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Abstract In the researches on emotional speech, acoustic features are
directly mapped into the emotional category. However, in hu-
We can communicate using speech from which various infefian’s sensory process, emotional perception is performed by
mation can be perceived. Emotion is an especial element fhéfceiving the vague semantic primitives based on acoustic
does not depend on the content of the utterance and is y&gtures and by combining these features.
ful in communications that reflects the speaker’s intention. | this study, we attempt to construct an emotional speech
Moreover, multiple emotions are usually perceived from oRgcognition system which imitates the human perception
speech utterance, and speech contains various emotions ta{8€hanism by adding semantic primitives between acoustic
various intensity. However, traditional emotion recognitiogatures and emotional perception. This constructed system

systems directly map the emotional speech to the categofiesiso able to recognize the multiple emotions in speech due
of emotion using acoustic features of speech signals. It ggfihe use of semantic primitives.

be hardly said that these method imitate the human percep-
tion mechanism. To imitate human perception mechanism, ] . .
in this study, we attempt to construct an emotional speech Multi-layer emotional speech perception model ]

recognition system based on the multi-layer perception mOdeWe introduce the elements and connections used in this
for emotional speech proposed by Huang and Akapi{ve mé)del. Figurel shows the emotion perception multi-layer

evaluate other emotion recognition systems in terms of Eucli :

. . _Jnopel. This model was constructed for the vague human
distance and correlation between system outputs and idea . . .
. ) . . perception modeling. This model employs three-layer struc-
intensity. The results indicated that the multi-layer system

. > _ture for expressing perception process from acoustic features
shows an internal structure clearly and has the recognition

. femotion. In particular, this model has semantic primitive
curacy equivalent to that of the two-layer system. In a se

T . . qz‘ci?er between acoustic feature layer and expressive speech
of imitating the perception mechanism of humans, the cqny

h . : _layer. Furthermore, emotion perception is modeled by com-
structed system provides a morffeetive emotion recogni-

. ) . bination of semantic primitives. This model can judge the
tion system compared with the conventional methods. . . L
change in emotion layer as semantic primitives change.

1. Introduction 2.1. Composition of this model

We can communicate using speech from which variousin this section, we explain the elements which constitute
information can be perceived. Information included in theach layer. Importance of acoustic features and semantic
speech is roughly divided linguistic information that showsrimitives elements were established in modeling process.
the content that speaker is intended to convey and non-

Iipguistic information that includes_indiyidual, emqtion ang_l_l_ Elements of this model

dialect etc. of the utterance. Emotion is an especial element

that does not depend on the content of the utterance and i& total of 16 acoustic features were used: four involved

useful in communications that reflects the speaker’s intenti¢id—mean value of rising slope (RS), highest pitch (HP), av-
Moreover, speech contains various emotions to the vari@rage pitch (AP) and rising slope of the first accentual phrase
degrees. (RS1st); four involved power envelope—mean value of power
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Figure 2:The flow-chart of the emotional recognition system.
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Figure 1:Conceptual diagram of multi-layered perceptual for

emotional speech. based on vague judgement of human.
To connect semantic primitives and acoustic features, we

range in accentual phrase (PRAP), power range (PWR), risﬁji]%}lj Id invgstigate which _acoustic fe_aturfes_ghange when hu-
slope of the first accentual phrase (PRS1st), the ratio betwi]! PEICEIVEs the changing semantic primitives.

the average power in high frequency portion (over 3 kHz) and

the average power (RHT); five involved the power spectrumd— Emotional speech recognition system

f'r.St formant frequency (F1), second for”.‘a”t frequency (Fz)’ln this study, we construct emotion recognition system
third formant frequency (F3), spectral tilt (SPTL), spectr Iased on multi-layer emotional speech perception moge! [
balance (SB); and three involved duration total length (TL|

. ur recognition system, system output does not decide one
consonant length (CL), ratio between consonant length and . o .
emotion category but uses emotion intensity level. Therefore,
vowel length (RCV).

