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Abstract

Currently resource constrained and inexpensive embedded systems have become virtually
an ubiquitous technology. The way in that people interact with this technology can be
improved by using emotional -information from the user: In this work,a novel
human-machine ‘interaction system is proposed where emotional recognition from the
speech signal is used to create an emotion aware music player that can be implemented on a
standard smartphone-like embedded platform. Since a person’s emotion cannot always be
classified in a' certain number of categories such as happy or angry, the proposed system
maps an ‘inputted short speech utterance to a two dimensional emotional plane of valence
and arousal, where any given‘emotions can have continuous values. This strategy allows the
system to automatically select a piece of music from a database of songs; in which emotions
are also expressed using arousal and valences values. Furthermore, a cheer-up strategy is
proposed where in case the detected emotional content is detected as negative, music songs
with varying emotional content are played in order to cheer-up the user to a more neutral —
happy state. The system has been implemented in a popular inexpensive embedded platform
Beagleboard XM which uses an electret microphone and a touch screen panel as input from
the user. The proposed system can be used in human-machine interface applications like
companion robots, car sound systems and communication devices like cellphones, where

music can be played according to user’s emotional state.
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I. Introduction

1.1 Motivation

Current advance in technology make possible to build more complex intelligent systems
in hardware constraint embedded platforms [1]. One result of this is the so called pet robots
or companion robots that are typically small size robots with some kind of intelligence [2].
These pets’ robots can perform some actions based on speech and face recognition
capabilities. Besides pet robots, recently there has been a boom in portable hand-held
devices like smartphones, of which processing capabilities are constantly increasing; some
of them even have similar capabilities of those found in adesktop PC but with the
advantage of consuming very low power and having a very small footprint. It would be
good if these embedded systems can interact with us using the emotional information that is
encoded in the human speech. Like that, these systems could have some sort of better
intelligence that allows them to adapt and even “better” behave instead of just acting

according to some given instructions.

1.2 Previous Related Works

The work to be proposed in this thesis focuses on.the human-robot interaction (HRI) and
emotional speech cognition (ESR) technology. ESR basically aims to automatically identify
the emotional or physical state of a human being from his or her voice [3]. Emotion
recognition has been a hot research topic and its main goal is to allow a robot or a machine
to better behave or adapt to the user, thus making the interaction between human and
machine more natural and friendly [4]. Although there are several methods in that emotion
can be detected, for instance biosensors (EKG, ECG, blood pressure), or facial emotion

recognition, in particular emotion recognition from speech requires less hardware and



computational complexity. The following paragraphs will present some previous works that
uses emotion recognition technology from speech applied to HRI applications.

In [5] the authors tackle the problem that uses combined audio-visual information in
emotion recognition and works by employing very straightforward and simple rules.
Authors then used speech emotion recognition as a part of a bimodal system comprising
also face recognition, in which a novel probabilistic strategy is studied for a support vector
machine (SVM) based classification design to assign statistically information-fusion
weights for two feature modalities. Figure 1 shows their design. For visual recognition, the
processing method has face detection and facial feature extraction algorithms. For speech
processing, after endpoint detection and framing, features from audio signal used for
emotion classification are statistics of short time energy and pitch. At last by setting proper
weights to each modality based on theirs recognition reliability, a more accurate recognition
decision is obtained. The complete system is implemented in a DSP-based embedded
system which can recognize five facial expressions on-line in real time. Authors claim to
achieve recognition rate of 86.9% which is 5% improvement if only image information is
used.
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Figure 1: Bimodal Emotion Recognition System in [5].



The work in [6] evaluates the performance of a speech emotion recognition method for
affective human-robot interaction. Six emotions can be recognized (angry, bored, happy,
neutral, sad and surprised). Basically the systems works by obtaining a feature vector from
the sampled voice signal and using a Gaussian support vector machine as emotion classifier.
The features obtained from speech utterances are log energy, shimmer, formant frequencies
and Teager energy. The support vector machine maximizes the margin between two classes.
Using a kernel function the SVM maps the space S ={x} consisting of the input samples
into a high dimensional feature space so that the input samples become linearly separable in
the high dimensional feature space. The kernel function K(x,x;) of new input x and training

input x; is:

mrs
f(x) =thi viK(x;, x) t o (1)
i=1

were SVs is the number of the training inputs and y; = +1 are the label of the training inputs
xi. The parameters o; > (O are optimized during training phase. Figure 2 and Figure 3 show

the support vector machine with a kernel function example and the system architecture used

in [6].
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Figure 2: SVM with a kernel function in [6].
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The speech data based was recorded using Korean language according to a_human-robot
interaction scenario enrolling sentences, greeting dialogs, some conversations regarding
weather and time and speech-commands to control moving direction of robots. Authors
claim to obtain a classification accuracy of 58.6% compared to manual classification
obtained from human listeners of 60.4%.

Work in [7], authors proposes a robot driven camera that can be controlled manually by
a joystick or using speech commands used in laparoscopic surgery (kind of minimal
invasive surgery), but to overcome the problems arising from high stress and partially
fatigue, the motional factors are also integrated in the human robot interaction. In the case
of a confused or angry surgeon the interface initializes a security callback dialog to certify
that understood camera direction is correct. Authors employ a high dimensional acoustic
feature space and subset optimization for recognition of positive versus negative emotion
for interaction adaptation, surgeon self-monitoring. As database authors discuss the
recording of a 3,035 turns of spontaneous emotional speech in real life surgical operations.
Vocabulary consists of highly limited ten terms (camera, quit, move, stop, up, down, left,
right, forward, and backward). The speech recognition system is based on a support vector

machine classifier Model. A strictly systematic generation of features was chosen for the



construction of large feature space as basis for subsequent selection of relevant features.
Features used include: duration, energy, pitch, formants, cepstral, and voice quality. Speech
is sampled at 16 kHz, 16 bit. Detected emotion is mapped into 3 categories: positive
negative and neutral. The authors say that the recordings showed the need of handling of
emotional speech since only 53% of the surgeon-robot interaction turns were labeled neutral.
After brute-force generation and subsequent space optimization 75.5% accuracy could be
reached for the discrimination of positive and negative emotion by the SVM. Work in [08],
introduced a human activity and emotion aware mobile music player Xpod, which is based
on the idea of automating much of the interaction between the music player and its user. It

learns user’s preferences, emotions and activity and reproduces music selections

accordingly.
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Figure 4: Speech control interface for surgeon assistant robot in [7].



The device in [8] monitors a number of external variables to determine its user’s levels of
activity, motion and physical states to make a model of the task its user is undertaking at the
moment and predict the genre of music that would be appropriate. The Xpod relies on a
BodyMedia Sense Wear device which is a real-time device that uses a series of sensors to
measure the rate of body movement, acceleration, and body heat from user. This data is
used by a series of algorithms that determine average, and standard deviation and compare
the results to a pre-determined range that would correspond to “active”, “passive” and
resting. Once the user state is determined, information is passed to a neural network, which
compares the user’s cutrent state, time and activity levels to past user song preferences
matching the existing set of conditions and makes a musical selection. The XPOD neural
network architecture is shown in Figure 5. The Xpod system is'composed of a server and a
client scheme. The server is a laptop PC in which processing is done. The client is a
personal digital assistant (PDA) where the music player interfaces its running. Client and
server communicate through Wi-Fi network. The Xpod concept was tested with a simple

ranking rule according to the song Beats-per-minute (BPM).

Heat Flow GSR
Genre

Figure 5: XPOD neural network format in [8].
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When doing activity the user will give a high rank on high BPM songs being played and
low rank to songs with low BPM, when resting the user will rank song in the opposite way.
The system proves to learn the pattern of listening behavior exhibited by the test user.
Author claims that although the pattern of listening was trivial and easily testable, much
more complicated patterns would be learned by the proposed algorithms.

