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ABSTRACT

Impaired speech intelligibility in motor speech disorders arising
due to neurological diseases negatively affects the communication
ability and quality of life of patients. Reliable and cost-effective
measures to automatically assess speech intelligibility are necessary
for the management of such disorders. In this paper, we propose
to automatically assess the intelligibility of pathological speech
based on short-time objective intelligibility measures typically used
in speech enhancement, which however require a reference signal
that is time-aligned to the test signal. We propose a method to
create an utterance-dependent reference signal of intelligible speech
from multiple healthy speakers. In order to assess intelligibility, the
pathological speech signal is aligned to the created reference signal
using dynamic time warping and the divergence between the two
signals is quantified using either the short-time or the spectral correlation. Experiments on databases of English and French patients
suffering from Cerebral Palsy and Amyotrophic Lateral Sclerosis
show that the proposed intelligibility measures can obtain a high correlation with subjective intelligibility ratings, outperforming several
state-of-the-art pathological speech intelligibility measures.
Index Terms— STOI, ESTOI, DTW, pathological speech intelligibility
1. INTRODUCTION
Dysarthria of speech results from disturbances of the muscular control on the movement mechanism necessary for the execution of
speech [1] and is a common symptom of several neurological diseases such as Cerebral Palsy (CP) or Amyotrophic Lateral Sclerosis (ALS). Dysarthria affects several components of the speech
production mechanism such as respiration, phonation, resonance,
articulation, and prosody, yielding an abnormal quality of speech
as well as a reduced intelligibility and communicative ability [2].
Speech intelligibility is an important clinical and social aspect in
the management of dysarthric speakers since it helps to characterize the severity of the speech disorder and functional communicative
performance [3]. The gold standard pathological speech intelligibility measure is based on subjective listening tests evaluating the
percentage of words correctly understood by human listeners. However, such a measure is labor-intensive, costly, and is also affected
by the listener’s familiarity with the patient’s speech disorder and
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by the contextual/linguistic cues available in connected speech [4].
Therefore, time-and cost-efficient automatic intelligibility measures
offering a repeatable and reliable assessment are desired. In the past
decade several approaches to the automatic estimation of pathological speech intelligibility have been proposed, which can be broadly
categorized into 3 categories, i.e., i) automatic speech recognition
(ASR)-based approaches, ii) acoustic modeling-based approaches,
and iii) feature-based approaches.
In ASR-based approaches, ASR systems are trained on large
databases of healthy speech signals and are used to replace human
listeners. Using a German ASR system, in [5–9] it is shown that
the word recognition rate for pathological speech is correlated to
the subjective intelligibility measure for patients suffering from different voice disorders, such as cancer of the oral cavity or head
and neck cancer. In addition to word recognition rate, frame-level
scores are used in [10], where an ASR system trained on Dutch
speech data is used for forced alignment of the speech with the target word. The drawbacks of such ASR-based approaches for automatic pathological intelligibility estimation are their complexity,
their need for a large amount of data, and unpredictability for severe patients [11]. Furthermore, for ASR systems in forced alignment mode, transcription or phonemicization of pathological speech
is additionally needed.
In acoustic modeling-based approaches, intelligibility is estimated based on the vectors representing the utterance in the acoustic
space, such as iVectors trained on an English database [11] or French
database [12]. In [13], the pathological acoustic models are characterized by maximum a posteriori (MAP) adaptation of a gaussian
mixture model (GMM) trained on German healthy speech [13]. The
acoustic model parameters are then used for intelligibility estimation
of patients with different voice disorders.
Finally, feature-based approaches typically refer to the blind assessment (not requiring any reference signal or other information
such as phone boundaries) of speech intelligibility by extracting several acoustic features such as pitch range or voiced frames percentage. Using feature selection and regression training, an intelligibility
measure is then derived [14–19]. In many of these approaches, rigorous validation strategies have not been followed. A fair leave-onesubject-out paradigm or a separate test and train set have not been
reported for feature selection or regression training, which may lead
to over-fitting and performance overestimation.
One of the objective intelligibility measures commonly used in
speech enhancement is the short-time objective intelligibility (STOI)
measure, which has been successful in estimating the intelligibility
of time-frequency (TF) weighted noisy speech [20–22]. Additionally, to estimate the intelligibility of speech contaminated by temporally modulated noise the extended STOI (ESTOI) has been proposed [23].