. o . . E is expected that the constructed recognition system can rec-
Semantic primitives layer uses 17 kinds (bright, dark, . . L .
ognize multiple emotion intensity level as humans do.

high, low, strong, weak, calm, unstable, well-modulated; . .
) ) e connect the layers to satisfy input-output relation re-
monotonous, heavy, clear, noisy, quiet, sharp, fast, and slaw . )
rements at each recognition part. In the proposing recog-

u
as elements. ay .
nition system, we connect all relations between layers by

Emotional perception layer uses five kinds (Neutral, ‘]Oﬁ(daptive Neuro-Fuzzy Inference System unlike in the case
Cold-Anger, Sadness, and Ho'F-Anger) as elements. Neu”%ﬁ%uang and AkagiJ]. We implement semantic primitives
used as a standard of aII_ emotion. Joy, Sadness and A_ngeF&%gnition part which output semantic primitives intensity
”?OS‘ fundamental emotion. However, we aften perceive tBﬁusing the input of acoustic features extracted from speech
difference between Hot-Anger qnd Cold-Anger. Therefo%ta, and emotional perception part which output emotion in-
Hot-Anger and Cold-Anger arefliérently processed. tensity by using the input of semantic primitives value with

multiple FIS [3]. The recognition system can output multiple
2.1.2. Connections in this model emotion intensity after revealing perception process of human

using FIS.
This section introduces how to connect the elements in therhe system we constructed is shown in Figaire

model.

Human perceive emotion from semantic primitives by 1 Eytraction of elements
vague judgement. Therefore, we should take vague judge-
ment into consideration when connecting emotion perceptié)ri
and semantic primitives. Fuzzy Inference System (FIS) 18
able to formulate the mapping from input to output and clas-179 utterances of the Fujitsu emotion speech database were
sify pattern by the rule of IF-THEN form3]. FIS which in- used in this research. There are 20 kinds of speech sentences,
cludes both symbol processing and numeric processing rejed there are 9 kinds of emotions in each sentence. How-
sents vague experimental knowledge of human accordingeter, the data of 1 utterance is missed. These utterances are
the IF-THEN form. FIS connected elements between layéntended 5 kinds of emotion.

.1. Speech data
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Input 1 2 3 4 5

Key Table 1:Four systems configurations.

| model | multilayer | two-layer |
‘ | using FIS | multi-layerFIS | two-layerFIS |

| using MRA || multi-layerMRA | two-layerMRA |

|94

weak relation for emotion perception. In this research, the
recognition system is implemented using all the elements of
this model. We use FIS in all connections.

FIS has the structure of multiple inputs and one output.
Therefore, the recognition system needs 17 kinds of seman-
tic primitives FIS and 5 kinds of expressive speech FIS. Each
Figure 3:Evaluation measure of the listening test. initial FIS are constructed based on input and output. The
initial FIS changes to the one with the ideal input-output re-
lation by learning. The initial FIS of 17 kinds for seman-
tic primitives and 5 kinds of emotional perception were con-

Acoustic features are required as the input of emotigfructed using 80% utterances of FUJITSU emotional speech
recognition system. In this research, acoustic features whithiabase. Moreover, it is necessary to examine the suitable
originate from FO, power envelope and power spectrum awration numbers of FIS so that generation of the recognition
extracted by the high quality speech analysis-synthesis sy$or by over-training may not take place in neuro-adaptation
tem STRAIGHT []. Moreover, acoustic features which argtudy. That number is convergent point of check error of FIS
related to duration are extracted by segmentation. Ab@uibposed by Lee and Narayanaif [
acoustic features, the ratios of changed values from Neutraln this research, in order to decide the suitable itera-
are used. The average of values with the Neutral label is a@n numbers the convergent point of check error of FIS in
culated and the value of the ratio on the basis of this is useflosed data was investigated based on the research of Lee and

Narayanan. From the results, we decided that suitable iter-
3.1.3. Semantic primitives and Expressive speech ation number of semantic primitives FIS is 120 and that of

o semantic primitives FIS is 150.
We need values of subjective judgement from speech dat . . .
he emotion recognition system was mounted by combin-

as output of semantlc pnrmpves recognition part, input arllrc]ig 22 EIS that we constructed.
output of emotion recognition part. To extract semantic
primitives and expressive speech, we carry out listening test.

