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Abstract
The noise influence to speech signal waveform can be 
characterized by reduced speech dynamic range (rDR). This 
motivated the present work to propose an rDR-based 
intelligibility measure (denoted as rDRm) that could be used 
to non-intrusively (i.e., do not require clean reference speech 
signal) predict speech intelligibility in noise and is computed
only using the dynamic range extracted from the noise-
corrupted speech. The rDRm indices were evaluated with 
intelligibility scores obtained from normal-hearing listeners 
presented with sentences corrupted by four types of maskers in 
a total of 22 conditions. High correlation (r=0.93) was 
obtained between rDRm values and listeners’ sentence 
recognition scores, and this correlation was comparable to 
those computed with existing intrusive and non-intrusive 
intelligibility measures. This suggests that the dynamic range 
of speech signal may work as a simple but efficient predictor 
of speech intelligibility in noise, whose computation does not 
need access to the clean reference speech signal.

Index Terms: Speech intelligibility, intelligibility prediction,
speech dynamic range.

1. Introduction

Human listening experiment plays an important role in speech 
perception studies, e.g., designing novel noise-suppression 
algorithms, developing intelligibility prediction model, etc. 
However, listening experiments are a time-consuming process 
requiring a large amount of manpower and experimental cost. 
To address these limitations, objectively predicting speech 
intelligibility has long attracted attention in this field. The 
intelligibility model may improve our understanding of the 
interaction between objective acoustic cues or environmental 
influences (e.g., noise and reverberation) and subjective 
speech recognition performance, and could potentially guide 
our design of novel speech processing strategies, for example, 
see [1-6]. Hence, a number of research efforts have been 
directed to the design of reliable intelligibility indices [2-5].
Unfortunately, due to the complexity of listening conditions, 
we still have many challenges, and one challenge is the 
development of non-intrusive intelligibility index.

While a large number of speech intelligibility indices have 
been developed, most of them are primarily intrusive in their 
computations [2-5]. In other words, a clean probe or reference 
signal is required when computing the intrusive intelligibility 
index, e.g., the well-known speech-transition index (STI). The 

fundamental principle of these intrusive indices is to compute 
an apparent signal-to-noise ratio (SNR). This apparent SNR 
may take various definitions in different intelligibility indices. 
For instance, the normalized covariance was used in the 
normalized covariance measure (NCM), which is a speech-
and STI-based intelligibility index [3], and the apparent SNR 
was defined with the normalized spectrum coherence between 
clean reference signal and noisy speech signal [2]. Though 
these intrusive intelligibility indices successfully model
subjective speech recognition performance in many listening 
environments (e.g., in noise and in reverberation), their 
computations require clean reference signal which may not 
exist in many application scenarios. Hence, lacking clean 
reference signal may limit the applicability of these intrusive 
intelligibility indices.

There are a few known measures that can predict non-
intrusively or blindly (i.e., with no access to the reference 
signal) speech intelligibility, e.g., SRMR (speech-to-
reverberation modulation energy ratio), ModA (modulation-
spectrum area), and ABECm (across-band envelope 
correlation metric) [7-10]. Falk et al. proposed the non-
intrusive measure SRMR for predicting the subjective quality 
of reverberant and dereverberated speech [7-8]. The SRMR 
measure was implemented in the modulation spectrum domain 
and evaluated on tasks of predicting the effects of coloration, 
reverberation tail and overall quality. In addition to quality 
assessment, the SRMR measure was also assessed indirectly 
for intelligibility prediction by correlating the output of other 
STI-based measures with the output of SRMR measures. Chen 
et al. developed a non-intrusive intelligibility index (i.e., 
ModA) for predicting the intelligibility of reverberant speech 
[9]. The ModA index was rooted in basic principles of STI 
theory. In general, STI predicts that intelligibility drops with 
reduction in speech envelope modulations, irrespective of the 
nature of that reduction, i.e., whether it is caused by additive 
(steady) noise or reverberation. The non-intrusive ModA 
measure was found to successfully predict the intelligibility of 
reverberant speech. Recent psychoacoustic studies have found 
that across-band envelope correlation (ABEC) carries
important information for speech intelligibility. This 
motivated the development of an ABEC-based intelligibility 
measure that could be used to non-intrusively predict speech 
intelligibility in noise using only temporal envelope 
waveforms extracted from the noise-corrupted speech [10].
The ABECm value was computed by averaging the correlation 
coefficients of mean-removed envelope waveforms from 
adjacent frequency bands of the noise-corrupted speech, and 
was found to well predict the intelligibility of speech in noise.
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Figure 1. (a) Example waveform of a clean sentence, and (b) its relative RMS energy expressed in dB relative to the overall RMS 
level of the whole utterance.
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Figure 2. Dynamic range in dB as a function of SNR level.
DRs are computed from 10 sentences, and the masker signal 
is a speech-spectrum shaped noise.