Motivated by the success of STOI and ESTOI, in this paper we
propose to use similar measures for pathological speech intelligibility assessment. However, direct application of such enhancement
objective measures in speech pathology is difficult, since they are
based on comparing time-aligned noisy and reference (clean) signals. While the pathological speech signal can be viewed here as
a noisy signal, the reference signal, i.e., the non-impacted and fully
intelligible version of the patients’ speech signal, is clearly not available. As a consequence, we propose to use dynamic time warping (DTW) [24] to create an utterance-dependent reference signal
from multiple healthy speakers. Furthermore, DTW is used to align
the pathological speech signal to the reference signal and intelligibility measures are computed based on the short-time or spectral crosscorrelation of the aligned signals. The motivation behind the resulting new measures, referred to as P-STOI or P-ESTOI, is that they
have a simple structure and they take speech perception and distortion into account. Experiments on two different databases of Frenchspeaking ALS patients and English-speaking CP patients show that
the proposed measures yield high correlations with subjective intelligibility scores, outperforming several state-of-the-art feature-based
approaches.

pendence between contributions of frequency bands to intelligibility and computes a spectral correlation instead of a temporal one.
To calculate ESTOI, all I consecutive TF-units in each band of the
clean and degraded representations are mean and variance normalized.The normalized TF-units are denoted by H̃j (i) and P̃j (i), with
i ∈ t, (t+1), ..., (t+I −1) . For each time frame, the linear correlation coefficient between J frequency bands is computed. An intermediate intelligibility measure, denoted by dE (t) for t ≤ T − I + 1,
is then computed as the average of the spectral linear correlation coefficients across I consecutive time frames. Finally, the ESTOI intelligibility measure, denoted by dE , is calculated as the average of
the intermediate measure over all frames, i.e.,
X E
1
d (t),
(3)
dE =
(T − I + 1) t
with
dE (t) =

1
I

X S
1
dj (t),
(T − I + 1)J j,t

(1)

with
dS
j (t) = s



Pj (i) − Pj (i)



i=t
t+I−1
P

,
Hj (i) − Hj (i)

i=t

2 t+I−1
P

Pj (i) − Pj (i)

2

i=t

(2)
where Hj (i) =

1
I

t+I−1
P

P̃j (i) − P̃j (i)


,

J
P

J
2 P
2
H̃j (i) − H̃j (i)
P̃j (i) − P̃j (i)

j=1

j=1

i=t

where H̃j (i) =

Hj (i) − Hj (i)



(4)

