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Abstract. An approach for verification and detection the pres-
ence of stress by means of speech analysis and neural networks
is proposed. The speech parameters are evaluated by a proce-
dure including periodicity/aperiodicity separation, robust pitch
period (T'0) evaluation, elimination of wrongly calculated T'o, cal-
culation of the index of microprosodic variation of To, calcu-
lation of autocorrelation cepstral coefficients, evaluation of the
group delay function by different procedures for low and for high
pitched voices. The stress verification and stress detection are
performed by neural networks introduced by the authors — Pro-
totype Distribution neural Maps (PDM). Stress detection: The
speaker’s parameters in normal situation and under stress are
modeled by two PDMs — PDM,0rma and PD M gyyess. Stress ver-
ification: For every speaker personal PDM,,orma and PD Mgiress
are trained. During the stress verification and detection simi-
larities between the PDM of the speaker under evaluation and
PDMyorma (Simnor'ma) and PDMgtress (Simstress) are calcu-
lated. The stress detection and verification are realized by analysis
the ratio Simunorma/SiMstress using specific rules.

Keywords: stress detection and verification, speech analysis, neu-
ral networks.

1. INTRODUCTION

The speech generation is a complex act involving the central nervous sys-
tem, the vocal tract, the vocal folds, the respiratory system, etc. It is known
that the stress affects the functioning of the above mentioned systems. As a
result specific changes in the speech may be expected. This is the reason for
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many studies in this field, part of them referred here [1+36]. An important
research in [5] has been carried out, where 200 parameters were analyzed and
10000 statistical tests were performed for evaluation the correlation between
the stress and changes in some speech parameters. The above mentioned re-
searches have shown that the following speech parameters are affected by the
stress:

— pitch period (7T'0);

— statistics of pitch period;

— spectral shifts of the first three formants;

— intensity of the signal;

— durations of pauses and periods of phonations;

— spectral characteristics;

— cepstral characteristics;

— low frequency modulation of the fundamental frequency (Fo).

The above mentioned researches are based on analysis of the speech of
people in the following situations: (i) pilots in extremal situations; (ii) actors
simulating different emotions; (iii) singers under stress (during presentation),
etc.

The research team of Duke University has developed an excellent tool for
evaluation the effectiveness of the approaches and methods for stress detection
— a speech under stress database “SUSAS” [5, 6] including practically all the
emotions.

Here an approach for automatic stress detection and for verification of the
presence of stress by means of speech analysis and neural networks is proposed.

2. EVALUATION OF THE SPEECH PARAMETERS

In order to minimize the errors during the speech parameters evaluation,
the following procedure for speech analysis is proposed and used:

2.1. Segmentation of the speech signal

The quantized signal is divided into segments with length three To by
means of a Hamming window. The duration of the segments is dynamically
adapted to 3 T'o (using T'o from the previous segment), because our experi-
ments [37] have shown that such segment length is optimal for T'o evaluation.

The overlapping between the segments is two pitch periods in order to
analyze more completely the dynamics of the speech parameters.

The length of the first segment is 30 ms in order to assure that the window
contains at least 2 To.
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2.2. Periodicity /aperiodicity separation

The Periodicity/Aperiodicity Separation (PAS) is very important for cor-
rect T'o detection, because errors in PAS will produce drastic errors in To. In
order to minimize the number of errors in PAS the detector proposed in [38]
is implemented, because it is characterized by:

1. Parallel analysis of the speech in time, spectral and cepstral domains. In
this way different characteristics of the signal in these domains are used
and the signal is analyzed more completely and from different viewpoints.

2. Realization of robust PAS by means of MultiLayer Perceptron (MLP) neural
network. As a result the accuracy is improved, because the MLP is char-
acterized by good discriminant capabilities and high classification power.
In order to minimize the influence of the noisy components the aperiodic

segments are eliminated.

2.3. Pitch period (T0) evaluation

In order to evaluate correctly T'o the robust hybrid pitch detector [39]
is used. This method is implemented, because it has the following useful
properties:

a) Rejects practically most of the segments, where To is wrongly evaluated
(experimental research over 200 speakers [37] when the signal is prepro-
cessed by the PAS detector [38]. However it eliminates up to 1% of the
voiced segments. The loss of these segments may be tolerated, because
for all the speakers (in our database) the analyzed sentences are relatively
longer than 6 seconds and contain more than 200 segments;

b) Evaluates correctly To from clean, noisy and telephone speech;

c) Realizes parallel analysis of the speech signal in temporal, spectral and
cepstral domains;

d) Evaluates the pitch period by means of logical analysis of the results from
these three domains.