The purpose of this study is to design a new non-intrusive 
intelligibility index for predicting the intelligibility of speech 
in noise. The proposed measure was motivated by the effect of 
noise interference in reducing speech dynamic range [11].
Acoustic analysis has showed that adding noise to speech 
signal may reduce its dynamic range (DR, see DR definition 
and example in Section 2), and this reduced dynamic range of 
speech in noise occurs in accordance with reduced speech 
intelligibility. Therefore, the present work developed a
reduced dynamic range based intelligibility index for noisy 
speech, and assessed its performance for non-intrusively 
modelling the intelligibility of noise-corrupted speech.

2. Reduced dynamic range based 
intelligibility index

The proposed reduced speech dynamic range based 
intelligibility metric is computed as below. The noise-
corrupted speech signal is divided into short (e.g., 16-ms) non-
overlapping segments, and the root-mean-square (RMS) level 
of each segment is computed and further divided by the 
overall RMS level of the whole sentence. This will generate 
the relative-RMS-level waveform [2], as demonstrated in Fig. 
1 (b). The speech dynamic range is defined as the difference 
between the maximum value and minimum value in the 
relative-RMS-level waveform in Fig. 1 (b). Figure 2 shows an 
example of noise influence to speech dynamic range. It is 
observed that the dynamic range of noisy speech signal varies 
in accordance with the SNR level. Note that Fig. 2 shows the 
dynamic range in response to a speech-spectrum shaped noise
(SSN). Similar trends can also be observed for other types of 
masker signals.

3. Methods

3.1. Subjects and materials
A total of 8 normal-hearing (NH) subjects (age ranged from 
18 to 27 yrs) participated in the listening tests to collect 
subjective intelligibility scores. All subjects were native 
speakers of American English, and were paid for their 
participation.

IEEE sentences were used as test material [12]. All 
sentences were produced by a male talker, and were taken 
from the CD in [1]. The masker signals included SSN, and 
three real-world recordings from different places: babble, car, 

and street. The sentences and four maskers were sampled at 25 
kHz. Segments randomly selected from the maskers were 
added to the IEEE sentences at 10, –5, –3, 0 and 5 dB for 
babble masker, –15, –10 and –5 dB for car masker, –15, –10, –
7, –5, –3, 0 and 5 dB for SSN masker, and 15, –10, –7, –5, –
3, 0 and 5 for street masker. The SNR levels were selected
based on pilot data collected from one subject to avoid ceiling 
and floor effects.

3.2. Procedure
The noise-corrupted sentences were presented binaurally to 
the listeners in a double-walled sound-proof booth via a 
circumaural headphone at a comfortable listening level 
(selected by the listeners). Each testing cost less than one hour 
and there was a 5-minute practice session performed before 
the actual test to familiarize the participants with the testing 
procedure. Twenty IEEE sentences were used for each 
condition, and none of the sentences were repeated. NH 
listeners participated in a total of 22 test conditions (=5, 3, 7 
and 7 SNR levels for babble, car, SSN and street maskers, 
respectively). The test condition order was randomized across 
subjects, and subjects were given a 5-min break every 30 
minutes of testing to avoid fatigue. The intelligibility score for 
each condition was computed as the ratio between the number 
of the correctly recognized words and the total number of 
words contained in each condition.
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Table 1. Correlation coefficients (r) between sentence recognition scores and the intelligibility measures examined in this study.

