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Abstract—The goal of this work is to build a real-time emotion using pitch information in emotion recognition systems can be found
detection system which utilizes multi-modal fusion of different timescale jn many prior efforts [4][7][8]. Studies have shown that higher level
features of speech. Conventional spectral and prosody features are o jistic information such as lexical and discourse features can be

used for intra-frame and supra-frame features respectively, and a new ful f . .. hi Vi 'f
information fusion algorithm which takes care of the characteristics US€ful for emotion recognition. In his analysis on segmental features,

of each machine learning algorithm is introduced. In this framework, Lee proposed the quantitative measurement of speakers’ attitudes
the proposed system can be associated with additional features, suchcontained in each word using mutual information as a segmental
as lexical or discourse information, in later steps. To verify the real- - faatyre [9]. Although the lexical features are beyond the scope of this

time system performance, binary decision tasks on angry and neutral work, it motivated the combination of acoustic, lexical, and discourse
emotion are performed using concatenated speech signal simulating real- ! ustc, ! u

time conditions. information for emotion recognition.
In the proposed real-time emotion detection system using multi-
. INTRODUCTION modal fusion approach of intra- and supra- frame level features,

The purpose of emotion studies in association with human come introduce a new information fusion algorithm which takes care
puter interaction is to build a machine that better serves users’ neefishe characteristics of individual machine algorithms associated
in a more natural and effective way; thus, emotion studies have gaingith different timescale features. In this framework, the system
great interest from the engineering community. In human-computesin be connected to automatic speech recognizer (ASR) systems in
or human-human dialog systems, emotion recognition systems codlstributed computing environment to retrieve additional information,
provide users with improved services by being adaptive to the&juch as lexical or discourse features.
emotion. In many applications, furthermore, there is a growing need
of real-time emotion detection systems [1]. Il. SYSTEM DESCRIPTION

Various studies in emotion recognition from speech have shown
the benefits of different features and learning algorithms. Much of The system consists of four major parts; speech acquisition, feature
the studies, however, have focused on off-line system using acou&ixraction at each timescale level, machine learning for each feature
information at the phone or utterance level. In contrast to off-linget, and information fusion to merge the information. Fig. 1 illustrates
emotion recognition research, a real time system is constrained th§ basic concept of the system. Note that the speech acquisition
lack of clear utterance segmentation, lexical information, speak@i0Cess is running simultaneously with other processes using multi-
specific adaptation, and computational requirements. In this wofkreaded program technology which enables the system to work in
we propose a real time emotion classification system employing ori§al-time. All procedures are programmed in C++ language along
a streaming speech source with no additional information and wiith some popular libraries, such as IT++ [10] and TORCH [11].
speed consideration requirements. In addition, in the proposed syster real-time applications, however, determining explicit boundaries
architecture we allow for additional information (as they becomef phone or utterance is very difficult and requires high comput-
available) to be considered. ing power. Therefore, in this work, the speech acquisition process

In the proposed real-time emotion detection system, we extract @i@vides with fixed length of speech segments. When the fixed
fuse emotional information encoded at different timescales especid@igth of speech segment is fed into the system through the speech
supra- and intra- frame level. The rationale behind this approaghquisition process, it is split into spectral analysis component and
is that emotion is encoded at different levels of speech, such Ri®sody analysis component, which extract the intra- and supra-
supra-frame, intra-frame, and lexical level, and each timescale featfigne level information respectively. After computing likelihoods
is complementary [2][3]. There have been many studies trying fer probabilities) separately with corresponding machine learning
classify emotion states model with each level of feature. Consideriatgorithms, information fusion is performed to make a decision.
intra-frame features, Kworet al. performed emotion recognition These procedures, i.e. feature extraction, computing likelihood, and
tasks using MFCC with various learning algorithms [4]. They arguddformation fusion, should be done by the time the next speech
that the intra-frame feature contains emotional information, evé&ggment is ready through the speech acquisition procedure.
though it is not the best feature. Nwet al. performed similar
experiments using a modified version of MFCC, called log frequency

power coefficients (LFPC) [5]. Pitch contour, intonation, and speech Spefﬁzi'é*é‘:)'ygs GMMs ]
style are categorized as supra-frame featureinzigjer explicitly | Speech Information
investigated the role of pitch in emotional speech [6]. They argu Prosody Analysis Fusion
that statistics of pitch information, such as FO mean or FO range, (Pitch & Energy) e

convey considerable information about emotional status while the
shape of FO contour includes little amount of information. Results Fig. 1. A simple diagram of the emotion detection system.