2.4. Elimination of wrongly calculated To

The elimination of wrongly calculated values of T'o is realized by means of
the following algorithm:
Step 1. Formation of segments containing 3 To.
Step 2. For every segment (containing 3 T'0) To is calculated again (T0peq)
using the same detector [39].
Step 3. Comparison of the value of 10y, with the value of T'o obtained from
the previous analysis:
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if
|T0pew — To| > 0.3T0, (1)

the segment is eliminated.

2.5. Calculation of the mean pitch period (T0,,) and its index
of microprosodic variation

Many experimental researches [1, 5, 10, 15, 17+19, 21, 22, 26, 31, 32]
have shown that To is significantly affected by the stress. To evaluate and
analyze this property of T'o for every p-th segment (containing 3 T'0) the mean
pitch period (7o, (p)) and its Index of MicroProsodic Variation (IMV (p))
are calculated. The IMV is used, because several experiments in the research
[18] have shown that this parameter is correlated with the presence of stress.
The IMYV is calculated by means of the following formula described in [18]:

IMV (p) = Tomia (p) / {(T0beg (P) + Tocna (p)) /2} (2)

where T'opeq (p) is the value of T'o at the beginning of p-th segment; T'0p,q (p)
— value of T'o in the middle of p-th segment; T'0.,,4 (p) — value of To at the end
of p-th segment.

2.6. Cepstral analysis (over the voiced segments)

The experimental researches [5+8, 29] have revealed that the standard LP-
derived cepstral coefficients (c¢(n)) and especially the autocorrelation cepstral
coefficients (acc (k)) (introduced for stress detection by Professor Hansen) are
very informative for stress detection. For that reason in the proposed approach
the (acc(k)) are used. In order to minimize the influence of the noisy compo-
nents the (¢ (n)) are calculated for voiced segments. The cepstral analysis is
carried out by means of the standard procedure LPC analysis by means of the
autocorrelation method [40] and then the first 8 LPC coefficients are calcu-
lated. The number of (¢ (n)) is 8, because the experimental research [29] has
made known that the first 7 coefficients are the most informative for stress
detection. From these (c(n)) are calculated the (acc(k)) by means of the
formulae described and discussed in detail in [29]. In the proposed approach
the value of the correlation lag is 1 and the length of the correlation window
is 5, because in our database most of the periodic portions of speech signal
contained 4-5 windows.
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2.7. Evaluation of the group delay function (for the voiced
segments)

In[1,9, 10, 1719, 21, 22] it has been shown that the stress causes changes
in the formant structure. However the estimation of the formants is a difficult
problem not yet completely solved. That is why the changes in the formant
structure are analyzed by evaluation and analysis of the Group Delay Function
(GDF) (GDF is the negative derivative of the phase spectrum). The GDF
is used for approximation of the formant structure, because the GDF has the
following useful properties [41]:

1. The GDF is proportional to the squared magnitude response near reso-
nances (formants) and approaches zero asymptotically for frequencies away
from the frequency of the resonator. In this way the formants are repre-
sented by distinct and sharp peaks in the GDF'.

2. The vocal tract may be represented by a cascade of resonators. The GDF
of such system is the sum of GDF's of these resonators. As a result the
influence of one resonator to another is minimized — even closely spaced
formants are represented in the GDF' by separated peaks.

The main problems in calculation of the GDF' are:

1. The phase function is warped by the presence of zeros near the unit circle
and the signal windowing prior the spectral analysis [41].

2. Most of the methods of phase unwarping do not yield satisfactory results
[42].

3. The spectral resolution in the GDF is decreased for medium and high
pitched voices (To < 5 ms and Fo > 200 Hz), when GDF is calculated from
¢(n). This is due to the short T'o minimizing the number of ¢ (n) and re-
spectively the number of GDF coefficients (gdf (i)). For shorter than 5
ms To the spectral resolution will be less than 262 Hz, because in our
experiments the sampling rate is 21 KHz.