Non-intrusive Intrusive
rDRm ABECm ModA SRMR NCM CSIImid

r 0.93 0.96 0.93 0.91 0.91 0.95
N – 16 4 23 16 16

fcut (Hz) – 20 10 2–20 20 –
weight across 

bands
– 1/(N–1) 1/N – 1/N ANSI

[13]
b1 0.8 20.7 8.7 15.4 19.9 3.7
b2 7.7 9.3 3.9 3.2 4.0 4.1
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Figure 3. Scatter plot of listeners’ sentence recognition 
scores against the dynamic range values.
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Figure 4. The correlation coefficient of rDRm-based 
intelligibility prediction as a function of segment duration.

4. Results

For the purpose of comparison, this study also predicted the 
intelligibility of the noise-corrupted speech by using two 
commonly-used intrusive measures, i.e., the NCM measure [3]
and the middle-level coherence-based speech intelligibility 
index (CSIImid) [2]. The underlying hypothesis of the intrusive 
intelligibility measures was that measures assessing temporal-
envelope (i.e., NCM) or spectral (i.e., CSIImid) distortion 
should correlate highly with the intelligibility of noise-
corrupted speech. Earlier studies found that the NCM and 
CSIImid measures well predicted the intelligibility of noise-
corrupted and/or noise-suppressed sentences [4]. The subscript 
‘mid’ in CSIImid means that the CSII measure is computed by 
using only mid-level region consisting of segments ranging 
from the overall RMS level to 10 dB below (i.e., RMS–10 dB). 
More details regarding the definition and implementation of 
the NCM and CSIImid measures can be found in [4]. Note that 
these two measures need access to the clean reference signal 
to predict speech intelligibility.

The average intelligibility scores obtained by NH listeners 
were subjected to correlation analysis with the corresponding 
values computed by the previously mentioned intelligibility 
measures. More specifically, correlation analysis was 
performed between the mean (across all subjects) 
intelligibility scores obtained in each of the 22 test conditions 
and the corresponding mean (computed across the 20 
sentences in each condition) intelligibility index values 
obtained in each condition. The Pearson’s correlation 
coefficient (r) was used to assess the performance of the 
intelligibility measures to predict intelligibility scores in noise.
Table 1 shows the correlation coefficients between subjective
intelligibility scores and the rDRm, ABECm, ModA, SRMR, 
NCM and CSIImid measures. More details on computing the 
ABECm, ModA, SRMR, NCM and CSIImid measures can be 
found in [2, 3, 7, 9, 10]. It is seen that the rDRm indices well 
predict intelligibility scores, i.e., r=0.93. Note that N, fcut and 
weight across bands are parameters used in computing 
intelligibility indices. For instance, N and fcut denote the 
number of spectral bands and low-pass cut-off frequencies to 
extract multi-band temporal envelope waveforms, and each 
channel is weighted by a band-importance function.

Figure 3 shows the scatter plot of listeners’ sentence 
recognition scores against the DR values. A logistic function 
was used to map the DR (and other index) values to sentence 
intelligibility scores, as:

1 2( )

1 100,
1 b index by

e� � �� �
�

(1)

where y is the mapped intelligibility score in percentage, and 
(b1, b2) are the fitting parameters. Table 1 also provides the 
values of the resulting fitting parameters [b1 and b2 in Eq. (1)] 

of the logistic transfer functions used to correlate intelligibility 
measures to sentence recognition scores. 