The STOI and ESTOI measures as defined in [20,23] require a clean
and a degraded speech signal, which are assumed to be time-aligned.
To estimate speech intelligibility, first one-third octave band analysis is applied to the TF representation of both clean and degraded
signals, yielding in total J one-third octave bands. We denote the
J × T -dimensional time-aligned one-third octave band representations of the clean and degraded signals as H and P, respectively,
with T being the total number of frames. TF-units are denoted by
Hj (i) and Pj (i), with j denoting the octave band index and i denoting the frame index.
In STOI, the intermediate intelligibility measure for the j th octave band, denoted by dS
j(t), is calculated from a region of I consecutive TF-units, with i ∈ t, (t+1), ..., (t+I −1) for t ≤ T −I +1.
Based on the energy of consecutive frames in H, local normalization
and clipping are applied to the corresponding frames in P. Local
normalization ensures that the energy of I consecutive TF-units of
both clean and degraded representations is equal, whereas clipping
ensures that the signal-to-distortion ratio (SDR) is lower bounded.
The intermediate intelligibility measure dS
j (t) is then computed as
the linear correlation coefficient between consecutive TF-units of
the clean and degraded representations. Assuming independent frequency band contributions to intelligibility, the final STOI intelligibility measure, denoted by dS , is obtained as the average of the
intermediate measure over all frequency bands and time frames, i.e.,
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3. PATHOLOGICAL INTELLIGIBILITY ASSESSMENT
USING P-STOI AND P-ESTOI
Pathological speech intelligibility is a measure of the influence of
the speech production deficit of a patient on a listener’s perceptual
understanding [25], with pathological and healthy speech being differently perceived. We hypothesize that quantifying the divergence
of a perceptual acoustic representation of pathological speech from
healthy (intelligible) speech yields a reliable pathological intelligibility assessment technique. In this paper, we propose to use the
simple perceptual acoustic representation used in STOI and ESTOI,
i.e., the previously described one-third octave band representation.
By computing either the short-time correlation or the spectral correlation between the octave band representations of a reference and
time-aligned test signal, two estimates of speech intelligibility can be
derived. For pathological intelligibility assessment, the test signal is
the pathological signal while a time-aligned (fully intelligible) reference signal is not available. In the following, the time alignment and
the method proposed to create utterance-dependent reference signals
are described.
3.1. Time alignment
Let Xs denote the J × M -dimensional octave band representation
of an utterance from speaker s, with M denoting the total number
of time frames. In addition, let xs (m) denote the representation at
time frame m, with m ∈ [1, . . . , M ]. Similarly, let Xp and xp (n)
denote the one-third octave band representations of the same utterance from another speaker p, with n ∈ [1, . . . , N ] and N being
the total number of time frames in Xp . The representations Xs and
Xp are typically not aligned (due to different speakers and speaking
rates) and are generally of different lengths, i.e., M 6= N . These
two representations are aligned through DTW, using a simple Euclidian distance as the cost function [24]. DTW finds T -dimensional
warping paths φs,p and φp,s , with T ≥ max[M, N ], such that the
warped representations Xs (φs,p ) and Xp (φp,s ) are point-to-point
aligned sequences.
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Fig. 1: Block diagram of the proposed pathological intelligibility
measures P-STOI and P-ESTOI. The reference representation (template) has been previously obtained from DTW-based clustering of
healthy speaker templates (after 1/3-octave band TF analysis). A
test (possibly pathological) utterance is then compared by DTW to
the reference template to estimate temporal and spectral correlations, which are then used to calculate the P-STOI and P-ESTOI
intelligibility measures (according to (1) and (3)).
3.2. Utterance-dependent reference representations
For each considered utterance, a healthy speaker r is randomly selected, with r ∈ {1, . . . , R} and R being the total number of
healthy speakers. Using DTW, the octave band utterance representation Xr is separately time-aligned with the representations from all
remaining speakers. For each frame in Xr , we extract all frames
mapped to it by DTW from the representations of all remaining
speakers. The representation for each reference frame is then created by taking the mean of all extracted aligned frames. The reference template for the considered utterance is then simply obtained
by concatenating all reference frames so obtained.
It should be noted that using such an approach results in a reference representation that has the same length as the initial randomly
selected representation Xr . Our experimental results suggest that
the computed P-STOI and P-ESTOI measures are not sensitive to
the selected initial reference representation. In addition, our experimental results (not presented here due to space constraints) suggest
that it is beneficial to use gender-specific reference representations,
i.e., reference templates constructed using only healthy male (female) speakers when evaluating the intelligibility of male (female)
patients. However, if the number of available healthy speakers is too
small, it is more beneficial to use all speakers and create a single
reference representation for both male and female patients.
3.3. Intelligibility assessment
To assess intelligibility, the one-third octave band representation for
the considered test utterance is computed and aligned to the created
reference template using DTW, with Euclidian distances as local
scores. Due to different speaking rates, the aligned representations
will obviously have repeated frames, i.e., after alignment, the shorter
representation is likely to be expanded by repeating several frames.
In [26], it was shown that for diseases such as CP and ALS, the
speaking rate did not show a high correlation with speech intelligibility. However, the repeated frames in the reference or patient representation will clearly affect the computed intelligibility measures.
To discard the differences in speaking rates, these repeated frames
are removed before computing the intelligibility measures. Denoting the TF-units of the aligned healthy reference and pathological
test representations (with repeated frames discarded) as Hj (t) and
Pj (t), P-STOI and P-ESTOI are computed using (1) and (3), respectively. P-STOI captures the impact of temporal distortions in
the pathological speech on speech intelligibility whereas P-ESTOI
focuses on the impact of spectral distortions.
The block diagram of the resulting pathological speech intelligibility measures P-STOI and P-ESTOI is illustrated in Figure 1.