4. Distortions (represented in most of the cases by extra peaks) caused by the
influence of the glottal source.

In order to solve these problems and to guarantee spectral resolution higher
than in the standard wide band sonogram used for formant analysis (here 262
Hz), the following approach for GDF' calculation is proposed and used:

2.7.1. Analysis of low pitched voices

For such voices the GDF is calculated indirectly (without phase calcula-
tion and unwarping) from c(n) — detailed proof is given in [41]. In order
to minimize the influence of the glottal source only the cepstral coefficients
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(cy (n)) corresponding to the vocal tract are separated by means of liftering.
The length (L) of the lifter is less than T'o. The value of L is equal to 0.8 To,
because our experiments [37] have shown that such length is sufficient for
suppression of the influence of the glottal source. The GDF' is calculated by
means of the formula described in [41]:

GDF(i) = %” Ni ney(n) cos (27;”> , (3)

where N is the number of cepstral coefficients, used for GDF' calculation.
The value of N is limited to 80, because the shortest T'o used for calculation
of the (gdf (¢)) from ¢ (n) is 5 ms and the sampling rate is 21 KHz.

2.7.2. Analysis of high pitched voices

For such voices the GDF is calculated by means of the following procedure

described in [43]:

a) transformation of the voiced speech into minimum phase signal;

b) direct calculation of the phase spectrum form this minimum phase signal,
c) calculation of the first derivative of the phase spectrum — the GDF'.

Unfortunately for the high pitched voices the influence of the glottal source
is not suppressed, however in most of the practical cases male voices are ana-
lyzed, generally characterized with low values of the pitch period.

The first S numbers of (gdf (i)) (fori=1,...S5) are used like a feature
vector representing the formant structure. The value of S is determined on
the basis of bass band of the Cockpit Voice Recorders (CVR), because one
of the main applications of the proposed approach will be aircraft speech
communication monitoring. The bass band of the CVR is 150-5000 Hz (Ritz,
1994) and to cover this spectral range the value of S is 19, because in our
experiments the sampling rate is 21 KHz and the resolution in the GDF is
262 Hz.

3. STRESS DETECTION BY MEANS OF NEURAL
NETWORKS

The following input vectors (y (¢)) for neural network (used for stress de-
tection) are formed for every p-th (for p = 1,... P) voiced segment:
1. The mean pitch period (T'o,, (p)) and its index of microprosodic variation
(IMV (p));
2. The first 8 acc (i) (fori=1,...8);
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3. The first 19 (gdf (i)) (fori=1,...19).

In order to increase the accuracy of stress detection, the speech parameters
of the speakers in the two psycho-emotional situations (classes — normal and
stress) are modeled by means of two neural maps named Prototype Distribu-
tion Maps (PDMs). The PDM was proposed and described in detail in [44].
The PDM s are used because they have the following useful properties [44,
45]:

1. The PDM neurons try to imitate the probability density function (pdf) of
the input signals, whatever complex the form of the pdf is. This property
is due to the fact that the PDM is formed on the basis of the trained
Self-Organizing Map of Kohonen (SOM) [46].

2. The PDM allows dimensionality reduction — the two-dimensional SOM
with n-dimensional weight vectors is transformed into a two-dimensional
map with one dimensional weight vectors (named frequencies of activation).

3. Less significant neurons are eliminated by filtering of the PDM.

3.1. Stress detection
3.1.1. Training stage — formation of two sample PDMs

Step 1. Using the input vectors of the speakers in normal situation
(Ynorma(t)) and under stress (Ystress (t)) one joint SOM of size Q x Q (here
Q = 15), named SOMjgins, is formed. This SOM ;e approximates the overall
probability density function (pdf) of all the input vectors.

Step 2. Tuning of the SOMji,;. In order to increase the accuracy of
modeling of the input vectors by means of SOM;4n: a long term fine tuning
of SOMjyint by means of the Learning Vector Quantisation algorithm — LVQ
(detailed description in [46] is done. The number of iterations is not limited
and the tuning process continues until optimal tuning of 99% from the neurons
is reached.

Step 3. Formation of two sample PDMs (PDMormq and PDMgpess)
for the two classes (NORMA and STRESS). The following procedure proposed
in [44] is used:

1. The input vectors Ynorma (t) and ysuess () are passed separately again
through the already trained SOMjyint. As a result for the two classes for
every neuron the activation frequency (f;;, 4,7 =1,...Q ) is obtained.
These f; ; are normalized by dividing them by the number of all the fea-
ture vectors in the given utterance/s. The activation frequency represents
the number of input vectors which have activated this neuron, according
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to the minimum of Euclidean distance. These two maps in fact represent
the probability of distribution of input vectors.