Work in [9] presents an emotion-based music retrieval platform, called Mr. Emo, for
organizing and browsing music collections shown in Figure 6. Unlike common approaches
to classification of emotion into classes, the music retrieval platform defines emotions in the
two dimension valence-arousal emotional plane. Since music is associated with the valence
arousal values; each piece of music is easily retrieved as a point in the 2D arousal-valence
emotional model making easy for the user to retrieve music with certain emotions. The
proposed system architecture is composed of two main parts, the prediction of
arousal-valence values using regression models; and the emotion-based visualization and
retrieval of music samples. The emotion prediction is done by using a support vector

regression method for training.

Subjective Regressor
g t tg' ing
Training es raining
dol Feature | | i i
extraction Regression :
SRER— models Emotion-based
. retrieval
Music Feature AV values Emotion
Collections extraction prediction visualization

Figure 6: System architecture of Music retrieval platform in [9].



The training set is composed of 60 English pop songs, whose arousal-valence values are
annotated by 40 participants. For feature extraction, authors uses 52 timbral texture features
(spectral centroid, spectral roll off, spectral flux and MFCC) and 192 MPEG-7 features
(spectral flatness measure and spectral crest factor). Prediction accuracy reaches 0.793 for
arousal and 0.334 for valence which authors claims satisfactory in the light of valence
modeling since previous studies show that even human subjects can easily perceive opposite
valence for the same song. Emotion-based visualization and retrieval system predicts
arousal-valence values for a new given song automatically using the regression model. Each
piece of music is visualized as a point in the two dimensional emotional plane and similarity
between music. samples is measured by Euclidean distance. Figure 7 shows the samples
distribution of some Beatles songs obtained by the music retrieval platform. Authors’
system demonstration has three retrieval methods: the user can retrieve music of a certain
emotion by specifying a point in the emotional plane, user can create a playlist by drawing a
free trajectory representing a sequence of emotions in the emotion plane and the user can

search by specify an author and a desired emotion.

high arousal

negative | positive

low arousal

Figure 7: Music samples distribution of The Beatles according to music retrieval platform in

[9].



1.3 Problem Definition

Research in emotion recognition technology and emotion in music has been a hot topic
due to its important role in improving human-robot interfaces for robots to better understand
and serve humans [10]-[12]. People like to listen to music and usually it is chosen based on
feelings at the moment. Depending on the situation, people would like to hear music but
maybe it would be inconvenient if for example emotions with negative feelings are being
experienced. In that case it could be good if an automated system helps the user to select
music that could reflect is emotions or even better that can be aware of his emotional
feelings and can try to help him feel better by cheering up trough music of certain emotional
content just like a real friend would do. This work tries to find a solution that can make
possible to relate music and-speech-emotional content by instead of using discrete emotional
categories, a continuous emotional model is used that allows emotional content to be
expressed in a continuous way. This will allow to best differentiating songs that has similar
emotional content but that are still different between each other.

Thevidea of the current work is-to design a music player that is expected to recognize
emotional content in the speech using some basic features and will be able by some means
to map them in to.songs that will reflect the user emotional state. In‘a real scenario, this kind
of system will be designed so it.can be implemented in an inexpensive resource constraint
platform as the ones used in small personal robots that are able to “understand” the user
emotions by playing music accordingly and furthermore that in case of a “negative”
emotion is detected, the system would try to cheer up the user just like a user good friend

will try to do.



II. System Architecture and Design

2.1 System Architecture

The system proposed in this work is based on three main blocks: signal preprocessing,
feature extraction and arousal and valence mapping. Signal preprocessing and feature
extraction blocks purpose is to get useful information from the speech signal. This
information is used to get some features that are related to the emotional content in the
speech. The focus in this part is to use the most useful features that has been reported in
previous work on emotional speech recognition trying to avoid complex implementation
since the target platform is-a low cost hardware constrained embedded system. In the
arousal and valence mapping block, the arousal and valence two-dimensional model is
adopted to propose a method that allow mapping of the obtained features from speech
processing in to a continuous emotional space: This kind of mapping is desired in order to
relate emotional speech and emotional content in music. This block also includes an
emotion ‘cheer up strategy that depending on- detected emotional content, will select
adequate tunes in order to cheer-up the user to a more neutral-happy state. Figure 8 shows
the system architecture. The three main blocks are identified-as preprocessing (A), feature
extraction (B) and arousal and valence mapping (C).-In the Following paragraphs and
sections a detail explanation of the overall system architecture will be presented.

Figure 8 also shows that the three main blocks in the system architecture can be further
subdivided into several blocks named: preprocessing, feature extraction, post-processing,
arousal and valence mapping (AV mapping), arousal and valence matching and emotion
cheer-up. The preprocessing block does end-point and silence removal detection, signal
framing and windowing. The output from this module contains the voiced data divided into

30 ms windowed frames (where speech is mainly stationary). The feature extraction block

10



calculates pitch, energy and the first three formants on every frame. This module follows a
post-processing block where filtering processing for signal smoothing get rid of some noise
in the features waveforms. Then statistical values of these features (mean, standard
deviation, maximum and minimum) are calculated to form a feature vector. The arousal and
valence mapping maps the feature vector into arousal and valence values in the
two-dimensional emotional plane by using a feed-forward back-propagation neural network
architecture. The arousal valence matching module takes the emotion mapped in the
two-dimensional emotional plane and will find a suitable song from the database that best
matches the given emotion. The emotion cheer-up not only reflects your current emotional
state by playing a song accordingly, but also tries to continuously change songs in order to
keep user’s emotional state-in-a-neutral-positive. state if a negative emotion has been
detected.

The overall system is mapped and realized onto the Beagleboard XM embedded
platform [13] which among several characteristics has an 1GHz ARM processor, and audio
codec that is used for speech signal acquisition and audio reproduction, 512/ MB of RAM
memory,'a HDMI connector for a touchpanel and a Micro-SD slot. The input to the system
is small duration utterance captured with an electret microphone and.a touchscreen panel for
control interface. The inputted speech is processed and a song will be played after few
seconds depending on the emotional content'in the input utterance. The system contains a
referenced music database composed of 60 songs where arousal and valence values have
been manually annotated by several invited people. Every block on the system architecture

will be explained in detailed in the next sections.
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Figure 8: Emotion based music player system block diagram.

2.2 Emeotion recognition from speech

Emotional information is encoded in all aspects of language. Murray and Arnott [14],
refer to a number of studies: which give evidence of how emotion can be inferred from
acoustics relate to speech signal. For instance the most investigated vocal parameters are
related to prosody of speech like pitch, intensity, speaking rate and voice quality. There is

evidence that emotions are correlated to how these prosodic parameters change in the

speech signal.

Emotion recognition from speech is usually done by processing extracted acoustic
information from the speech signal. First, signal preprocessing is done and then SER is
tackled as a pattern recognition task which implies the following steps: feature extraction,
feature selection, classifier choice and testing [15]. The process starts when human voice is

produced: vocal cords open and close (glottis) very quickly generating vibration in air flow

12




soft palate
(velum)

vocal folds

Figure 9: Human Voice production system [ 17].

coming from the lungs which fundamental frequency.is called pitch. The air vibration is
then modulated by the resonances of the pharyngeal/nasal/oral cavities, forming different
timbre in the voice [16]. Figure 9 shows a graphical representation of the human voice
production system.

Emotion can be inferred by processing some characteristics in the digital representation
of the speech signal like the fundamental frequency, energy and frequency components. The
human voice is then digitized and quantized to represent it as a digital waveform that can be
then processed by a digital system. The emotion recognition processing is better explained

in the following paragraphs.

2.3 Preprocessing

Before the selected features for emotion classification can be correctly extracted from
the speech signal, it has to be preprocessed in the following way: sampling and quantization,

silence and end-point detection, framing and windowing. These steps will be explained next.
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The audio signal is inherently analog so in order to be processed by a computer it has to be
represented as a digital wave form. Two important parameters when dealing with digital
signals is the sample rate (number of samples took from the original analog signal per
second) and the bits per sample. Audio signal is relatively low bandwidth, usually between
100 Hz to 8 KHz and most of the energy is concentrated between the 100Hz to 4 KHz band
[18], so for a good digital representation the sample rate has to be at least two times of the
higher frequency to be analyzed according to the Nyquist theorem. If higher frequencies are
needed, a higher sampling rate of usually 16 KHz can be used but this requires more
computing power and memory. The higher bits per sample the better representation of the
input signal is obtained, but this also increases computing power and memory needed, so
usually 8 12 or 16 bits are -used when dealing with speech signals. The digitization of the
analog'signal is made by the audio codec embedded in the Beagleboard XM. Once properly
configured, it takes the audio signal coming from an-electret condenser type microphone

(line-in input) and outputs the raw sampled signal.