A. Intra-Frame Feature: Spectral Features is a weighted sum of likelihoods from different modalities with a

Mel frequency cepstral coefficient (MFCC) is the most widely useyeighing factor that is empirically determined. In the case of two
spectral representation of the speech signal in many applications, stitgfalities, it can be represented as
as speech recognition and speaker recognition. It is usually extracted My Mo
in 20-30 ms segments of speech with 50% of overlap. Consequently, Sm=A-LL (S‘Am ) +(1=XN-LL <S|Am >
approximately 100 feature vectors are generated for every second _ P (s|AM A ) P (sIAM: 1-2 ®)
of signal stream. A learning algorithm needs to be employed for - Og( <S| >> * Og( (S| m )) ’
operating on such a large number of feature vectors. I o ) .
In this work, the Gaussian mixture model (GMM) [12] is adopte hereX and A denote weighting value and modelth modality
to represent the distribution of the features. Under the assumption t a{t m, 1espectively. We seb/; for prosody features andf, for
the feature vector sequenge— {x1,xs,- - ,x} is an independent spectral features. Consequently, the final score is
identical distribution (i.i.d) sequence, the estimated distribution of the, — g, _ g,
D-dimensional feature vectot is a weighted sum o/ component

Gaussian densitied/; (x), each parameterized by a mean veqipr (S\AMl> < AMQ)
and covariance matriK;; the mixture density for the mode\, is = log P n S| AM2
defined as Iy (S‘ ) < | )
f(x|Am) = Zii piNi(x). (1) P <AMl ‘S) P (AMY) A P ( ‘AMZ> -
= log +1

The mixture weighp; satisfies the constraint. ;=1 Pi =1.We use P ( |S> P <AJ\41> 8 P ( ‘AMQ>
the expectation maximization (EM) algorithm for the mixtures to get
maximum likelihood [12][15] with twelfth order of MFCC. P ( |S> < |AM> >
B. Supra-Frame Feature: Prosody Features = log P ( A]v11|s> +log < AJMg)

In this work, we utilized the statistics of pitch and energy as (6)
prosodic features. We extract the pitch and energy contours fok,Rere
given segment, and calculate their statistics to construct a twelfth _ M, M,
order feature vector. The statistics used are mean, standard deviation, C=Alog (P (A ) /P (A >> )

;?:;I??:slt rgn'?nﬂmorle?éi? rindejég)err Sln g?}gf;‘:jt t(;rthetté?;rlfaréd it is from the difference between the priori probabilities of the
. y ure v s 9 per u ClassesC = 0 when P (AM1) = P (AM1). SinceC only affects

In this paper, thek nearest neighborhood algorithnt-fNN) [15] . o .
is chosen to model the prosodic features. It is a simple and n&ne thresholdd in binary decision tasks, the posteriori probability

parametric machine learning algorithm, which classifies the |np[5 pm k-NN can be used instead of likelihood without changing the

based on the prototypes in the training data. performance. » .
The posteriori probability that given a feature vectobelongs to This algorithm, however, needs to be modified for this work due to
classm is the nature of two different learning algorithms. While GMM yields

P (A|x) = P (x) N ) very small positive likelihood value from probability density function,

k ’ the k-NN model yields the discrete posteriori probability value with
where N,,, denotes the number of prototypes which belong to thk/k resolution from0 to 1, and in the limit case ofP (A.[s) =
classm among thek nearest prototypes. SindeNN is based on 0 which is computationally impossible to calculate the logarithm.
Euclidean distance, we normalize each component of prosody featAithough adding very small positive value (10~°° in this work)
in the training data so that it has zero mean and unit standardght help the computation, the decision would be dominated by the
deviation. result and to find appropriate weighting factor would be difficult.
Therefore, we propose a modification on the weighted sum of like-

lihood, by using posteriori probability instead of the log probability
Starting with a simple binary classification theory, a classifigpr the k-NN model, i.e

function C(-) which takes a input speeck will yield a result
as to which hypothesis the speech belongs based on a threshold S =\-P (Aﬁ‘,ﬁs) +(1-=X)-LL (s|Af‘,’fQ)

