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Abstract

guage learners’ fluency [15, 16].
The following pages give an insight on how the automatic
algorithms initially intended to be used on Czech stuttering
recordings perform when applying them on German stuttering
recordings. One standard measure and four automatic measures
of disfluency are introduced and their results are discussed.
Questions, we would like to answer, were: Are the measures
able to describe the level of speech fluency in different languages? If yes, how good they are? Is it possible to classify
fluent and disfluent recordings?

The paper describes experiments where automatic acoustic algorithms initially intended to be used on Czech stuttering speakers were applied on recordings of German stuttering speakers. Four algorithms based on voice activity and abrupt spectral
changes detection are introduced. The database consists of 34
speakers. The measure, the number of abrupt spectral changes
in speech segments, reached a correlation with fluency rating
of 0.85. The other measures have also good agreement with
subjective evaluation. Results indicate that it could be basically
possible to do language–independent analysis of stuttering, here
demonstrated on read recordings of German speakers.
Index Terms: automatic algorithms, stuttering, disfluency,
Czech, German, language–independent

2. Database
The database in this experiment contains 34 recordings – 16
signals of stuttering speakers, 18 recordings of speakers who do
not have problems with fluency. All the subjects are males and
German native speakers. All participants read the same phonetically rich text ”Nordwind und Sonne” (North Wind and Sun).
The text is 108 word long and the average duration of reading is
62.5 s (±SD, 26.1 s). The number of disfluencies is known for
each recording and constitutes the subjective evaluation. The
stuttering part of the database was used in the research experiment published in [12].

1. Introduction
Stuttering belongs to speech fluency disorders and is characterised by symptoms, namely repetitions (of sounds, syllables,
word parts, words, or phrases), prolonged sounds, interjections,
revisions, incomplete phrases, and broken words [1]. Each patient has her/his individual symptoms. The disorder also affects
the psychological and social state of a person [2]. Clinical experts, e.g. stuttering therapist and phoneticians, evaluate the
performance of a speaker to get an overall view on the disorder. Correct assessment of the disorder and its follow-up treatment are very difficult tasks. Several stuttering scales have been
described, for instance, the Lidcombe Behavioral Language of
Stuttering [3] and the Stuttering Severity Index [4], but there
has also been a need for an automatic and objective method.
Such a method could help with diagnosis, choice of treatment
approach, evaluation of treatment progress, or speakers’ home
evaluation [5, 6].
The symptoms of stuttering may be evaluated in audio
recordings to determine the degree of the speech disorder.
Acoustical methods have been employed for objective analysis of stuttered speech. Some of researches focused on phoneme
duration [7], rate of speech (manually measured) [8, 9], formant
frequencies [10], fundamental frequency and voice onset time
[11]. For the purpose of evaluation, methods based on speech
recognition can be also successfully utilized [12]. An approach
to different speech problems can be found as an inspiration for
automatic analysis of stuttering, for example, Parkinson’s disease [13], children’s articulation disorder [14], or second lan-
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3. Algorithms
The measurements were designed to take into account symptoms of stuttering and disfluent speech. They were originally
proposed to be used for Czech stuttering speakers but they do
not take specifics of the Czech language into account. The list
of all measures is given in Table 1. The measures use voice
activity detection and detection of abrupt spectral changes.
The measures are based on the assumption that the prosody
of stutterers’ speech is different from fluent speech. For example, subjects suffering from stuttering have a slower speech
rate than fluent speakers do [8, 9] and that the speech rate and
pauses can discriminate the speech of stutterers from that of
nonstutterer [17].
The first measure is the average length of silence (ALS). It
is based on the voice activity detection (VAD) and assumes that
subjects with stuttering have more and/or longer silence and
pauses in speech than healthy subjects do, study [17] indicate
that pauses are potential perceptual cues for listeners attempting to discriminate the speech of stutterers from that of nonstutterers. When the positions of speech/silence parts is known
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Table 1: List of the measures.
measure
average length of silence (ALS)
extent of speech fluency (ESF)
spectral changes in short interval (SCSI)
number of spectral changes in speech segments (NSI)

description
average duration of silent parts identified by voice activity detector
number of abrupt spectral changes
average number of abrupt spectral changes in short time windows
number of abrupt spectral changes included in speech segments

nificant spectral changes which are higher than the threshold
and within speech segments, then divided by the length of the
recording (analogy with the speech rate). A very important part
of the NSI algorithm is successive removal of short speech segments (similar to the measure ALS). The time limit used in this
experiment were from 100 up to 1500 ms in regular intervals.
The measures NSI and ESF should highly coincide with the rate
of speech measured as phonemes/time.
A more detailed description of the measures is given in [20]
where experiments on read stuttering recording of Czech speakers are carried out.

