nals can be exceedingly subtle. Results were based on the

audio signals used in the primary experiment and processed

based on the same approach introduced in Sec. II D, whereas

the only difference is that the mean subjective quality rating

score for each test audio signal was replaced by the objec-

tive quality score. Compared to the results in the primary

experiment, only ESTOI was capable of generating similar

patterns in all three SNR conditions as can be examined by

Pearson’s correlation. Figure 7 presents the normalized

ESTOI scores calculated from the �10 and 0 dB SNR condi-

tions. A correlation between normalized ESTOI and the pri-

mary experiment scores can be observed and examined by

Pearson’s correlation with q ¼ 0:87, while PESQ was only

given q ¼ 0:45 and STOI was given q ¼ 0:20, with their fig-

ures not shown for brevity. However, the trends suggested by

the scores given by ESTOI and the primary experiment do

not highly resemble each other, with the ESTOI suggesting a

narrower mid-frequency region where most of the low-

quality index scores occur. This can partially be because

ESTOI is a metric used to evaluate speech intelligibility,

whereas the results in the current study are based on speech

quality, which is a higher-dimensional and more complicated

feature and therefore can be affected by more factors.

Overall, it is suspected that the current objective metrics com-

monly deployed in various situations to assess speech quality

and intelligibility are not fully capable of providing signifi-

cant results on difficult tasks such as the one in this study.

Subjective listening tests still have their superiority on these

occasions. More advanced objective speech quality assess-

ment metrics that produce results better correlated to those

obtained from subjective methods are desired.

Finally, to investigate how the number of included

bands in the target band region affects perceptual quality, an

auxiliary experiment was implemented with the same setup

as the primary experiment except that the number of bands

in the target band combinations was reduced from 16 to 8.

Figure 8 shows the quality index scores based on the results

collected from the subjects in the auxiliary experiment. As

can be visually inspected, the results do not resemble either

of the previous experiments very well, where the quality

index scores are relatively contained, except near center fre-

quencies between 265–682 Hz and 2862–3966 Hz. This indi-

cates that listeners do not often notice differences between

FIG. 7. Normalized ESTOI scores of the target bands.
FIG. 8. Quality index scores of the target bands in the auxiliary experiment

where the number of combined bands was reduced from 16 to 8.
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signals when the target frequency region is smaller, except

near certain center frequencies in this case.

The current approach has successfully uncovered the

subtle differences in the noise robustness of various fre-

quency bands. Previous research has shown that MUSHRA

can detect minute differences in speech quality by collecting

human responses in various properly designed listening

tests. With the appropriate configuration of the speech band

combination and the proper selection of target band SNRs,

differences among the band robustness were revealed with

the support of a large number of quality scores. However,

the listening tests nevertheless still required a substantial

amount of subjects and time, as the band-level examination

considerably increased the scale of the experiments. It is

hoped that a more efficient methodology can be proposed in

the future to study this topic with only fewer participants

and less time required while still providing significant

results.

The findings in the current study will contribute to the

understanding of how noise may impact speech quality at

the frequency band level. The relationships between speech

quality and intelligibility have been discussed frequently

where similarities and differences can be observed from var-

ious perspectives. It is hoped that in future research the way

noise impacts speech quality and intelligibility can be better

associated and summarized based on the current and past

studies and that simple solutions to how to tackle noise from

the perspective of both quality and intelligibility can be pro-

vided, as improving both of them is considered to be signifi-

cant to many research topics. For instance, the design of

deep learning models deployed in areas such as speech

enhancement can incorporate the conclusions in this study

where certain frequency regions are believed to be more vul-

nerable to noise. This may benefit these research studies by

providing more efficient but more powerful models that

require less computational capacity but render better out-

comes at the same time. It is also hoped more efforts in

studying speech quality can be made in future research,

which can be particularly beneficial to those including the

telecommunication industry and the community for individ-

uals with hearing loss.

V. CONCLUSIONS

We investigated the robustness of frequency bands to

noise based on speech quality. Perceptual listening tests

inspired by MUSHRA were deployed to assess the speech

quality of broadband real-world speech signals compro-

mised at the frequency band level by real-world noise at dif-

ferent SNR conditions. The findings are as follows:

(1) The robustness of frequency bands to noise was

observed to be non-constant across the spectrum.

(2) The overall pattern of noise robustness and how it

impacts speech quality does not have a simple answer,

although general trends can be concluded that the low

and high-frequency regions appear to be more robust to

noise and the mid-frequency region appears to be less

robust. Fluctuations are observed across the spectrum at

various SNRs.

(3) Relationships of how noise impacts quality and intelligi-

bility can be observed, although no strong correlations

were spotted and major differences exist.