C. Information Fusion Algorithm

comparison, i.e, I (8)
= log (¢"®) "+ 1og (P (s|Am))'
Ho ;62>06
ClE =3 g YR 3)
Lo Then, the final score is represented as
where
£=5 -5 (@) §=fo=5
Po(s) 1A 9

and S, represents likelihood that the speestbelongs toH,,. In = log (%) 1 log (M) . 9)
this work, we set the hypothesis as e () P (s[A1)

« Ho: the input speech is of angry emotional status Briefly speaking, the proposed fusion algorithm provides the same

+ Hi: the input speech is of neutral emotional status. impact with simply taking exponential of the posteriori probability

The decision arising from the spectral and prosodic feature classifitnam £-NN models inside the logarithm. It prevents zero or infinity
need to be combined in order to have a unique and more accuratgde to compute logarithm, and also helps to find the optimal or
classification. Many algorithms have been proposed to deal wgkb-optimal weighting factor for the task by normalizing the dynamic
multiple modalities. One of the most simple and popular methodange of likelihood.



I1l. EXPERIMENTAL SETUPS I. The curves in Fig. 3 are in staircase-like shape because the scores
from k-NN are discrete so that threshold and EER corresponding the

. o threshold are also discrete.
The EMA database is used for model training. It was collected for 40 | provides comparison between the proposed and conven-

emotional speech related research at USC. The train set has 3 spegigi(s) aigorithm in terms of EER for various settings. Weighting value

(1 male and 2 female) and 10 types of sentences. Each speakgs minimizing EER and its corresponding EER are presented. Note
reads the sentences 5 times, and the sentences are approximatelyfWOeither fusion algorithm outperforms the individual modalities,

seconds long. The recording was repeated 4 times for each emotighich indicates that the information included in each level of feature
For testing, data from a similar collection but with different subjects ig complementary. It is remarkable that the proposed algorithm
used. There are 4 subjects (1 male and 3 female) in the test datab@é&)erforms the conventional one. For examplé is 5 andk = 10

The sampling rate of the speech signal is 16kHz and stored in 16-0llse for 5 seconds long segments, we obtain 33% and 27.3% of
resolution. See [13] for details about the dgtabase. For this part'.CL\J@fative improvement over the conventional algorithm. One might
work, we only use neutral and angry sessions to formulate a bingfyice that the weighting valugin parenthesis, which minimizes the
decision problem (200 utterances for train and 1,764 utterances EER with a given setting, varies depending on the segment length:

test). greater) is required for the longer segments. It indicates thatiso
needs to be adjusted according to the length of the segment in real

] ) ) ~ applications.
Since evaluating the performance of the real-time system is VeIYFig. 4 and 5 illustrate the performance improvement due to the

difficult, we concatenate the utterances from the test database iBFBposed multi-modal approach for chosen model setting cases (
fixed length segments and feed them into the system to simulate

real-time conditions. A toolkit, called DETware from NIST, is used

to evaluate the system performance [14]. Although the toolkit is
originally devised for speaker verification systems, it can be generally 40 1
used for any binary decision problems by showing detection error

trade-off depending on the threshold. Equal error rate (EER) is

usually the quoted metric for representing the quality of the detection,

and it represents the error rate when the false alarm and the miss
probability are equal.