2. These PDMs are filtered in order to eliminate sporadically activated lo-
cations (noncharacteristic neurons) by means of the filtering procedure de-
scribed in [44].

3.1.2. Detection the presence of stress

The following procedure for stress detection is proposed and used:

1. The data vectors y, (¢) of the speaker under evaluation are passed through
the already formed SOMjyins. As a result the PDM, is obtained for this
speaker.

2. Filtering of PD M, by means of the same procedure and same value of the
filter coefficient as on step 3 during the training.

3. The similarities between PDM, and PDM,orma  (SiMpnorma) and PDM,
and PDMgiress (Simsress) are evaluated by means of a cross-correlation
type measure proposed in [44]. The Sim,ormae and Simgess are calculated
by the formulae:

g q
. Nor ¢X N XL
Simnorma = Yy (F15) (d+ [F57 = 151 (4)
i=1 j=1
q q .
. St X St -
SiMgtress = Z Z(fi,jr-fi,j) (d+ |fi,jT - fi) (5)
i=1 j=1
where fl{\go’" is the frequency of activation of a neuron in PD M, rma; f]”
— frequency of activation of a neuron in PDMgess; Z)g — frequency of

activation of a neuron in PDM,; d — experimentally determined constant
0 < d < 1. The values of d = 0.1, because our experiments have shown
that d = 0.1 is optimal for separation of two classes in the case of laryngeal
pathology detection [47] and speaker recognition [37, 44].

4. Calculation of the ratio Simporma — t0 — SiMgtress:

RNS = Simnorma/Simstress- (6)

5. Stress detection.

In order to realize robust stress detection the following rules are proposed
and used:

Case 1. Classification of the speaker under evaluation in class NORMA
(absence of stress) if:

RNS > 1+ kpor, (7)
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where k., is the experimentally determined coefficient k&, < 1;
Case 2. Classification of the speaker under evaluation in class STRESS
(stress detection) if:
RNS <1 — kstress, (8)

where kgtress is the experimentally determined coefficient kgppess < 1.
In order to avoid classification of a person under stress as a speaker in
normal situation the following inequality is introduced:

kstress < knor <1 (9)
Case 3. Refusal from classification (no classification is performed):
(1 = Estress) <= RNS <= (1 + knor) - (10)

The optional values (for our database) of ko and kggress (knor = 0.2 and
Estress = 0.1) are obtained during the experimental research.

3.1.3. Closed set and open set stress detection

In analogy with speaker recognition the stress detection may be performed
over an open or closed set. The closed set stress detection is performed only
over the speakers from the database — feature vectors of these speakers are
used on the training stage. The open set stress detection may be performed
over unknown speakers too. In the present study open and closed set stress
detection have been carried out.

3.2. Verification for the presence of stress
The following procedure for stress verification is proposed and used:
3.2.1. Training stage — formation of two personal sample PDM s

Step 1. Using the input feature vectors of every j-th speaker separately
in normal situation (Ynermq (t)) and under stress (ysiress (t)) one personal
SOM;oint (7) of size Q x Q (here @ = 15) is formed.

Step 2. Tuning of the SOM;uint (j) by means of the procedure used on
stress detection (Section 3.1).

Step 3. Formation of two personal samples PDMs (PD M, rmq (7) and
PDMgiress (j) for every speaker by means of the procedure used on stress
detection.
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3.2.2. Verification for the presence of stress

The following procedure for stress verification is proposed and used:

1. The data vectors of the speaker (only for speaker from the database, dispos-
ing with their individual SOM and PDM s) under evaluation are passed
through its individual SOMjeint (j). As result the PDM, (j) is obtained
for this speaker.

2. Filtering of PDM,, (j) by means of the same procedure and same value of
the filter coeflicient as that during the training.

3. The similarities between PDM, (j) and its personal PDM;urma (j)
(StMporma) and PDM, (j) and its personal PDMgyess (§)  (Simstress)
are evaluated by means of the procedure used on stress detection.