2.3.2 Silence removal and end point detection

Once having the digitized signal, silence removal and end point detection signal
processing must follow in order to get rid of unnecessary information that otherwise will
take time and resources to be processed. For silence-and endpoint detection the algorithm
proposed in [19] is used. The algorithm is based on the probability density function of the
signal background noise and also the physiological aspect of speech production processes.
The normal density has the traditional “bell-shaped curve” and is completely determined by
the numerical value of the two parameters the mean u and the variance 6%

pe) = e A7) (1)
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The distribution showed in (1) is symmetrical about the mean, the peak occurring at x = u,
and the width of the bell is proportional to the standard deviation o, usually, distributed data
point tend to cluster around the mean. A natural measure of distance from x to mean is the
distance Ix - ul measured in units of standard deviation and which is analytically expressed

as:
e o )

which is also defined as the ‘“Mahalanobis distance”. A standardized normal random

variable r=(x- u)/o has zero.mean.and unit standard deviation that is:

p(u) = \/%e_”? (€)

In an utterance (piece of speech) usually the first 200 milliseconds (which are 1600
samples using a sampling rate of 8 kHz) corresponds to silence or background noise
because the speaker takes some time to start speaking when recording starts. Knowing this
and using the above theory the algorithm for silence removal and endpoint detection goes as
follows:

e (alculate the mean y and standard deviation o of the first 1600 samples of the given
utterance. Then going from first to last sample of utterance in each sample x, check
if I(x- u)/ol > 3 or not. If is greater than three, the sample is treated as voiced
otherwise it is silence/unvoiced. Noting here that the threshold reject the samples up
to 99.7% since the probability P,of data values clustering around the mean is given

by the next relation:
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P.(|x — ul <30) =0.997 4)

e Mark the voiced sample as 1 and unvoiced sample as 0. Divide the whole signal into

10ms non-overlapping windows.

¢ In each window if the number of ones is greater than zeros, mark zeros as one and

vice versa. This method keeps in mind that the speech production system cannot
change abruptly in a short period of time window (taken 10 milliseconds if 8 kHz
sampling rate adopted).

e Collect the voiced part only according to the labeled ““1”” samples and dump in a new

array.

Figure 10 shows an input speech and the processed signal using the algorithm of silence
removal and endpoint detection described above. In (a) the input speech signal is composed
of both speech and silences marked as blue and red respectively. In (b) after processing
using the endpoint detection and silence removal, just the speech signal is left marked as
blue. As can be seen, the total number of samples has been reduced from 18000 to almost

9000 which will reduce processing time-considerably.

| | | | | | | |
u] 2000 4000 6000 a000 10000 12000 14000 16000 18000
samples ec)

(a)

amplitude
R - T =~ B R,
T

R U SRR,

| | | | | 1 | |
u] 1000 2000 3000 4000 5000 6000 7000 8000 9000
samples (8000 sampfsec)

(b)
Figure 10: (a) Input utterance and (b) processed signal using the silence removal and

endpoint detection algorithm.

16



2.3.3 Framing and windowing

The speech signal is a slowly time varying signal [20] in the sense, that, when examined
over sufficiently short period of time (between 5 and 100 milliseconds), its characteristics
are fairly stationary: however, over a long period of time (on the order of 1/5 second or
more) the signal characteristics change to reflect the different speech sounds being spoken.
Time invariant signals are usually assumed in signal processing techniques, therefore the
speech signal is divided in frames of 20 to 30 milliseconds where the signal is supposed to
be time-invariant with 2-3 signal periods [20]. Thus at 8§ KHz sampling rate, a frame is
composed of 160 to 240 samples. So instead of processing the whole utterance, every frame
on the signal is processed separately and then a new representation of the signal is created
where each sample is the result of processing the corresponding frame. Usually the frames
are overlapped, meaning that the next frame does not start after the last sample on the last
frame but instead starts in a certain sample inside the last frame. This overlap can be up to
50%. Figure 11 shows a speech signal waveform and how it is divided into overlapping

frames F1, F2, etc.

F2 Fa

F1 Fa

Figure 11: Example of framing of a signal [20].
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The total number of frames in which a signal is divided is a function of the frame length,
frame shift (number of samples that separates two overlapped frames. If overlapping is 50%
and frame length is 160 samples, then frame shift will be 80) and signal length which is the

total number of samples in a given speech signal as given by (5):

signal lenght—frame lenght
frame shift

&)

#of frames =

For some speech processing, the abruptly cut off of the signal at the boundaries (Figure
12a) of frames can cause problems. Therefore a windowing operation is used where the
signal in every frame is processed so samples at boundaries are altered. Figure 12 shows a
frame signal (a) and the obtained windowed signal after it has been processed using a
Hamming window. If samples in each frame of the signal remain unaltered it is assumed

that a rectangular window has been used. On the contrary,

0.08 r : - - . 0.04 T : r T T

005

0 200 400 &00 800 1000 1200 T 200 400 &0 800 1060 1300
(a) (b)

Figure 12: Example of signal windowing. (a) original signal and (b)obtained signal after

multiplication with a hamming window.
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there is the hamming window which shrinks the value of the signal towards zero at the

window boundaries (Figure 12b), avoiding discontinuities and is defined as follows:

2m(n—1)

w(n) = 0.54 — 0.46 cos( ) ,1<n<N (6)

where N is the total number of samples per frame: The windowed signal y(n) is obtained by
multiplying the signal s(n) composed of all the samples in a given frame and the hamming

window w(n) as in (7):

y(n)=sm)*wn) ,1<n<N 7
2.4 Feature Extraction

A critical issue in the realization of the emotion recognition system is the selection of
feature set to use [21]. Features for emotion recognition are mainly derived from speech
recognition technology. But up to date is still unclear which set of features give the best
emotional content [22]. There is evidence, suggesting ‘that only the use of few combined
features can contribute for more accurate classification, and yet the.excessive use of many
elements degrades system performance [23]. Classical features used are based on prosody
of speech, and are sometimes classified as short time features. Common prosodic features
are based on pitch and energy of segments of an utterance [24]. Short time features and its
statistics provide important emotion-related information and are usually calculated on a
frame-basis since fundamental frequency of speech is assumed to be stationary in these
frames. For these work the next features are selected to be relevant to emotion speech

recognition and at the same time targeting and embedded platform as a test bench.
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2.4.1 Energy

The short-term energy is useful for speech emotion recognition since it is related to the
arousal level of emotions [25]. The short term energy E,, of a speech signal s(n) that has

been divided in m number of frames f{n) of a given is calculated as:

N
Ek=Zf[n]2,1SkSm @®)
n=1

where N is the total number of samples in the framed signal f{n). The result of the
processing. is a waveform in which every sample represents the energy contained in the
respective frame used to processing. Figure 13 shows the result of short-term energy
calculation over a speech signal. Figure 13 shows when the speech signal has a low
amplitude value so does the energy so it can be inferred that for calm uttered speech like sad
ore bored emotional speech, the result average energy will be lower if compared to that for

exited speech where speech amplitude will be high.
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Figure 13: Short-term energy (b) of a speech signal (a). Frame size is 320 and frame shift is

160 using rectangular window.
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2.4.2 Pitch

The pitch signal contains information about emotion, because it depends on the tension
of the vocal folds and the sub glottal air pressure. The pitch signal is produced from the
vibration of the vocal folds [26]. Pitch signal represents the vibration rate of the audio signal
which can be represented by the fundamental frequency or the fundamental period. The
glottal volume velocity denotes the.air velocity through glottis during the vocal fold
vibration. High velocity indicates music like speech like joy or surprise. Low velocity is in
harsher styles such as anger or disgust [27]. There are many methods for calculating pitch
signal. Among them is the autocorrelation method which is time domain based and is very
suitable for embedded systems.since required computing power is less compared to other
more elaborated methods using frequency domain. The autocorrelation function estimates

the similarity between a frame s(i), i = 0 ~ n-1, and its delayed version:

n-1-t

ACF(z) = z s(@)s(i+1) ©)
i=0

where 1 is the lag tab. in terms of sample points. The value of 1 that maximizes the
autocorrelation function ACF(t).over a specified range is selected as the pitch period in

sample points. The pitch is then obtained using the expression:

Fs
itch = 10
p max |autocorrelation function| (10)

where F's is the sampling frequency which for this work is 8000 samples per second. Figure
14 shows the obtained pitch waveform (b) for an inputted utterance (a) using the
Beagleboard system. It’s seen that it has a range between 60 and 250 Hz. But there is some

noise that will be removed in the post-processing module.
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Figure 14: (a) Speech signal and (b) pitch signal calculated using autocorrelation function

(b). Frame size is 320 and frame shift is 160 using rectangular window.