the average duration of silent parts can be computed. The more
disfluent a signal is, the more and/or longer pauses appear and
the ALS increases. The value of ALS rises with the level of the
disorder. To make the difference between fluent and disfluent
speech more perceptible, an innovative procedure was added to
the algorithm. Short speech parts, e.g. repetitions, superfluous verbal behavior, and parts of incorrectly pronounced words,
could be removed by this method and the amount of silence
increases in a speech signal after taking them out. The procedure uses successive removal of short segments of speech and
silence in regular intervals from 100 up to 1500 ms. The removal threshold is subject of finding the most appropriate setting.
Three remaining measures are based on the detection of
abrupt spectral changes (ACs). The significant abrupt spectral changes found in a speech signal should correspond to the
phoneme boundaries in the signal. The Bayesian autoregressive
changepoint detector (BACD) identifies abrupt spectral changes
in this experiment. The detector is based on the analytical solution of the changepoint problem between two autoregressive
models [18]. Its detailed description is given in [19]. Firstly, all
spectral changes are found in a signal. Followed by selection
of those which proved to be significant and correspond to the
phoneme boundaries. To distinguish among significant and less
significant ACs, a threshold determined as a fraction of the k-th
highest maximum in the BACD output is used (the height of the
maximum play important role in this selection). The fraction
value (multiplication constant) and the rank of maximum are
subjects of finding the most appropriate setting. After the identification the procedures of particular measures start to differ.
The extent of speech fluency (ESF) counts the number of
those significant ACs which are higher than the threshold (correspond to phoneme boundaries). The number of ACs is divided
by the duration of the speech signal (analogy with the speech
rate). The ESF assumes that the disfluent speakers speak slower
(have a lower number of phonemes) than fluent speakers do [8].
In other words, the more disfluent the signal is the less ACs is
found in the signal.
The spectral changes in short interval (SCSI) assumes
that the speech of fluent speakers is more steady and regular,
while on the contrary, stuttering speakers interrupt speech with
pauses, repetitions, prolongations. In the terms of the time distribution of ACs, there could be differences. If the BACD output
of a disfluent signal is sequentially processed by a window (the
tested length of window was 1, 2, and 4 s with half overlap),
the number of significant ACs in each segment would vary a lot
over time and in many cases be zero, when there is no speech
there are no ACs, the average number of changes in window
would be smaller. Conversely, the number of ACs in the window for healthy speakers could be more stable and regular, and
the average value should be higher.
The third measure, the number of spectral changes in
speech segments (NSI), makes the same assumption as the ESF.
It combines the BACD and VAD. The algorithm looks for sig-

4. Results
To evaluate the performance of the algorithms on German recordings, Pearson’s correlation and statistical analysis
ANOVA are utilized. The measures are compared to the number of disfluencies in utterance (subjective evaluation). The total
reading time (RT) – the duration of recording in second, a standard measure used to evaluate pathological speech [21, 22], is
added and its results are displayed along with others.
First, the correlation between settings of the measures and
the subjective evaluation are presented. These are ALS, ESF,
SCSI, and NSI in Tables 2, 3, 4, and 5, respectively. The
measures reveal good agreement with the subjective evaluation.
The ALS (settings 900 and 1000 ms) reached the correlations
of 0.81. The ESF has the worst performance of all measures,
the highest coefficient was 0.6, achieved by several settings of
the algorithm. The moderate correlations are recognized with
the SCSI. Many settings have a correlation coefficient of about
0.65, with the best performance at 0.72. The combination of
spectral changes and voice activity detection brings the best results. The measure NSI exceeded with several settings a correlation of 0.8, with the highest at 0.85. The standard measure RT
reached correlation 0.89, the highest in this study.
The range of values (mean and standard deviation) of each
algorithm is given in Table 6 for two groups (0 - without any
sign of stuttering or fluent, 1 - subjects with stuttering). The
typical values are followed by the results of the ANOVA analysis.
The ALS and comparative RT increase with the level of fluency disorder, on the other hand all the BACD-based measures
decrease with the level of speech fluency disorder.
According to the best performance (highest correlation) the
algorithm settings were selected to be presented in ANOVA
analysis.
• ALS, time threshold for successive removal 900 ms;
• ESF, multiplication constant 0.1, k = 2;
• SCSI, multiplication constant 0.1, k = 2, window length
2 s;
• NSI, multiplication constant 0.1, k = 2, threshold for successive removal 900 ms.
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Table 2: Pearson’s correlation for all settings of the ALS in
comparison to the number of disfluencies (subjective evaluation), setting of the measure: the time threshold for successive
removal.
setting [ms]
100
150
200
300
400
500
700
800
900
1000
1100
1200
1300
1400
1500