(4) Different categories of noise impact the speech quality

differently. General conclusions of noise robustness of

frequency bands should come from experiments based

on as comprehensive categories of noise as possible.

Otherwise, the topic of noise robustness should be speci-

fied and restricted to “what type” of noise robustness.

(5) Some current objective quality and intelligibility metrics

do not provide statistically significant results on difficult

tasks. More advanced objective metrics are needed.

(6) The deployed listening test reveals the minute differ-

ences in band-level noise robustness, with appropriate

setups of the groupings of frequency bands and the

proper selection of SNR values.

In the future, how the findings in this study will instruct

and benefit the techniques in speech enhancement will be

investigated. It is hoped that the concept can be incorporated

into the design of future speech enhancement techniques to

both reduce the scale of the models and fine-tune the

performance.

ACKNOWLEDGMENTS

This work was supported by NSF under Grant No. IIS-

1942718. We also thank the supercomputing cluster

provided by Indiana University for data processing. Ethics

Approval was obtained from the Ohio State University’s

Office of Responsible Research Practices. Informed consent

was obtained from all participants.

ANSI (1997). ANSI S3.5 (R2007), American National Standard Methods
for Calculation of the Speech Intelligibility Index (American National

Standard Institute, New York).

Apoux, F., and Bacon, S. (2004). “Relative importance of temporal infor-

mation in various frequency regions for consonant identification in quiet

and in noise,” J. Acoust. Soc. Am. 116, 1671–1680.

Apoux, F., and Healy, E. (2012). “Use of a compound approach to derive

auditory-filter-wide frequency-importance functions for vowels and con-

sonants,” J. Acoust. Soc. Am. 132, 1078–1087.

Barker, J., Marxer, R., Vincent, E., and Watanabe, S. (2016). “The third

‘CHIME’ speech separation and recognition challenge: Analysis and out-

comes,” Comput. Speech Lang. 46, 605–626.

Cartwright, M., Pardo, B., Mysore, G. J., and Hoffman, M. (2016). “Fast

and easy crowdsourced perceptual audio evaluation,” in Proceedings of
ICASSP 2016, March 20–25, Shanghai, China, pp. 619–623.

Dong, X., and Williamson, D. S. (2020a). “A pyramid recurrent network

for predicting crowdsourced speech-quality ratings of real-world signals,”

in Proceedings of Interspeech 2020, October 25–29, Shanghai, China.

Dong, X., and Williamson, D. S. (2020b). “Towards real-world objective

speech quality and intelligibility assessment using speech-enhancement

residuals and convolutional long short-term memory networks,”

J. Acoust. Soc. Am. 148(5), 3348–3359.

Gadiraju, U., Kawase, R., Dietze, S., and Demartini, G. (2015).

“Understanding malicious behavior in crowdsourcing platforms: The case

of online surveys,” in Proceedings of the 33rd Annual ACM Conference
on Human Factors in Computing Systems, April 18–23, Seoul, Korea,

pp. 1631–1640.

Garofolo, J. S., Graff, D., Paul, D., and Pallett, D. (1993). CSR-I (WSJ0)

complete LDC93S6A (Linguistic Data Consortium, Philadelphia).

1926 J. Acoust. Soc. Am. 155 (3), March 2024 Junyi Fan and Donald S. Williamson

https://doi.org/10.1121/10.0025272

 09 April 2024 16:42:43

https://doi.org/10.1121/1.1781329
https://doi.org/10.1121/1.4730905
https://doi.org/10.1016/j.csl.2016.10.005
https://doi.org/10.1121/10.0002702
https://doi.org/10.1121/10.0025272


Gerkmann, T., Krawczyk-Becker, M., and Le Roux, J. (2015). “Phase proc-

essing for single-channel speech enhancement: History and recent

advances,” IEEE Signal Process. Mag. 32(2), 55–66.

Glasberg, B. R., and Moore, B. C. (1990). “Derivation of auditory filter

shapes from notched-noise data,” Hear. Res. 47(1), 103–138.

Grancharov, V., and Kleijn, W. B. (2008). Speech Quality Assessment,
83–100 (Springer, Berlin-Heidelberg).

Hansen, M., and Kollmeier, B. (2000). “Perception of band-specific speech

quality distortions: Threshold and preference data and their objective pre-

diction,” Acta Acust. united Ac. 86, 338–349.