2.4.3 Formants

The speech production system as shown in Figure 9 is usually modeled as a source filter
system where the source is a train of impulses representing the glottis and vocal cords, the
filter is a representation of the vocal tract [28]. The vocal track can be represented as a
concatenation of lossless tubes; these tubes shaped the incoming wave as if the sources
signal where being filtered by the resonances frequencies associated to the tubes. The
resonant frequencies are called as formants and they give information about the vocal track
shape. Formants are important feature for emotion recognition since the vocal track is
affected by emotional states. Figure 15 shows a simplified diagram of the speech production
model [28].

Formants can be obtained using linear predictive coding (LPC) analysis. Linear
prediction is an adequate all-pole model to voiced speech signals. Parameters of all-pole

model are representative of formant positions [28].
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Figure 15: Block diagram of simplified model for speech production [28].

Figure 16 shows the frequency spectrum of the “ae” sound using the Fourier Transform
(a) and suing linear predictive coding (b). And the first three formant frequencies named as
F1, F2 and F3.

The basic idea of linear prediction is that a current speech sample can be closely

approximated as a linear combination of past samples:

P
s(n) = Z aps(n — k) + Gu(n) (11)
k=1
Applying the z transform:
S(z) G

H(z) = (12)

Uiz) 1-YP_ ayz*

Formants are found relaying on the a; coefficients on Equation (12) which are also known

as the LPC coefficients which are the solution to the autocorrelation equation in (13) [29]:
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where a,(1), 0p(2), ..., op(p) are the p LPC coefficients. The formant frequencies are then
estimated by finding the first three peaks on the spectrum signal obtained by using the
discrete Fourier transform on the 256 samples signal formed from the LPC coefficient and
some zero padding. This process is done on a frame-basis and results in formants
frequencies waveforms as the one shown in Figure 17. In this case, an input speech
utterance is processed and then on a frame basis the LPC coefficient for a P order of 11 (3
formants are needed) are founded using Levinson-Durbin algorithm giving 11 LPC
coefficients. To form a 256 points signal, the 11 founded LPC coefficients are zero padding
which means that 256 minus 11 zeros are added and the discrete Fourier transform is used
to obtain the frequency spectrum. This obtained spectrum has the advantage that is very
smooth so formants frequencies can be easily founded. A quick inspection on Figure 17
shows that formant frequency Fl has a value changing from 1000 Hz to 2000 Hz. Some
noise appearing on the signal waveform can be reduced in the post-processing block using

some filtering like median filter as explained next.

frequencyi(H=)

| |
0 ll il n Ll l b0 [l ] el
fomant £ rame number|

Figure 17: Formant frequency waveform obtained from a speech utterance using linear

predictive coding. Frame size is 320 and frame shift is 160.
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2.5 Post processing

After feature extraction processing, some of the feature waveforms have some noise that
can affect the statistics values that will be measured in the feature vector extraction. In order
to reduce the noise, a smooth of the extracted features is done using the moving average
filter. This filter works by taking the average sum values around the value to be filtered in
order to compensate from any abruptly change due.to some noise. The moving average filter

has the following expression:

i=n

2 : Yieri
Y, = 14
(s ] 2n+1 (14)

l=—n

Where (Y})s is the filtered signal, Y 1is the signal to-be filtered and n is a the filter order.

Figure 18 shows the result of applying the filter over a formant waveform.
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Figure 18: (b) Effect of the moving average filter on (a) original formant waveform.
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2.6 Feature Vector

After the feature extraction and filtering processing, a feature vector is built by
computing some statistical values (mean, standard deviation, maximum and minimum) on
the obtained features. The feature vector has the formF, = (F,, F,, ..., E,), where n is the
feature vector length. For these work, the feature vector length is 20:

Fy = (mean Energy,

Standard deviation o
Max of Energy

Min of Energ

Mean Formant2,
Standard deviation o
Max of Formant2,
Min of Formant2,
Mean Formant3,
Standard deviation of Formant3,
Max of Formant3,

Min of Formant3)
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The obtained feature vector will have values having significant difference in magnitude
between each component, thus to avoid a component being dominant, the feature vector is

normalized using the next Equation 15 [30]:

I = Imin + (Imax - Imin) * (D - Dmin)/(Dmax - Dmin) (15)

where Dy, and D,,;, are maximum and minimum values of the input data, I,,, and I, are
the maximum and minimum range for normalization and 7 and D, are the normalized data
and data to be normalized respectively. By using the normalization all components of the
feature vector will fall between -1 and 1 range which is also the input range desired for the

neural network classifier.

2.7 AV Mapping

As people show their emotional expressions. to their various degrees individually, it is
not an'easy task to judge or to model human emotions [31]. In the literature, there are
usually two methods to model emotions. One method is to map emotions in.to discrete
categories; this means that a given emotion has to be classified within a prescribed list of
word labels, e.g.joy, sadness, surprise, anger, love, fear, etc. This method has the drawback
that real emotions range vary significatively and although classify them in to discrete states
could be helpful for simplification; still emotions cannot be adequately expressed in discrete
word labels. The second method to classify emotion is by using one or multiple dimensions
or scales. In this way a stimulus can be categorized in continuous scales like for example,
pleasant-unpleasant, attention-rejection, simple-complicated, etc. two commons scales are
valence and arousal where valence represent the pleasantness of stimuli and arousal
represent the energy or activation level of stimuli. This kind of model was proposed by

Thayer [32] and is shown in Figure 19. For example, valence has a positive valence or
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Figure 19: Thayer’s two-dimensional emotional plane of emotion [32].

pleasant, while disgust has a negative valence (or unpleasant). In the same way sadness has
low arousal whereas surprise has a high arousal level: Using these two scales, a two axis
plane results and a two-dimensional model can be constructed where different emotional
levels can be plotted.

The two dimensional model is very useful because it can map emotions in a continuous
way but at the same time it can also be divided in order to account for some categorization
of emotions. Taking advantage of this property, the Thayer dimensional model is divided in
the most common used emotion categories in order to assign arousal and valence values to
the input utterances used in the neural network. This division will make possible also to
later categorize the obtained arousal and valence values in order to make a fair comparison
of the proposed system architecture to other works using emotional categorization as output.
Based on Thayer’s work the emotional plane has been subdivided as shown in Figure 20.
Just the emotional categories used for training are shown.

For convenience, the maximum and minimum ranges of the arousal and valence values

in the dimensional plane have been chosen to fall between -1 and 1. The arousal and
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valence value assigned to an utterance in the training phase is taken as the central value of
the emotion category quadrant in the plane. So if the emotional category quadrant’s origin is
set as the most left and lower point of the quadrant in the emotional plane, the arousal and
valence values assign to each emotion category E(A,V) used for training are calculated

using (16):

E(A;V) = (04 + 0.25, 0y + 0.25) (16)

where 04 and Oy are the quadrants origin in the emotional plane. 0.25 is half the side of a
quadrant of 0.5 by 0.5 so by doing the calculations, the arousal and valences values assigned

to training utterances can be written as given in Table 1.