A. Database

B. Evaluation

"
1 sec
2 sec
3 sec
4 sec
5 sec

20 1

10 |

IV. RESULTS AND DISCUSSIONS

Table | shows the equal error rates (EER) of each single modality
task, spectral and prosody features, with respect to various model
settings and length of speech segment. For the spectral feature cases,
an improvement is generally observed as the speech segment gets
longer, while it is not necessarily always true for the prosody feature 02t
cases. It is reasonable because the more spectral feature vectors there 01}
are the longer the segment is, while there is only one feature vector for 010205 1 2 10 "
the prosody feature regardless of the length of segment. For prosody " False Alarm probability (in %)
features, the EER is lower whénis large for short segments<(3
Sec_), while it is minimized at = 10 for |onger Segments){ 3 Flg 2. DET curves with various speech Iength for spectral model with 64
sec.). In the case of spectral features, the EER is minimized when f&tes:
number of Gaussian mixture is 64 for all segment lengths. It indicates

Miss probability (in %)
(6]

k should be adjusted according to the length of the segment in real 20 | 1sec
applications, while the number of GMM can be fixed regardless of the 2 sec
length. Fig. 2 and 3 depict DET curves of the chosen tasks in Table j:zz
20 5 sec
TABLE | g
EERFOR VARIOUS SPEECH LENGTH AND(UPPER NUMBER OF MIXTURES = 107
FORGMM WITH SPECTRAL FEATURE (BOTTOM) k FOR k-NN MODEL § 5
WITH PROSODY FEATURES 8
o
speech length (sec)|| 1 sec| 2 sec| 3sec| 4 sec| 5 sec g 2
M =38 244 | 20.0 | 188 | 179 | 155 1
Spectral [ M = 16 243 | 194 | 179 | 171 | 163
features [ M =32 || 244 | 193 | 18.2 | 168 | 168 05t
M =64 221 | 179 | 157 | 152 | 145 02t
M =128 |[ 237 | 189 | 174 | 16.0 | 159 o1l
E=1 311 188 [ 179 | 201 | 218 L ‘ ‘ ‘ ‘
Prosody k=5 216 | 164 | 151 | 105 | 10.3 0102 05 1 2 5 10 20 40
features k=10 21.5 15.3 12.3 8.23 8.10 False Alarm probability (in %)
k=20 193 | 143 | 118 | 9.66 | 10.3
k =30 19.7 | 138 | 114 | 9.34 | 9.90 Fig. 3. DET curves with various speech length for prosody model with

10-NN model.



TABLE I
MINIMUM EERWITH VARIOUS SPEECH LENGTH ANDk (M = 64), AND
THE CORRESPONDING WEIGHTING VALUEX IN THE PARENTHESES

l1sec| 2sec| 3sec| 4sec| 5sec
k=1 Proposed 18.5 12.9 114 10.1 8.91
(0.47) | (0.44) | (0.62) | (0.67) | (0.66)
Conventional || 18.9 12.9 114 10.1 8.91

k=5 Proposed 171 11.5 9.03 8.23 5.32

Conventional|| 172 | 130 | 106 | 823 | 7.93

Miss probability (in %)

k=10 Proposed 16.9 10.6 9.03 7.44 4.75

Conventional|| 17.7 | 125 | 104 | 791 | 654

k=20 Proposed 16.1 10.8 8.68 7.44 5.15 0.1t
(0.63) | (0.70) | (0.73) | (0.78) | (0.78) - P i ; ; ;
Conventional || 15.7 114 9.27 7.58 5.15 0102 05 1 2 5 10 20 40
(0.36) | (0.48) | (0.65) | (0.78) | (0.64) False Alarm probability (in %)

k=30 Proposed 15.8 10.3 8.20 6.80 5.73 ) . N ) .
(0.63) | (0.72) | (0.72) | (0.88) | (0.75) Fig. 5. DET curves which minimizes the EER for given settings< 10

Conventional|| 158 | 106 | 893 | 6.80 | 6.13 and M = 64).

proposed system with multi-modal fusion algorithm outperforms the
individual modalities, and further improvements were obtained by
using the proposed information fusion algorithm over the conven-
tional weighted sum of likelihood fusion algorithm in terms of equal
error rate (EER) as well as detection error trade-off (DET) curves.
The proposed real-time system will be extended to be connected
to automatic speech recognizer (ASR) systems, question-answer
classifier, and etc. in distributed computing environment to retrieve
additional information.
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