4. Calculation of the ratio Sim,orma — 10 — SiMgress by means of the procedure
used on stress detection.

5. Robust stress verification by means of the above used rules for stress detec-
tion.

4. EXPERIMENTAL RESEARCH
4.1. Subjects and speech material

The experiments were carried out in the studios of four private radio sta-
tions in Sofia, Bulgaria. The speech of 30 radio speakers in normal communi-
cation and “in air” was analyzed. Two sentences (in Bulgarian): “My name
is ...... 7 and “We start the emission today with the international news”
pronounced in normal communication and “in air” were analyzed.

The range of the number of voiced segments (respectively the input vectors)

were from 240 to 570 per sentence.
4.2. Equipment

The standard audio board “Sound Blaster” was used with sampling rate of
21 KHz and resolution of 16 bit. The microphone was at a distance of about
30 cm from the mouth of the subjects. The voice signals were quantified and
stored directly into the computer memory in order to avoid distortions caused
by tape recorders. The tape recorders introduce distortions in the values of
the calculated voice parameters, as shown in [48].
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4.3. Stress detection
4.3.1. Closed set stress detection

During the training stage the sentence “We start the emission today with
the international news”, uttered in normal situation and under stress (“in air”)
by all the radio speakers was used. The test was realized over the sentence
“My name is ...” uttered in normal communication and “in air” by all the
speakers.

4.3.2. Open set stress detection

During the training stage the speech of 15 radio speakers pronouncing the
two sentences was used. The tests were performed over the remaining 15 radio
speakers, pronouncing the same two sentences.

4.4. Verification for the presence of stress

During the training stage using the sentence “We start the emission today
with the international news” in normal communication and under stress (“in
air”) for every speaker two personal PDMs PD M orma (7) and PD Mgiyess (5)
were trained (i.e. 60 PDMs are formed). The test was realized over the sen-
tence “My name is ...”.

5. RESULTS

The optional values (for our database) of kyor and ksiress (knor = 0.2 and
kstress = 0.1) are obtained during the experimental research. For the optimal
values of ko and kssress the following results were obtained:

5.1. Stress detection
5.1.1. Closed set stress detection

The number of errors in stress detection for closed set in function of kgtress
and kyor is given in Table 1. One erroneous classification and no classification
(decision) for 4 speakers were observed.
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Table 1. Numbers of wrong stress detection (closed set) in function of kgtress

and knor
Values Values Number Number Number
of knor of kstress of errors of errors of decisions
Norma as Stress Stress as Norma

0.05 0.025 2 3 0

0.10 0.050 2 2 1

0.20 0.100 1 0 4

0.30 0.200 0 0 7

5.1.2. Open set stress detection

The number of errors in stress detection for open set in function of kgtress
and k- is given in Table 2. Two erroneous classifications and no classification
(decision) for 7 speakers were observed.

Table 2. Numbers of wrong stress detection (open set) in function of kstress

and knor
Values Values Number Number Number
of knor of kstress of errors of errors of decisions
Norma as Stress Stress as Norma

0.05 0.025 4 5 0

0.10 0.050 3 4 2

0.20 0.100 1 1 7

0.30 0.200 0 0 10

5.2. Verification for the presence of stress

The number of errors in stress verification in function of kgiress and kyor
is given in Table 3. No erroneous classification was detected, however for 3
speakers no classification has been realized.

Table 3. Numbers of wrong stress verification in function of kstress and kpor

Values Values Number Number Number
of knor of kstress of errors of errors of decisions
Norma as Stress Stress as Norma
0.1 0.05 1 2 0
0.2 0.10 0 0 3
0.3 0.20 0 0 6

14
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5. CONCLUSIONS

The results obtained show that the proposed approach could be applied
for detection the presence of stress and for robust verification of presence
of stress. When reporting about these results however we have to take into
account the fact that the speech of 30 professional radio speakers has been
analyzed. In the same time, it is important to note that 18 of these persons
are working less than one year like professional radio speakers, i.e. most of
them are persons with insufficient professional experience. Having in mind
that, we can conclude these encouraging results may be a basis for our future
researches in the field of stress detection and verification using voice analysis
and various neural networks.

Glossary of the abbreviations used in the text:

To Pitch period (the period of the voiced speech signal);
PAS  Periodicity /aperiodicity separation;

IMV  Index of microprosodic variation;

GDF  Group delay function;

SOM  Self-organizing map;

PDM Prototype distribution map;

LV(@Q  Learning vector quantization algorithm;

MLP  Multilayer perceptron neural network.
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