Arousal
.1
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An Surprise
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||
Sad
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]
Bored
-1

Figure 20: Thayer’s emotional model and the emotional categories used for training of the

neural network
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In this work a Feed-forward Back-propagation (FFBP) neural network is used in order
to map the obtained feature vector to the 2D emotional plane. In a Feed-forward
Back-propagation neural network layers of nodes are interconnected in a feed-forward
manner, this is data flows in a forward direction [33]. Usually this kind of network has three
layers, an input layer, one or more hidden layers and an output layer. Figure 21 shows a
typical structure of a Feed-forward Back-propagation Neural Network where L is the

number of nodes in each layer and can be different for each layer.

Table 1: Training utterances’ assigned arousal and valence values according to emotion

category used.

Valence Arousal
Anger -0.75 0.75
Boredom -025 -0.75
Happiness 0.75 0.25
Neutral 0.0 0.0
Sadness -0.75 -0.25
Surprise 0.75 0.75

What a FFBP neural network does is that when-an input pattern is presented in the input
layer, an output pattern will result at the output layer according to a training phase that has
previously run through the network. Every input neuron should represent an independent
variable that has an influence over the output of the neural network [33]. For this work there
are three feed-forward back-propagation neural networks structures used since there were 3
emotional speech databases used that will be introduced later. To get the network structures,

there were an iterative process were
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Figure 21: Feed-Forward Back-Propagation neural network architecture.

after each training phase targeting a certain error rate, the structure were used on the
validation set to check the error-again and the process finished after the “best’” possible error

rate was founded.

2.8 Music Database

Music songs will be the output of the music player system. To adequately compare
arousal and valence values from the AV mapping block and the individual songs, a fair
assignment must be done since a given song emotional content must try to represent the
same emotional content inferred from the user. For this purpose, the work of [34] is
referenced, where a database of 60 English famous popular songs has been annotated by 40
individuals. The music samples were trimmed to 25 seconds by manually trimming the
chorus part. Figure 22 shows the arousal and valence values of each song in the music
database plotted on the emotional plane. Each of the 40 persons manually annotated arousal
and valence vales for each of the 60 trimmed song in a range between [-1 1]. At the end
the mean value of the overall annotation has been assigned as arousal and valence values for

a given song.
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Figure 22: Music samples distribution of the song database [34].

2.9 Music and speech emotional matching

After obtaining arousal and valence values from the AV mapping module; the obtained
arousal and valence values-are -matched to the songs ones by calculating the maximum
Euclidean distance between the speech utterances and all songs on the dimensional plane

using next expression:

min (Dn 3 \/(Vnz_ rLl)2 + (Anz . Anl)z) (17)

where D is the Euclidean between two points (V,, Az) and (Vi, Aj) in the arousal and
valence emotional plane. Therefore the song to be played is the one which has the minimum
Euclidean distance to the imputed speech arousal and valence values. A graphical
description can be seen in Figure 23. Where the red triangle represents a detected arousal
and valence value and the black dots represents arousal and valences values for each song.
Using the Euclidean distance, the selected song for this case would be the one having the
distance d1 which is the one which better represent the emotional content of the inputted

speech utterance.
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Figure 23: Distances between an utterance (red triangle) and song (black dot) in the two

dimensional plane.

2.10 Emotion Cheer-Up

The emotional mapping module not only serves to detect emotional content and reflect it
as a music tune, but is also used in a strategy that aims to cheer-up the user based on the
detected emotional content. Depending on the detected arousal and valence values, the
system also tries to cheer up the user to a more neutral-happy state by gradually playing
songs by increasing arousal and valence values towards a more neutral- happy area in the
emotional plane. This target “emotion cheer-up value” can be set-up by the user as an input
parameter to the system according to his personal taste since depending on the user’s age or
gender, arousal and valence values can be lower or higher and can be difficult to predict. In
order to accomplish emotion cheer-up, once the inputted utterance location on the emotional
plane has been obtained, a straight line between this location and a target point in the happy
neutral zone (see Figure 18) of the motional plane is traced using the equation of a straight

line:
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y=mx+b (18)

where y and x are valence and arousal values of a given point in the emotional plane and m
and b are the slope and the intercept with the arousal axis respectively. m and b can be
solved by having two points in the emotional plane which in this case are the coordinates of
the detected emotion and target emotion desired for cheer up. Once having the equation of
the straight line linking the desired points, this it is divided into a certain number of sections
which is decided by the user according to how many songs he would like to hear until
cheer-up target value has been reached. Then the initial and end points coordinates of each
section of line in the emotional plane are calculated by knowing that the distance between
each initial and end points-of a section is the distance D of the straight line between the
detected and target points divide by the number of sections used, then using the equation of
the straight line as in Equation (18) and the Euclidean distance as in Equation (17) yields

the following expression:
(1 + m®)x% + (—2x1 + 2mb = 2my,) + (x¥ + b2 = 2by, + y? —d*) =0 (19)

where x, and xj are the arousal components for the beginning and end points of a line
segment respectively, y; and x; the-arousal and valence component of the beginning point of

a line segment. Solving for x, using the solution for a quadratic equation yields:

_ -B+# VBZ — 4AC
- 24

(20)

X3

where:
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A= (1+m?)x? (21)

B = (—2x, + 2mb — 2my,) (22)
and

C=(x?+b%—-2by, +y%—d? (23)

After x, has been found, y, is also found by using the next equation:

Y, =mx,+b 24)

After all the coordinates for-all the desired points along the straight line has been found,
the shortest Euclidean distance between each one of these points and the songs locations in
the dimensional plane are computed and for each one of the desired points'in the straight
line there will be a song that will be selected based on the shortest distance computed. This
applies if a detected emotional content has negative arousal or negative valence values. If
arousal and valences values for the inputted utterance are positive then the system just
assumes that the user is in a ‘good emotional state and a determinate number-of songs with
arousal and valence values close to the ones of the detected emotion calculated also using
the shortest Euclidean distance to.the target cheer-up-emotion location are played. This
process can be seen graphically in Figure 24 where in this case the straight line between the
detected arousal and valence values (red triangle) and the target cheer-up emotion location
(black square) is divided in 4 sections and then the locations of the asterisks are calculated

using (23) and (24).
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Figure 24: Songs (red dot) that are played on the cheer-up mode are selected based on their
distances to the straight line between input (black dot) and target (blue dot) locations in

formed line.

Then the selected songs that will be selected for the cheer-up mode are the one that

follows the'dashed line which were inferred using the shortest Euclidean distance.

2.11 Beagleboard XM

Beagleboard is a low-power, low-cost single-board embedded system produced by
Texas Instruments. It is designed with open source software development in mind. Its
purpose is to be used as an educational platform of open source hardware and software. The
BeagleBoard XM has a very small footprint (82.55 x 82. 55 mm) and has a IGHz ARM
cortex-A8 core, 512 MB RAM. Data and OS are stored on a microSD card. Some peripheral
connections the board embedded are: HDMI, USB OTG, 4 USB ports, microSD/MMC card

slot, Stereo in and out jacks, RS-232 port.. a picture of the Beagleboard and its
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characteristics are shown in Figure 25. BeagleBoard has a laptop like performance and is
ideal for signal processing involved in the emotion based music player. Beagle Board small
footprint and processing capabilities are suitable for embedded robotic applications.

This platform was chosen because its characteristics are very similar to the ones uses in
common embedded systems used in everyday life like the smartphones. Its size, low cost
and low power consumption make it ideal for personal robots applications. The Beagelboard
can support several operating systems like Ubuntu or Angstrom, but the Android operating
system was used due to is current popularity in portable devices. Android operating system
is based on a Linux Kernel and was designed to be very memory and performance efficient
and is highly tuned to limitations of small hardware [35]. Android is available as open
source for developers. Applications are written in java programming language using
Android SDK (Software Development Kit) which was the tool used to program the

application of the emotion-based system that runs in the Beagle Board.
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Figure 25: Beagleboard XM characteristics [13].