Table 4: Pearson’s correlation of the SCSI in comparison to
the number of disfluencies (subjective evaluation), setting of the
measure: k-th highest maximum, multiplication constant, and
window length 2 s.

correlation
0.51
0.58
0.65
0.69
0.71
0.75
0.78
0.80
0.81
0.81
0.75
0.74
0.76
0.77
0.76

k
1
2
3
4
5
6
7
8
9

Table 5: Pearson’s correlation of the NSI in comparison to the
number of disfluencies (subjective evaluation), setting of the
measure: k-th highest maximum, multiplication constant, and
time threshold 900 ms.

Table 3: Pearson’s correlation for all settings of the ESF in
comparison to the number of disfluencies (subjective evaluation), setting of the measure: k-th highest maximum and multiplication constant.
k
1
2
3
4
5
6
7
8
9

multiplication constant, correlation
0.10
0.15
0.20
0.25
0.30
-0.68 -0.66 -0.63 -0.59 -0.58
-0.72 -0.68 -0.57 -0.64 -0.61
-0.66 -0.61 -0.61 -0.58 -0.54
-0.67 -0.62 -0.61 -0.60 -0.55
-0.66 -0.62 -0.60 -0.60 -0.54
-0.65 -0.60 -0.60 -0.58 -0.55
-0.65 -0.59 -0.60 -0.59 -0.56
-0.67 -0.61 -0.62 -0.61 -0.58
-0.66 -0.61 -0.60 -0.59 -0.57

k
1
2
3
4
5
6
7
8
9

multiplication constant, correlation
0.10
0.15
0.20
0.25
0.30
-0.60 -0.59 -0.54 -0.50 -0.50
-0.65 -0.60 -0.58 -0.55 -0.53
-0.60 -0.54 -0.52 -0.50 -0.46
-0.60 -0.54 -0.53 -0.51 -0.47
-0.60 -0.54 -0.53 -0.52 -0.47
-0.59 -0.52 -0.52 -0.50 -0.47
-0.59 -0.54 -0.52 -0.51 -0.48
-0.60 -0.55 -0.54 -0.53 -0.49
-0.59 -0.54 -0.53 -0.51 -0.50

multiplication constant, correlation
0.10
0.15
0.20
0.25
0.30
-0.84 -0.81 -0.77 -0.71 -0.68
-0.85 -0.81 -0.78 -0.74 -0.70
-0.83 -0.79 -0.76 -0.72 -0.67
-0.84 -0.80 -0.77 -0.73 -0.67
-0.84 -0.80 -0.78 -0.75 -0.69
-0.83 -0.80 -0.78 -0.74 -0.70
-0.83 -0.80 -0.78 -0.75 -0.71
-0.84 -0.81 -0.78 -0.76 -0.72
-0.84 -0.81 -0.78 -0.76 -0.72

specifics of any language into account. Therefore, the main goal
is to find out their possible use for different languages, in other
words their language–independence.
The experiment analyses read recordings of 16 stuttering
and 18 fluent native German speakers. The number of disfluencies was counted in each recording and it constitutes the subjective evaluation. These recordings were used in the study where
speech recognition technology was applied to look for stuttering
events in recordings of read text [12].
The main finding of the experiment is that the measures
are able to describe the level of the speech fluency disorder
for German read speech. The finding is supported by the results where two of four measures exceeded correlation with the
reference evaluation of 0.8, the highest is 0.85. The standard
measure, the total reading time, achieved a correlation of 0.89.
The ANOVA analysis confirms the results, three of the measures
found statistically significant difference between fluent and stuttering recordings at the level 0.01, for the number of spectral
changes in speech segments even 0.001, while for the standard
measure, the total reading time, at the level 0.05.
To validate the results of correlation and ANOVA analysis
the classification using linear discriminant analysis and leaveone-out cross-validation was carried out. The NSI measure classified 26 (77%) of 34 recordings correctly, incorrectly 8 (23%).
The other measures as well as the total reading time classified
71% into correct class. The overlapping of the groups of normal fluent speakers and speaker at lower levels of disfluency

The measures ALS, ESF, and SCSI are able to find statistically significant difference between fluent and disfluent at the
level 0.01, while the NSI at the level 0.001, and the comparative
measure RT at the level 0.05.
Another view on results show Figure 1, where the NSI is
compared to the subjective evaluation. The range and dependency of the measure on the level of the disorder can be seen.
The classification using linear discriminant analysis and
leave–one–out cross–validation was done to validate the results
of correlations and ANOVA analysis. The NSI algorithm classified 26 (77%) of 34 recordings correctly, incorrectly 8 (23%,
5 disfluent, 3 fluent). The ALS, ESF, and SCSI placed 24 (71%)
recordings correctly, 10 (29%) incorrectly. The comparative
measure assigned 24 (71%) speakers to the correct class.