4. EXPERIMENTAL RESULTS
In this section, the precision of the proposed P-STOI and P-ESTOI
measures, as well as their generalisation properties across languages
and neurological diseases are investigated here on French-speaking
ALS patients and English-speaking CP patients. In addition, the proposed measures are compared to state-of-the-art feature-based measures proposed in [18]. The databases used are presented in Section 4.1, whereas the state-of-the-art feature-based measures and the
evaluation criteria are presented in Section 4.2. Finally, the obtained
results are presented and discussed in Section 4.3.
4.1. Databases
For evaluating the intelligibility of English-speaking CP patients we
consider the Universal Access database [27]. Similarly to [18], 10
CP patients with spastic dysarthria (7 males, 3 females) are used
for these experimental results, with subjective intelligibility scores
ranging from 2% to 95%. For creating the reference representations,
13 healthy speakers (9 males, 4 females) are considered. Each patient and each healthy speaker read 763 isolated utterances, with a
7-channel microphone array used for the recordings. For the automatic intelligibility assessment, the recordings of the 5th channel
have been considered. In order to extract speech-only segments, an
energy-based voice activity detection (VAD) [28] has been used. Details on the database and the conducted subjective intelligibility test
can be found in [27].
For evaluating the intelligibility of French-speaking ALS patients we consider recordings of 10 ALS patients (5 males, 5 females) from the University of Geneva and of 41 healthy speakers
(19 males, 22 females) from the University of Paris III. The data
has been recorded based on the MonPaGe speech screening protocol [29]. For the automatic intelligibility assessment, recordings
of 49 utterances from all patients and healthy speakers have been
considered. Manual VAD has been used to extract speech-only segments. For the subjective intelligibility assessment, the intelligibility
module of the MonPaGe protocol is followed, where each patient is
asked to utter 14 sentences containing 14 target words randomly selected from a list of 437 words. Six French native speakers with no
prior experience with pathological speech were recruited to listen to
the recorded sentences via headphones in a quiet environment and
transcribe the target words. Listeners were allowed to listen to the
sentences multiple times if desired. Subjective intelligibility scores
were obtained based on the number of target words correctly understood by the listeners for each patient. The final subjective intelligibility score for each patient was computed as the average of the
percentage of correctly understood target words across all listeners.
The average intra-listener agreement for all words is 90.76%. The
obtained subjective intelligibility scores of the patients range from
36% to 100%. It should be noted that only 2 patients have a subjective intelligibility score lower than 40%, with the remaining patients
having a similar score that is higher than 90%.
4.2. State-of-the-art measures, evaluation, and settings
In order to compare P-STOI and P-ESTOI to the state-of-the-art
measures, we consider several measures which have been shown to
yield a high correlation with subjective intelligibility scores in [18],
i.e., the kurtosis of the linear prediction residual KLP , the standard
deviation of the zeroth order delta coefficient σ∆ , the voicing percentage %V, the range of the fundamental frequency ∆f 0 , and the
low-to-high modulation energy ratio (LHMR). KLP aims at characterizing vocal source excitation atypicality, σ∆ aims at characteriz-

ing short-term temporal dynamics, %V and ∆f 0 aim at characterizing disordered prosody, and LHMR aims at characterizing long-term
temporal dynamics. Before computing these measures, the VADs
described in Section 4.1 have been used. The linear prediction residual and the voicing percentage have been computed using Praat [28],
σ∆ and ∆f 0 have been computed using the Speech Signal Processing Python package [30], and LHMR has been computed using [31].
It should be noted that the used VAD and all implementation details
for the different measures have not been reported in [18], hence, they
might be different from the ones used in this paper.
To evaluate all considered measures, we use the Pearson correlation coefficient (R) and the Spearman rank correlation coefficient (Rs ) between the automatically estimated intelligibility (as the
mean across all considered utterances) and the subjective intelligibility scores. In addition, the p-values (significance analysis) for both
correlation coefficients are also presented.
To compute P-STOI and P-ESTOI, the TF analysis is performed
using a 32 ms Hamming window with an overlap of 50%. The number of consecutive frames I considered for the correlation is 15 and
the number of one-third octave bands J is 15. Furthermore, in PSTOI, the SDR is lower-bounded by −15 dB.
Computing our intelligibility measures requires selecting an initial reference representation Xr (cf. Section 3), which might affect
the final computed intelligibility scores. To analyze the sensitivity of
the computed intelligibility measures, we repeat the process of creating a reference representation and of computing the final intelligibility scores using a different healthy speaker for the initial reference
representation.
The presented correlation analysis for P-STOI and P-ESTOI are
the mean and standard deviation of the correlations obtained for different reference representations. In addition, the presented p value is
the maximum p obtained for different reference representations (i.e.,
the worst-case performance in terms of significance analysis).
4.3. Intelligibility assessment of dysarthric speech
Table 1 presents the correlation values R and Rs along with the
corresponding p values for all considered measures and databases.
The bold entries in the table indicate significant correlations, i.e.,
p < 0.05. Overall it can be observed that the proposed P-STOI
and P-ESTOI measures achieve a high and significant Pearson correlation with the subjective intelligibility scores for both the CP
(R = 0.90 and R = 0.95, p < 0.05) and ALS (R = 0.87 and
Table 1: Performance of the proposed and state-of-the-art measures
on the English CP and French ALS databases.
Measures
P-STOI
P-ESTOI
KLP
σ∆
%V
∆f 0
LHM R
P-STOI
P-ESTOI
KLP
σ∆
%V
∆f 0
LHM R