38



Android has many versions each of them adding more features and capabilities. The
Android version used in this work was the 2.3 also known as Gingerbread. Figure 25 shows

the Android architecture which shows the major components of this operating system.
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Figure 26: Android Architecture [35].
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III. Experiments and Results

The system has been tested by a series of experiments where three kinds of databases
have been used. One proprietary database was built in order to be able to test the system in
an on-line scenario where a real person can interact with the system. For this case, the
system audio codec and microphone was used to capture the speech audio signal so it was
expected that for testing purposes the recording conditions will not be altered too much. The
other two referenced databases were used for comparison and proof of reliability of the
system architecture. In the next paragraphs a description on the emotional databases used in
this work will be presented;-at-last-the experiments and the results made with them will be

discussed.

3.1 Emotional speech databases

Since .in these work, emotional recognition from the speech is treated ‘as a pattern
recognition problem where a classifier (neural network) is-used-and a training data set is
used in order to predict outputs' from unknown input values, a database with enough
utterances from different people is necessary to improve mapping of the input utterances on
the two-dimensional emotional plane. Previous works on emotional speech recognition like
[36] and [37]; often build their same databases and some of them where the recording
conditions are more professional also made them available online. Most of the time the
recorded emotions are few basic ones like anger, happiness, boredom, sadness and surprise.
Speech databases can be built using natural speech where daily life dialogs or recordings
can be used, but this is too difficult to accomplish since the controllability of the recording
cannot be guaranteed and also the emotions of the individuals involved in the recording

could be influenced by the recording process. Another common method to build emotional
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speech databases is use professional actors or normal people that can try to speak phrases
emulating a determinate emotion. This method is the most used and also it was adopted in

the databases used in this work.

3.1.1 Proprietary database

This database was built in order to train the system and also in order to be used for
testing on real persons. This is because the recording conditions during training and
validation phases are expected to be similar, thus a recognition error must be lower. For this
database ten lab mates at the Intelligent System and Control Integration (ISCI) lab were
invited to utter some short phrases using acted emotional content. The speakers were males
between 20 and 30 years old.-Six-basic emotions where used: anger, boredom, happiness,
neutral, sadness and surprise--Six-invited person uttered 36 different phrases, six phrases for
each emotion category and 4 others uttered 10 phrases for each emotion category. That is a
total of 456 utterances. Every utterance consists of a common used phrase in Chinese
language of about 3 to 4 seconds duration: The recording were done in a quiet environment
using the Beagleboard XM embedded system and an electret microphone.  The setting

sampling frequency was 8 kHz-and 16 bit per sample.

3.1.2 ISCI Lab database

The Intelligent System and Control Integration lab at National Chiao Tung University in
Taiwan have done previous research on emotional recognition from speech. For that
purposes they built before an emotional speech database. There are five categories of
emotional speech in the database: happiness, sadness, surprise, anger and neutral. For each
category, there are three kinds of different sentences. In order to express the emotion in
natural way, each subject was asked to narrate expressive sentences in Chinese to imitate

actual interactive scenario. The database includes various emotional utterances from five
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persons. Each person spoke three different utterances ten times per emotion category. So
there are 150 utterances per speaker and there are totally 750 utterances in this database.
The recordings were done in a quite environment using a Digital signal processing board
from Texas Instruments and a microphone. The sampling rate where set at 8 kHz and 8 bits

per sample.
3.1.3 Berlin Database

As a project funded by the DFG (German Research- Community) a database of
emotional speech [38] was built where ten actors (5 female an 5 male) uttered simulated
emotional phrases. Actors uttered 10 sentences (5 short and 5 longer) which could be used
in everyday communication.-To-achieve a high audio quality the recordings were taken in an
anechoic_chamber of the—Technical University Berlin, using high-quality recording
equipment. In total the where about 800 sentences (seven emotion * ten actors * ten
sentences * some second versions) but after a manual selection just phrases where emotion
impression was the same for listeners selecting them were left. So in total there are about
500 utterances. Recordings were done using a Sennheiser MKH 40P 48 microphone and a
Tascam DA-P1 portable DAT recorder. Recordings were taken with a sampling frequency of
48 kHz and later down sampled to 16 kHz and 16 bit per sample.. This database has free

access in the internet.

3.3 Off-Line Experiments

To test the performance of the proposed system, off-line experiments were performed
were the databases were divided in two parts, one part is for training the neural network and
the second part is used only for validation of the architecture. The obtained data is plotted in
the arousal and valence emotional plane for analysis purposes. The results are basically the

arousal and valence values detected for every inputted utterance in the AV mapping module

42



which are values in the range of -1 and 1. Although the expected output of the AV mapping
module is arousal and valence values, this values are also changed to corresponding
emotion categories for comparison purposes with other works using emotion categories as
output. This conversion is done by using the emotional plane in Figure 18 and the Euclidean
distance equation in (17). For each of the obtained arousal and valence values from the
validation database, the Euclidean distance to the target emotion categories used for training
(Figure 18) is calculated and the arousal and valence pair is classified on to an emotion
category according to which emotion category location has the shortest distance. This

process is shown graphically in Figure 27:
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Figure 27: Arousal and valence pair classified as emotion category method.

where an obtained arousal and valence pair (red triangle) is classified as “anger” since the
Euclidean distance d1 between it and the anger location in the emotional plane (black dot) is

the shortest one compared to the distances d2, d3, d4, d5 and d6 to the others emotion
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categories locations in the emotional plane (black squares).

Once all of the obtained arousal and valence values have been classified in emotion
categories, a confusion matrix is calculated in where all the validation utterances supposed
emotion categories are compared to the obtained emotion categories. This information is
tabulated in order to get a percentage value that indicates how well the inputted utterances
have been classified as emotions. Conversion is done in order to compare the reliability of
the system, but it is necessary to clarify that the desired characteristic is to be able to
recommend a song that best matches the inputted emotional speech and this is better done in
the emotional plane where an inputted utterance is expected to have a continuous location in
the emotional plane and that every inputted utterance will never be the same so the
difference can be expected to be inferred from obtained arousal and valence values:

For every database used, after the training phase, a different FFBP neural network
structure (see Figure 21) was obtained. The configuration of the structure is shown on Table

2:

Table 2: Number of nodes per layer for the neural network architectures used according the

speech database used.

Number of nodesper-layer
. Output Total
Dataset | Inputlayer | Hidden layer 1/2
layer nodes
Proprietary 11 19/8 2 40
ISCI Lab 11 23/7 2 43
EmoDB 11 18/7 2 38

The first test was performed using the proprietary database. The proprietary database has
a total of 456 utterances. Since every speaker spoke different emotional phrases for each of
the six emotion categories, about 75% of the phrases were taken for training and the other
25% were used for validation. In this way the training dataset has 348 utterances and the
validation one 72 utterances. The result is plotted in the two dimensional emotional plane in

Figure 28 and the corresponding confusion matrix in Table 3. As seen in Figure 28, the
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distribution of arousal and valence pairs with boredom (b), surprise (f) and neutral (c)
emotional content fall around the target emotion location. Anger distribution can be
confused with neutral and some of the values have lower arousal level in the emotional
plane. Values with sad, neutral and bored emotional content seems to be difficult to
differentiate in the correct area since these emotional categories has very similar arousal and
valence characteristics. Confusion matrix in Table 3 shows that arousal and valence values
with neutral emotional content are classified in most of the cases and the same is valid for
surprise. On the contrary, values with happiness and sadness emotional category have lower
classification rate since it seems that many utterances are classified as having emotional
content of the closest emotional category such as boredom or neutral instead of sadness
emotional content. Values with-happiness emotional content are very close to-the ones
having surprise emotional content. The overall recognition result is quite acceptable since it
reaches 68% and only values with sadness emotional content has a lower classification rate.