Healy, E. W., Yoho, S. E., Wang, Y., and Wang, D. (2013). “An algorithm

to improve speech recognition in noise for hearing-impaired listeners,”

J. Acoust. Soc. Am. 134(4), 3029–3038.

Hershey, J. R., Chen, Z., Le Roux, J., and Watanabe, S. (2016). “Deep clus-

tering: Discriminative embeddings for segmentation and separation,” in

Proceedings of ICASSP 2016, March 20–25, Shanghai, China, pp. 31–35.

ITU-R (2015). ITU-R BS.1534-3, Method for the Subjective Assessment of
Intermediate Quality Level of Audio Systems (ITU-R Recommendation,

Geneva, Switzerland).

ITU-T (1996). ITU-T P.800, Methods for Subjective Determination of
Transmission Quality (ITU-R Recommendation, Geneva, Switzerland).

ITU-T (2001). ITU-T P.862, Perceptual Evaluation of Speech Quality
(PESQ): An Objective Method for End-to-End Speech Quality Assessment
of Narrow-Band Telephone Networks and Speech Codecs (ITU-R

Recommendation, Geneva, Switzerland).

Jensen, J., and Taal, C. H. (2016). “An algorithm for predicting the intelligi-

bility of speech masked by modulated noise maskers,” IEEE/ACM Trans.

Audio. Speech. Lang. Process. 24(11), 2009–2022.

Kasturi, K., Loizou, P., Dorman, M., and Spahr, T. (2002). “The intelligibil-

ity of speech with ‘holes’ in the spectrum,” J. Acoust. Soc. Am. 112,

1102–1111.

Kim, G., Lu, Y., Hu, Y., and Loizou, P. C. (2009). “An algorithm that

improves speech intelligibility in noise for normal-hearing listeners,”

J. Acoust. Soc. Am. 126(3), 1486–1494.

Kinoshita, K., Delcroix, M., Gannot, S., Habets, E. A. P., Haeb-Umbach,

R., Kellerman, W., Leutnant, V., Maas, R., Natakani, T., Raj, B., Sehr,

A., and Yoshioka, T. (2016). “A summary of the reverb challenge: State-

of-the-art and remaining challenges in reverberant speech processing

research,” J. Adv. Signal Process. 2016, 7.

Loizou, P. C. (2007). Speech Enhancement: Theory and Practice (CRC

Press, Boca Raton, FL).

Loizou, P. C. (2011). Speech Quality Assessment, 623–654 (Springer,

Berlin-Heidelberg).

Loizou, P. C., and Kim, G. (2011). “Reasons why current speech-

enhancement algorithms do not improve speech intelligibility and sug-

gested solutions,” IEEE Trans. Audio. Speech. Lang. Process. 19(1),

47–56.

McLaren, M., Lawson, A. D., Ferrer, L., Cast�an, D., and Graciarena, M.

(2016). “The speakers in the wild speaker recognition challenge plan,” in

Proceedings of Interspeech 2016, September 8–12, San Francisco, CA.

Paliwal, K., W�ojcicki, K., and Shannon, B. (2011). “The importance of

phase in speech enhancement,” Speech Commun. 53(4), 465–494.

Paolacci, G., Chandler, J., and Ipeirotis, P. G. (2010). “Running experi-

ments on Amazon mechanical turk,” Judgm. Decis. Mak. 5(5), 411–419.

Quackenbush, S. R., Barnwell, T. P., and Clements, M. A. (1988). Objective
Measures of Speech Quality (Prentice Hall, Englewood Cliffs, NJ).

Raki, S., Makino, S., Sawada, H., and Mukai, R. (2005). “Reducing musical

noise by a fine-shift overlap-add method applied to source separation

using a time-frequency mask,” in Proceedings of the ICASSP 2005,

March 23–25, Philadelphia, PA, pp. 81–84.

Reddy, C. K. A., Gopal, V., and Cutler, R. (2020). “DNSMOS: A non-

intrusive perceptual objective speech quality metric to evaluate noise

suppressors,” in Proceedings of the ICASSP 2020, May 4–8, Barcelona,

Spain.

Reddy, C. K. A., Gopal, V., Cutler, R., Beyrami, E., Cheng, R., Dubey, H.,

Matusevych, S., Aichner, R., Aazami, A., Braun, S., Rana, P., Srinivasan,

S., and Gehrke, K. (2020). “The interspeech 2020 deep noise suppression

challenge: Datasets, subjective testing framework, and challenge results,”

in Proceedings of Interspeech 2020, October 25–29, Shanghai, China.

Rix, A. W. (2003). “Comparison between subjective listening quality and P.

862 PESQ score,” in Proceedings of MESAQIN’03, May, Prague, Czech

Republic.