R

p
RS
English CP database
0.90 ± 0.004
5e−4
0.82 ± 0.002
0.95 ± 0.004
4.3e−5
0.91 ± 0.000
0.41
0.23
0.42
0.45
0.20
0.51
-0.40
0.25
-0.58
-0.70
0.02
-0.61
-0.55
0.09
-0.54
French ALS database
0.87± 0.012
2e−3
0.37 ± 0.004
0.95± 0.006
5.6e−5 0.43 ± 0.033
0.12
0.74
0.05
0.76
0.01
0.48
-0.90
2e−4
-0.60
0.19
0.58
0.05
-0.69
0.03
-0.46

p
7e−3
2e−4
0.23
0.13
0.08
0.06
0.10
0.33
0.32
0.88
0.16
0.06
0.88
0.18

R = 0.95, p < 0.05) databases. In addition, both measures achieve
a high and significant Spearman correlation for the CP database
(RS = 0.82 and RS = 0.91, p < 0.05), while the Spearman correlation coefficients for the ALS database are not statistically significant (p > 0.05). This suggests that there is not enough evidence
to conclude that there is a monotonic relationship between the estimated and subjective intelligibility scores of the ALS patients. The
low Spearman correlation for the ALS patients can be attributed to
the highly skewed distribution of the subjective intelligibility scores
for these patients, with 2 patients having similar subjective intelligibility scores lower than 40% and the remaining 8 patients having a
similar subjective intelligibility score larger than 90%.
Comparing the performance of P-STOI to P-ESTOI, it can
be observed that P-ESTOI yields the best performance on both
databases, suggesting that taking into account the different contribution of different frequency bands is beneficial for pathological
speech intelligibility assessment.
Comparing the proposed measures to the considered state-ofthe-art measures, it can be observed that using P-STOI and P-ESTOI
yields high correlations for both databases (i.e., for both considered
languages and diseases), whereas the other considered measures either yield a significantly high correlation only for one of the considered databases (e.g., %V, ∆f 0 , and σ∆ ) or yield a low correlation for
both databases (e.g., KLP ). The fundamental advantage of P-ESTOI
and P-STOI over the other feature-based measures is that they rely on
comparing a perceptual representation of the pathological speech to
a reference perceptual representation of intelligible (healthy) speech,
resulting in a high performance independently of the language or of
the neurological disease.
Finally, it should be noted that the correlation values of the stateof-the-art measures on the CP database reported in Table 1 are not
the same as the ones reported in [18]. This might be due to differences in the used VAD or in the implementation of the considered measures as described in Section 4.2. However, even when
considering the correlation values reported in [18], P-ESTOI and PSTOI show improvements of up to 7%, 10% and 2%, 1% in Pearson
and Spearman correlation over the best performing measure in [18].
It should however be mentioned that while the proposed P-STOI
and P-ESTOI measures are reference-based measures, the considered state-of-the-art measures from [18] do not require a reference
signal. Hence, in the future, we also aim to compare P-STOI and
P-ESTOI to other reference-based measures.

5. CONCLUSION
Extending over the usual STOI and ESTOI intelligibility measures
(where a reference signal is supposed to be available), we have proposed here the P-STOI and P-ESTOI measures to automatically assess pathological speech intelligibility. These measures rely on creating an utterance-dependent reference representation in one-third
octave bands from healthy speakers. Intelligibility measures are then
computed by quantifying the divergence of the pathological speech
representation from the reference representation in terms of either
the short-time or the spectral correlation. Experimental results on
databases of English CP and French ALS patients have shown that
P-STOI and P-ESTOI obtain a high correlation with subjective intelligibility scores, also yielding a higher correlation than several stateof-the-art measures. By relying on a reference representation created
from multiple healthy speakers, P-STOI and P-ESTOI show a high
performance, independently of the language or of the neurological
disease.
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