The second test was performed using the ISCI lab database. This database was also used
for similar research in emotion recognition in the past. The dataset has a total of 750
utterances. Every speaker uttered 3 differences phrases for every emotion category. Every
phrase was uttered 10 times. So in this database the training set is composed of the first 9th
utterances of every phrase for a total of 675 utterances. Each 10th utterance of every phrase
is taken for the validation set for.a total of 75 utterances. The results are plotted in the
emotional plane in Figure 29 and the confusion matrix in Table 4. Distribution of values in
Figure 29 shows that in overall, inputted utterances detected arousal and valence values are
located much closer to the target emotions and the distribution are closer in the case of
anger emotional content. Happiness and surprise has a worst emotional classification since
some samples are confused with neutral emotional content since these categories are located
much closer between them. Confusion matrix in Table 4 confirms that values with anger

emotional content has the best classification rate but values with surprise emotional content
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are confused with happiness and neutral and hence the lower classification rate. It is
possible that results using ISCI Lab database are better than those using the proprietary
database since in the first one, a single phrase is uttered several times and recording
conditions were better monitored.

The third experiment was done using the Berlin emotional speech database (Emo-DB).
This database is quite popular and has been referenced in other works on emotional speech
recognition. Emotion is acted and also short utterances are used so it was used as mean to
compare system architecture performance. The Emo-DB has almost 500 utterances
comprising seven emotions (anger, boredom, disgust, anxiety, happiness, sadness, neutral),
for fairness in the comparison result, disgust and anxiety were taken out. At the end there
are a total of 416 emotional speech utterances. The works in[39] and [40] are used for
comparison. They use the leaving-one-speaker-out validation method, where part of uttered
phrases of a subject is used as the validation set and the others as the training set. . In this
work this strategy is adopted. So a total of 389 utterances are used as training set and 27 as
the validation set. The results are plotted in the two dimensional emotional plane in Figure
30 and the corresponding confusion matrix in Table 5. Results from Figure 30 and Table 5
shows that arousal and valence values has an acceptable overall classification for all
emotions categories since classification rate almost reaches 60% or above except from
values with sadness emotional content, since sadness-is confused with boredom because
their values are located very closed to each other. Results from Table 5 shows that although
there are many utterances and recording is professionally controlled, results using the
proprietary and ISCI Lab databases are better maybe because utterances in German database
are not well distributed since there are different number of phrases for each emotion

category.
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Figure 28: System output using proprietary database. Green square indicates target
emotional value, blue asterisk indicates the inputted utterance detected AV values and the

red circle indicates the system proposed song.

Table 3: Confusion matrix for the emotion categories obtained using proprietary database.

Anger  Boredom Happiness Neutral Sadness  Surprise
Anger 66.7 0.0 0.0 25.0 8.3 0.0
Boredom 0.0 75.0 0.0 16.7 8.3 0.0
Happiness 0.0 8.3 58.3 16.7 0.0 16.7
Neutral 0.0 0.0 0.0 75.0 25.0 0.0
Sadness 8.3 25.0 0.0 16.7 50.0 0.0
Surprise 0.0 0.0 16.7 0.0 0.0 83.3
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Figure 29: System output using ISCI Lab database. Green square indicates target emotional

value, blue asterisk indicates the inputted utterance detected AV values and the red circle

indicates the system proposed song.

Table 4: Confusion matrix for the emotion categories obtained using ISCI Lab database.

Anger ‘Happiness = Neutral Sadness Surprise
Anger 93.3 0 6.7 0 0
Happiness 6.7 60.0 26.7 0 6.7
Neutral 0 0 86.7 13.3 0
Sadness 6.7 0 20.0 80.0 0
Surprise 0 20.0 26.7 0 53.3
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Figure 30: System output using EMODB database. Green square indicates target emotional
value, blue asterisk indicates the inputted utterance detected AV values and the red circle

indicates the system proposed song.

Table 5: Confusion matrix for the emotion categories obtained using Emo-DB database.

Anger ‘Boredom Happiness Neutral Sadness
Anger 62.2 15.0 8.7 8.7 55 @
Boredom 13.6 70.4 2.5 7.4 6.2
Happiness 12.9 12.9 64.3 7.1 2.9
Neutral 16.7 10.3 11.5 57.7 3.8
Sadness 8.3 36.7 6.7 6.7 41.7
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Results obtained from the emotional databases plotted in the emotional plane, shows
that an input utterance is adequately placed in the emotional plane since for a certain
emotion category, the obtained arousal and valence pairs (blue asterisks) are located in the
area where the target emotion where supposed to be . This desire characteristic is useful to
later select songs based on the arousal and valence values detected. This music selection
process result is seen also in the emotional planes where the songs to be proposed by the
system are also plotted (red circle). Like that just the song with the closest emotional
content is selected..From the confusion matrices, it i1s also seen that the database to use is
very important since for every one of them, the results are quite different, and it has to be
related to the subjects who participate in the recordings, the kind of phrases uttered and the
spoken language. Comparing the proprietary database and the ISCI lab databases, both
using the Chinese mandarin language, is seen that there is a better performance of the
system by using the ISCI lab one. This is thought to be due to the kind of phrases used. For
instance in ISCI lab database, one phrase is uttered ten times by same speaker and also is
known that the setting up of the experiment was better controlled. Recognition rate obtained
using Emo-DB ‘database has a slightly lower recognition rate value than the both the
proprietary and ISCI lab maybe because the number of utterances.for training the neural
network is less and also because the non-uniformity of the database (the number of
utterances for every emotion category is not the same). Yet the recognition rate is quite
similar to that of the proprietary database.

In [39] and [40] the authors used the Emo-DB in order to test their speech recognition
systems. In both works focus is to improve recognition rate in emotion recognition from
speech using different kinds of features. Comparison of the confusion matrices obtained on
the offline test using the Emo-DB shows that recognition depends highly on the features
extracted from the speech. In [39] overall recognition rate is higher than [40] and this work,

but comparing speaker independent row in [40] and this work shows similarity in the results
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although better results are obtained in these work. Features chosen in this work are very
common features used in emotion recognition and also their complexity implementation is
less that that used in [39] and [40], this was the desired choice since an embedded system
was the target platform. The confusion matrices of the entire off-line test realized in this
work and those of [39] and [40] are combined in Table 6. It is seen that overall recognition
rate using Emo-DB is quite comparable to [39] and [40] probing the feasibility of the
proposed architecture. Still it has to be noticed that mapping on the emotional plane is
difficult to classify.in discrete emotions since similar emotion content can merge together as
in bored neutral and sad or happy and surprise, but still this does not mean that output is
incorrect since the main purpose is to allow different emotional content to be mapped in the
emotional plane to infer some differentiation that will be used to-choose right songs and this

has been accomplished:

Table 6: Average emotion recognition rates comparison table.

Work in[39] Work in [40]
using Emo-DB  using Emo-DB

Proprietary .« ISCI-* Emo-DB

Anger 66.7 93.3 62.2 86.1 66.1
Boredom 75.0 - 70.4 84.8 56.8
Happiness 58.3 60.0 64.3 52.7 40.1
Neutral 75.0 86.7 57.7 52.9 36.7
Sadness 50.0 80.0 41.7 87.6 48.4
Surprise 83.3 53.3 - - -

Average 68.05 74.6 59.3 72.8 49.6

3.4 On-Line Experiment

An online experiment has been carried out in order to test system performance on a real

scenario. Figure 31 shows a picture of the set-up used for the online experiments. It is
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composed of the Beagleboard and a touchscreen panel, speakers and a microphone. To
interact with it, the user has to touch a record button whenever he wants to speak and then
touch a stop button to stop the recording. Then the system will process the speech and the
estimated valence and arousal values are generated. After few seconds a song or songs will
be played depending if the cheer-up strategy has been activate. The screen also shows the
emotional plane and the music song locations that will be played as green dots. If a negative
emotion has been detected (negative or arousal values), the system will continuously play
the songs resulting from the emotion cheer-up strategy. Otherwise a song will play just once
and just a green dot will be plotted on the emotional plane. The user can stop the music
whenever he desires just by pressing the stop button again. The user can also configure the
cheer-up. desired value by entering its arousal and valence value on the cheer up
configuration input boxes and can also choose the number of song he would like to hear

during emotion cheer-up by entering the number in the number of songs input box.