About each utterance, we extract intensity of semantic prifh- Experimental evaluation

itives and expressive speech by listening test of subjective . ) )
judgement For comparison, we adopt a two-layer model for investi-

In the listening experiments, intensity of each impressi(gﬁting th_e Eectiven_ess of the mu_lti-laygr model and a Multi
about 17 kinds of semantic primitives and 5 kinds of emotigﬁegressmn Analy5|s (MRA) for myeshgatmg théfextive-
perception for 179 kinds of utterances used in this resealvS of mult|.ple FIS. By compmanon of these models, we
was evaluated by five stages, as shown in Figure prepared 4 kinds of systems like Taldle We compared the

In the experiments, one impression was evaluated in dfigognition accuracy of these systems.

session. There were 23 sessions in total. The values of seLN€ two-layer recognition system using FIS is based on

mantic primitives and emotional perception were used as fﬁ@ system proposed' by Morlyamfa\ and Ozaiifa Acous-
input and output of the recognition system. In this researé‘r‘f, features and emotional perception were made the same as

9 native Japanese graduate students participated in the exgf@Rtional perception multi-layer model.
iments. As the basis of discussion of recognition result of each

recognition system, there are two important points. Namely,
whether system output has value close to ideal and whether
resembles the interaction of intensity of each emotion by lis-
In this section, we introduce construction of semantic prirtening tests. It was checked whether the output of a system
itive recognition and emotional perception recognition, auld be absolutely close to an evaluation value according to
shown in Figure2. We should also consider connection ahe Euclid distance. It was checked whether it was being able
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3.1.2. Acoustic features

3.2. Construction of recognition system
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W 3layerFIS M 2layerflS ™ 3layerMRA M 2layerMRA based on the multi-layer model and those based on the two-
230 layer model even at the significance level of 0.01. These re-
sults indicate that the multi-layer system shows an internal
structure clearly, and has the recognition accuracy equivalent

to the two-layer system.
5. Conclusion
In this study, we constructed an emotion recognition sys-
A ‘ tem based on the multi-layer model proposed by Huang and

3Iaye':t:rsuctur52<:::er:1:tsional1aciegrr':/ilt?jn sv:::‘erMRA Akagi [1], in order to imitate human perception mechanism.
The results using FIS are better than those using MRA. Fur-

. ] . . thermore, the two-layer and multi-layer models can recognize
Figure 4:Evaluation results by Euclid distance between SYSmotion at the almost same accuracy. Since a multi-layer

tem outputs and ideal intensity. model can also judge the change of semantic primitives, it
is better than the two-layer model in imitation of human per-
ception. In a sense of imitating the perception mechanism
of human, the constructed system provides a mdiectve

1.00 emotion recognition system compared with the conventional
0.80 methods.
0.60
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Figure 5: Evaluation results by correlation between systelhl C.F. Huang and M. Akagi, “A three-layerd model for ex-
outputs and ideal intensity. pressive speech perceptiogpeech Commurb0, 810—

828, 2008.

to recognize the relative relation of emotion by correlation.[2] H. kawahara, |. Masuda-Katsuse, and A. Cheveigne,

The results of Euclid distance are shown in Figlemd the ~ "Resturcturing  Speech  Representations Using a
results of correlation are shown in Figue Euclid distance ~ Pitch Adaptive Time-Frequency Smoothing and an
which is small is better, and correlation which is close to 1 is Instantaneous-Frequency-Based FO Extracti@peech
better Commun.27, 187-207, 1999.

[3] J. S. R.Jang, C. T. Sun, and E. Mizutani, “Neuro-Fuzzy
4.1. Evaluation of FIS and Soft Computing,” Prentice Hall, 1996.

The compared results for vagueness of human perceptidh,C. Lee and S. Narayanan, “Emotion recognition us-
i.e., for FIS and MRA, indicate that the recognition systems ing a data-driven fuzzy inference system.”Rmoc. Eu-
with FIS are more useful than those with MRA, because the rospeechpp. 157-160, 2003.

Euclid distance of FIS was suppressed by 0.68 of MRA, and , .
correlation of FIS was improved 0.12 from MRA. [5] T. Moriyama and S. Ozawa, "Measurement of Human

Vocal Emotion Using Fuzzy Control,” System and Com-
puters in Japan, Vol. 32, No. 4, pp. 59-68, 2001.
4.2. Evaluation of the multi-layer model

The comparison results for imitation of human perception,
i.e., for multi-layer and two-layer, indicate that significant dif-
ferences were not observed between the recognition systems
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