It is observed in Table 1 that the prediction correlation of 
the rDRm index is comparable to those computed with the two 
intrusive intelligibility indices (i.e., 0.91 and 0.95 for the 
NCM and CSIImid measures, respectively); however, the 
computation of the rDRm index does not need access to clean 
reference signal. The prediction correlation of the rDRm index
is also comparable to those computed with the three existing
non-intrusive intelligibility measures, i.e., ABECm, ModA 
and SRMR.
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Further analysis was done to assess the influence of 
segment duration [i.e., in computing the relative-RMS-level
waveform, see Fig. 1 (b)] on the prediction power of the 
rDRm index. The rDRm-based intelligibility prediction 
correlation coefficients were computed with segment duration 
from 8 to 110 ms. It is seen in Fig. 4 that the largest 
correlation coefficient is obtained with segment duration 16 
ms (i.e., the value used in Table 1 and Fig. 3). The correlation 
coefficients decrease when using long segment duration to 
compute dynamic range.

5. Discussion and conclusions

Speech perception studies have shown that many acoustic cues
of speech signal are important predictor of speech 
intelligibility in noise. Hence, many studies designed non-
intrusive intelligibility indices by using those important 
acoustic cues. For instance, the ModA index was developed
based on the fact that adding noise to speech signal causes a 
reduction in modulations across all modulation frequencies [9]. 
Healy et al. found that when the correlations between the 
temporal envelopes of the speech signal were calculated, the 
rate at which the correlation fell closely matched the rate at 
which intelligibility fell for NH listeners [14]. This motivated
the development of the ABECm index. The present work used
the findings from speech perception studies that adding noise 
to speech signal leads to reduced speech dynamic rage and 
intelligibility score. Therefore, the development of most non-
intrusive intelligibility indices were supported by findings 
from subjective speech perception studies, which not only 
improved our knowledge on the importance of various 
acoustic cues for speech intelligibility, but also guided our 
design of non-intrusive intelligibility index.

Note that many studies (including the present work) 
assessed the performance of non-intrusive intelligibility
prediction for speech in noise, and obtained good prediction 
performance (see Table 1). Generally speaking, when noise 
signal is used to additively corrupt clean speech signal, this 
process does not contain much nonlinear distortion. Compared 
with many other speech corruption processes containing 
nonlinear distortion (e.g., by noise-suppression [1, 4]), this 
noise influence process is relatively simple. Hence, many non-
intrusive intelligibility indices (e.g., ModA, ABECm and 
rDRm) well predict the intelligibility of speech in noise. When 
speech is subjected to nonlinear processing, most present 
intelligibility indices fail to successfully predict speech 
intelligibility, for example, see [4]. The present study also 
evaluated the rDRm index to predict the intelligibility scores 
of noise-corrupted speech processed through noise-
suppression algorithms. The noise-suppressed sentences and 
their intelligibility scores were extracted from [4]. Briefly, 
masker signals including the real-world recordings from four 
different places: speech babble, car noise, street noise, and 
train noise were artificially added to the IEEE sentences at 0 
and 5 dB SNR levels. The intelligibility scores obtained from 
the NH listeners in a total of 72 conditions (including 8 noise-
suppression algorithms) were used to evaluate the predictive 
power of the rDRm index. It was found that the rDRm-based 
correlation coefficient was r=0.15, suggesting that the rDRm
index was unable to well account for the intelligibility 
variance of speech containing nonlinear distortion.

In conclusion, an intelligibility index (i.e., rDRm) 
requiring no access to the clean reference signal was 
developed for predicting the intelligibility of speech in noise 
in this study. Analysis of the data indicated that a high 

correlation (r=0.93) was obtained between rDRm values and 
listeners’ intelligibility scores in a total of 22 conditions, and 
the intelligibility prediction performance of the rDRm index
was comparable to those of existing intrusive and non-
intrusive intelligibility indices examined in this study. The 
findings in this study suggest that dynamic range, reflecting 
the influence of additive noise to clean speech signal, can be 
used as a simple but efficient non-intrusive predictor of speech 
intelligibility in noise.
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