Figure 31: Emotional Speech recognition based music player system.
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In this online test, the FFBP neural network with the proprietary database was used.
Four different speakers of ages between 20 and 30 were invited to utter emotional speech as
the one used in the proprietary database. Every speaker uttered ten phrases for most of the
emotion categories (some uttered more phrases than others). At the end there were a total of
183 utterances inputted to the system. The experiment was done in a quite environment in a
laboratory using the Beagleboard hardware. The arousal and valence values outputted are
plotted in Figure 32. The figure shows that the detected arousal and valence values for the
input utterances (marked as blue asterisks) cluster nearby the target emotional values in
most of the samples. For inputted utterance with boredom, neutral, surprise and sadness
emotional content is easy to.observe that the system has placed them nearby the target area
(see Figure 32 (b) (d) (e) (f))- Inputted utterances having happiness and anger emotional
content does not fall to close to the target value but still they are mapped in a nearby area
(see Figure 32 (a) (c)). In the anger case it seems that some utterances are mapped as having
more neutral-sad emotional content and in the case of happiness, some utterances are
mapped by the system as having more positive emotional content like surprise. Still, the
online test result also shows that emotion mapping on the dimensional plane is possible and
the target of selecting a song based on arousal and valence values obtained can be achieved.
The output screen of the system after one of the inputted speech utterances has been
processed is shown in Figure 33. In this case the input speech had bored emotional content
and it has been placed by the system nearby the boredom area, this corresponds to a
negative arousal and valence values on the emotional plane therefore the emotion cheer-up
strategy has started and the songs that will be played are plotted as green dots and are
connected with a line for visualization purposes. In this case the user has set-up the cheer-up
target value as 0.61 for valence and 0.53 for arousal the number of songs to be listened until
cheer-up target value has been reached has been set as 10. It can be seen that the last song to

be played has a positive emotional content. Songs names are also shown on the screen.
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Figure 32: system output for the online experiment. Green square indicates target

emotional value, blue asterisk indicates the inputted utterance detected AV values and the

red circle indicates the system proposed song.
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Figure 34 shows the emotion cheer up strategy used to select the songs to be played in the
example of figure 33. The blue asterisks are the suggested songs that will be played. The red
dot is the detected arousal and valence values and the green dot is the cheer-up target value
entered by the user. The other dots colored in black are the ones calculated in the emotion.
cheer-up strategy according to the number of songs the user would like to listen in the
cheer-up strategy and are shown just for reference. Table 7 shows the obtained arousal and
valence values for the songs that will be played and the name of .them which in this case are
ten songs.

Figure 35 shows another result screen for an utterance with anger emotional content. In
this case the cheer-up target values have been set as 0.59 for valence and 0.19 for arousal.
The number of songs to play during cheer-up has been set as seven. Figure 36 shows the
corresponding emotion cheer-up strategy plot and Table 8 shows the songs to be played and

the corresponding arousal and valence values.

Table 7: Proposed songs and corresponding AV in example of Figure 33.

Song valence = arousal song name
1 -0.3960 -0.4821 Jeff Buckley - Hallelujah
2 -0.3309 -0.3937 Abba - Dancing Queen
3 -0.1942  -0.3111 Lisa Ono - White Christmas
4  -0.0460 -0.2287 Gloomy Sunday- Billie Holiday
5 0.1308 -0.0849 Just the way you are - Billy Joel Lyrics
6 0.0740  0.1060 Happy Mondays - Hallelujah
7 0.4022  0.0840 Vanessa Carlton ~ A Thousand Miles
8 0.5299  0.2803 Leonard Cohen - Suzanne
9 0.4775 0.4146 The Rose - Janis Joplin
10 0.5907 0.4503 Krystal Meyers - Anticonformity
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Table 8: Proposed songs and corresponding AV in example of Figure 35.

Song arousal valence song name
1 -0.3813  0.8157 Nirvana - Smells Like Teen Spirit
2 -0.3151  0.6957 Elvis Costello - She
3 -0.1739  0.5599 Cest La Vie - B-Witched
4 0.0528  0.5082  Hilary Duff - Our Lips are Sealed with Lyrics
5 0.1360 0.3890 Donnie Darko - Mad World\
6 0.5299 0.2803 Leonard Cohen - Suzanne
7 0.5838 0.2569 AlLI have to do is dream

The cheer-up strategy was also evaluated by a questionnaire survey of 10 different people.
In this survey, subjects are asked what they think about the songs proposed in cheer-up
mode using the mentioned two examples for a fixed cheer up target value. In the first
example, the input speech utterance was supposed-to have bored emotional content and the
second one angry emotional content. Then each subject was asked to listen to the songs
proposed by the cheer-up strategy (songs were trimmed to about 10 seconds) and then write
down the degree of agreement to the proposed songs. The result of this evaluation is shown

in Table 9:

Table 9: Result of questionnaire survey on emotion cheer-up strategy

Degree of agreement Percentage %
totally agree 10
somewhat agree 70
neither agree nor disagree 10
somewhat disagree 10
totally disagree 0

In general, people agree to the systems proposed songs during cheer-up mode since the
highest value for degree of agreement is for “somewhat agree” with 70%.

The output screens obtained from some emotional speech in the online test and the result
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from Table 9 shows that the system can rely on the emotional mapping to successfully select
a song that shares user emotional content. From the online test is also seen that if negative
arousal or valence values are detected, the cheer-up strategy successfully selects songs that
will be played until a neutral happy emotional content is reached. This functionality could
be used in robotic applications where personal robots like a robot pet can make use of the

emotional mapping and cheer-up strategies to keep the user in a good mood. Other

application could be cellphones or fi hones e background music could be played

according to what the ¢
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IV. Conclusion and Future Work

An emotional speech based music player has been proposed and implemented using and
embedded system platform targeting for personal robotics. In order to allow the system to
automatically select a song based on the user emotional state, a method to map an input
speech utterance into a two dimensional emotional plane of valence and arousal has been
developed. Using a referenced database of songs, which arousal and valence values has
been manually annotated by several users, the system can successfully automatically find a
song that best matches _the detected location on the emotional plane. Furthermore, a
cheer-up “strategy has also-been-proposed that according to the detected emotion will
recommend songs whose emotional content will continuously change to a'more neutral or
happy emotional state in order to cheer-up the user if a negative emotion (arousal and
valence values) has been detected.

In this work, energy pitch and formants features extracted from speech signals were
selected for low complexity implementation and result show that they can be used to detect
emotional ‘content in the speech. Neural network architecture was designed for mapping
speech to arousal and valence values. The performance was tested using 3 different
emotional speech databases. Three off-line tests, the-online-test and the evaluation survey
probed the feasibility of the proposed system. Obtained arousal and valence values were
converted to emotional categories in order to compare the performance of the system to
other works. Performed test shows that an overall recognition rate of 59.24% is good result
compared to that of 73.5% and 49.12% in [39] and [40] respectively. A questionnaire survey
further shows that the 80% subjects somewhat or totally agree with the songs selected by

proposed cheer-up strategy based on the emotional model.
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Results from the present work shows that there are some aspects of the system that can
be further improved in order to increase emotional mapping and also implementation for

use in a useful system like in a pet robot:

* A more powerful embedded platform could also make possible the use of more
powerful algorithms to improve system performance thus improving the user-robot
interaction.

e Using other'sensors like a video camera can allow: the use of image recognition to
have other means of emotion recognition and allow better music recommendation
even if the user is not speaking.

® A better microphone-with-better sensibility and noise rejection can be included in
order to avoid being very close to the device to speak.

e _To improve music recommendation, more songs can be added to the actual music
database; furthermore, music emotion recognition technology can be added in order
to allow the user to load his personalized music database.

e Adding more emotional related features, use of a different neural network can
improve mapping in‘the emotional plane and robustness in speaker independent
mode.

e A better data set that has far more speech utterances and maybe natural language
could improve speaker independency recognition. Here manual annotation of
arousal and valence values by many speakers could also improve performance since
every utterance used for training could have a better emotional representation in the

dimensional plane.
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