Schoeffler, M., Bartoschek, S., St€oter, F.-R., Roess, M., Westphal, S., Edler,

B., and Herre, J. (2018). “webMUSHRA—A comprehensive framework

for web-based listening tests,” J. Open Res. Softw. 6, 8.

Schoeffler, M., St€oter, F.-R., Edler, B., and Herre, J. (2015). “Towards the

next generation of web-based experiments: A case study assessing basic

audio quality following the ITU-R Recommendation BS. 1534

(MUSHRA),” in Proceedings of the 1st Web Audio Conference, January

26–28, Paris, France, pp. 1–6.

Shen, J., Pang, R., Weiss, R. J., Schuster, M., Jaitly, N., Yang, Z., Chen, Z.,

Zhang, Y., Wang, Y., Skerry-Ryan, R. J., Saurous, R. A.,

Agiomyrgiannakis, Y., and Wu, Y. (2018). “Natural TTS synthesis by

conditioning wavenet on mel spectrogram predictions,” in Proceedings of
the ICASSP 2018, April 15–20, Calgary, Canada, pp. 4779–4783.

Sporer, T., Liebetrau, J., and Schneider, S. (2009). “Statistics of MUSHRA

revisited,” in Proceedings of the 127th AES Conference, October 9–12,

New York, NY, p. 7825.

St€oter, F.-R., Schoeffler, M., Edler, B., and Herre, J. (2013). “Human ability

of counting the number of instruments in polyphonic music,” J. Acoust.

Soc. Am. 133(5), 3366.

Studebaker, G. A., and Sherbecoe, R. L. (2002). “Intensity-importance

functions for bandlimited monosyllabic words,” J. Acoust. Soc. Am.

111(3), 1422–1436.

Taal, C. H., Hendriks, R. C., Heusdens, R., and Jensen, J. (2011). “An algo-

rithm for intelligibility prediction of time–frequency weighted noisy

speech,” IEEE Trans. Audio. Speech. Lang. Process. 19(7), 2125–2136.

Wang, D. (2008). “Time-frequency masking for speech separation and its

potential for hearing aid design,” Trends Amplif. 12(4), 332–353.

Wang, D., and Chen, J. (2018). “Supervised speech separation based on

deep learning: An overview,” IEEE/ACM Trans. Audio. Speech. Lang.

Process. 26(10), 1702–1726.

Wang, D., and Lim, J. (1982). “The unimportance of phase in speech

enhancement,” IEEE Trans. Acoust. Speech Signal Process. 30(4),

679–681.

Yi, G., Xiao, W., Xiao, Y., Naderi, B., Moller, S., Wardah, W., Mittag, G.,

Cutler, R., Zhang, Z., Williamson, D. S., Chen, F., Yang, F., and Shang,

S. (2022). “Conferencingspeech 2022 challenge: Non-intrusive objective

speech quality assessment (NISQA) challenge for online conferencing

applications,” in Proceedings of Interspeech 2022, September 18–22,

Incheon, Korea.

Yoho, S., Apoux, F., and Healy, E. (2018). “The noise susceptibility of vari-

ous speech bands,” J. Acoust. Soc. Am. 143, 2527–2534.

Zhang, Z., Williamson, D. S., and Shen, Y. (2020). “Investigation of phase

distortion on perceived speech quality for hearing-impaired listeners,” in

Proceedings of Interspeech 2020, October 25–29, Shanghai, China.

J. Acoust. Soc. Am. 155 (3), March 2024 Junyi Fan and Donald S. Williamson 1927

https://doi.org/10.1121/10.0025272

 09 April 2024 16:42:43

https://doi.org/10.1109/MSP.2014.2369251
https://doi.org/10.1016/0378-5955(90)90170-T
https://doi.org/10.1121/1.4820893
https://doi.org/10.1109/TASLP.2016.2585878
https://doi.org/10.1109/TASLP.2016.2585878
https://doi.org/10.1121/1.1498855
https://doi.org/10.1121/1.3184603
https://doi.org/10.1186/s13634-016-0306-6
https://doi.org/10.1109/TASL.2010.2045180
https://doi.org/10.1016/j.specom.2010.12.003
https://doi.org/10.1017/S1930297500002205
https://doi.org/10.5334/jors.187
https://doi.org/10.1121/1.4805760
https://doi.org/10.1121/1.4805760
https://doi.org/10.1121/1.1445788
https://doi.org/10.1109/TASL.2011.2114881
https://doi.org/10.1177/1084713808326455
https://doi.org/10.1109/TASLP.2018.2842159
https://doi.org/10.1109/TASLP.2018.2842159
https://doi.org/10.1109/TASSP.1982.1163920
https://doi.org/10.1121/1.5034172
https://doi.org/10.1121/10.0025272