5. Discussion
The paper describes experiment where four automatic and objective measures initially intended for Czech stuttering recordings are applied on German stuttering recordings of read speech.
The symptoms of stuttering were considered in design of the
measures. Due to the method which are used they do not take
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Table 6: The mean x and standard deviation SD of fluency measures and statistical significance by means of the ANOVA analysis with
comparison between classes by the post hoc Bonferroni adjustment.

Fluent (0)
Stuttering (1)

ALS
x
SD
0.21 0.05
0.36 0.17

ESF
x
SD
7.89 0.98
6.32 1.45

SCSI
x
SD
1.23 0.05
1.13
0.1

Comparison between the classes
ANOVA F(1, 33) 12.92∗
11.29∗
12.1∗
0 vs. 1
p <0.01
p <0.01
p <0.01
NS = not significant
∗
p < 0.001

stuttering
fluent

measure NSI [−]

0.9
0.8
0.7
0.6
0.5
0.4

0

50

100
150
subjective evaluation

x
51.8
74.1

RT

17.41∗
p <0.001

7.05∗
p <0.05

SD
8.1
34.1

man recordings (0.65, 0.72 vs. 0.76, 0.80 on Czech recordings).
The ALS and NSI achieved higher correlations 0.81, 0.85 on
German vs. 0.68, 0.82 on Czech recordings. We can also conclude that the measures based on Bayesian change point detection can be considered as robust because there are several settings which reached consistent results. The same was observed
for Czech recordings.
The stuttering part of the database in this experiment was
used in the paper [12]. One can see that the results of the current experiment are not as good as in that research. The highest
correlation here is 0.85, on the contrary, [12] reported correlation of 0.99. The reasons for it could be, that introduced measures do not take specifics of German or Czech language into
account, therefore they could be considered to be language–
independent to some extent. Moreover, algorithms based on
hidden Markov models were specially trained for German language, using the German–stuttering adapted grammar. The
language–independence is an advantage of introduced measures
although their performance on different languages could be either better or worse in comparison to the language–dependent.
The language–independence of the measures could be limited
by additional rules when segmenting to phonemes [24] or specific prosody features [25] of different languages, more specifically, for Czech and German [26].
A weak point of this experiment could be regarded the
database which consists of only 34 speakers. In spite of the entire spectrum of speech fluency disorder is represented it would
be preferable to have more subjects on different levels.

1.1
1

NSI
x
SD
0.94 0.05
0.78 0.14

200

Figure 1: The comparison of the NSI with the number of all
disfluencies (subjective evaluation).

(see Figure 1) should not be interpreted as a failing of the measures; it is a common thing that speech of normal fluent speaker
contains disfluencies [23], also [8] found a high overlap in the
speech rate of fluent speakers and participants who were classified as stutterers.
The standard measure, total reading time, was found distinctive for evaluation of pathology in read speech [21, 22].
Also experiments with Czech stuttering speakers acknowledged
this statement [20]. The measure was added to the experiment
to have a comparison with the introduced measures. The results of the total reading time turned out to be very good and in
some cases better than those of the described methods (correlation of 0.89). However, there is an advantage of the automatic
methods over the total reading time. The standard tasks in evaluation of stuttering (as clinical evaluation of monologue or picture description) are usually limited by time [8], therefore the
total duration of recordings is not applicable but the automatic
measures would be able to do the assessment.
We have found similarities in experiments on German
recordings and previous experiments on Czech recordings [20].
Firstly, the range of all measures (mean and standard deviation)
are very similar for both languages. Secondly, similar settings
of the algorithms performed well on both databases. The measures ESF and SCSI have got little worse correlation for Ger-

6. Conclusions
The experiment was carried out in order to find out possible
use of automatic and objective measures of disfluency on different languages. The measures were originally examined on
evaluation of Czech stuttering recordings and now applied on
recordings of German speakers. The following conclusion can
be drawn. The measures are able to describe the level of the
speech fluency disorder in German and Czech language in read
speech recordings and distinguish between fluent and stuttering
speakers. In other words, it could be basically possible to do
language–independent analysis of stuttering.
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