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ABSTRACT the audio information from a perspective point of distinc-

] ) . tive classification. Though many audio features, e.g.hpitc
As a general means of expression, audio analysis andq_energy, zero crossing rate, Mel-Frequency Cepstral Co
recognition has attracted much attentions for its wide iappl efficients (MFCCs), has been widely adopted to depict the
cations in real-life world. Audio emotion recognition (AER ayditory patterns, it is hardly to determine the best ctwice
attempts to understand emotional states of human with thgy 5 specific kind of inputs. With the most significant char-
given utterance signals, and has been studied abroad for #gteristics of flect in speech, the pitch is usually estimated
further development on friendly human-machine interfacesyased on the Fourier analysis of the logarithmic amplitude

Distinguish from other existing works, the person-depede spectrum of the signal[4], which is divided into a set of
patterns of audio emotions are conducted, and fractal dimefyames by windowing. As a low level of features, pitch is

sion features are calculated for acoustic feature extmacti ;sed to describe the acoustic signals for its utilisedsstesi

Furthermore, it is able tofciently learn intrinsic character- The zero crossing raté][5] calculates average result of the
istics of auditory emotions, while the utterance featun®s a nymber of times that the audio signal crosses zero within
learned from fractal dimensions of each sub-bands. Expery particular time window, which is to determine the audio
mental results show the proposed method is able to provideatterns of fevered and agitated emotions as a patterrréeatu
comparative performance for audio emotion recognition. The log-energy feature5][6] are able to find the distinc-

Index Terms— Audio emotion recognition (AER), mul- tive patterns of certain emotions amongfeient audio sig-

sion. segment of speech. And as we found, it can observaliigrei

entiate negative emotions for specific discriminant leagras
reachable numeric parameters, while a stable performance i
1. INTRODUCTION available. Distinguishingly, the teager energy operal&®)
[[7] uses the nonlinear operator to measure the changing en-
Audio emotion analysis aims to understand the intrinsieergies of nonlinear emotional components. The well-known
explanation of emotional states of human. As a commomel-Frequency Cepstral Céicients (MFCCs)[[B] is based
sense, audio emotion recognition (AER) identifies the emoen the short-term power spectrum of speech signals, and a lin
tional information from speech signals, and learns audie fe ear cosine transform of a log power spectrum on a nonlinear
tures for classification of ierent emotions. Furthermore, au- Mel scale of frequency. Then, the dbeients are collected
dio analysis and recognition has become more and more invia the obtained mel-frequency cepstrum (MFC) for approxi-
portant and attractive with advancement on wide applioatio mating to the human auditory system’s response.
of mobile devices, and brought much perspective of applica-

ble reality of life demand. And it has been found useful for 2. WAVELET TRANSFORM AND FRACTAL

many applications, such as human-machine conversation [1] DIMENSION
emotion understandingl[2], sickness diagnasis [3], andso o
In the literature, AER has been studied abroad dfeciént As a development of traditional Fourier transform, wavelet

aspects. One of these outstanding solutions, is to expieit t transform (WT) has been widely applied to signal process-
differential features from audio data, and find the discriminaing and pattern analysi§1[9]. With multi-scale decomposi-
tive information for identification of dferent emotions. tion idea, the outstanding advantage of WT is its complete
Without loss of generality, there have beeix emo- multi-scale analysis of signal inputs, while approximatie
tions, such aangry, disgust, fear, happy, sad, andsurprise,  reached in light of approximate and detail ffiozents [10].
involved in most emotion recognition works. Until now, Actually, WT can be explained as an approximate the origi-
several audio features has been widely adopted to depiotl signal with the scaling functions and wavelet functions
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Fig. 1. The audio features from one individual of SAVEE data sétP{ech features, (b) Zero crossing rates.

Generally, multi-scale analysis constructs a set of nesteals the maximum distance between the first point and any
function space, namely- cV_,cV_;cVocVicVy---. other point of the sampld. Given an one-dimensional sig-
Therefore, the dierential subtraction of neighboring func- nal x, (i = 1,---,N), Higuchi's FD [16] firstly calculates
tion spaces defines a space formed by wavelet functionsub-sample sets from the signal data as

namelyV; @ W; = Vj.1. In addition, wavelet packet based

- i) [(N-m)/K]
tree-structurel]11] has also been widely applied to AER for X = X (m+ik)h ™
its universally applicable property. = {x(m), x(rn;k) s X(mM+ 2K), (2)
On the other hand, Fractal dimension (FD) is a kind of x(m+ [T] k)} m=1.--.k

nonlinear approximat(_e methods of complicg_ted measure, ar'—(liere,k € [1, kmaxy @andN is the sample size. Then the approx-
has_beenlW|der appll_ed to pa_ttern recognmo_n and_ b'o*nforimated length of each can be calculated as
matics [12]. For certain practical measures, it ifidult to
exploit the metrical results directly. As a result, the érig [ ] ) )
nal problem is usually reduced to a count of fractal units, an 2 X(m+ik) - X(m+ (i - )KI(N-1)
outlets are collected to reach the total measure as thellsakca L (k) = — [N =)k K - (3
fractal dimension. In fact, several FD methods have been de-
signed to conduct dierent kinds of calculational demands, Finally, the fractal dimension of data is obtained by sajvin
such as Hausdfirdimension [13], box counting dimension the problem
[14], Katz's dimension[15], and Higuchi's dimensidn [16]. (L(K)y o< kP. (4)
The Hausddf dimension[[18] measures the local size of
a space taking into account the distance between points, tlle FRACTAL DIMENSION BASED AUDIO EMOTION
metric. For shapes that are smooth, or shapes with a small RECOGNITION
number of corners, the shapes of traditional geometry and sc
ence, the Hausdfirdimension is an integer agreeing withthe ~ For an AER system, it is necessary to exploit the discrim-
topological dimension. In fractal geometry, box-countitig  inative patterns with respect to chosen audio features. And
mension [[14] is a way of determining the fractal dimensionan acceptable results usually depend on suitable feahaes t
of a set S in a Euclidean spat¥', which is also known as best represent the distinctive characteristics of spedite,
Minkowski dimension. In addition, there are also some FDwhich has been a common sense for audio analysis. In this
holding the ability of conducting the sequence data fordete work, the SAVEE data sét is employed for audio emotion
ministic metric of signal sample. More specifically, Katz's analysis, and resultant outlets refer to audio featureaextr
FD [15] is calculated as: tion as disclosed. As afilicult data set for AER, it is hardly
to exploit the audio patterns between audio data G&dint
_log(L/a) _ log (n) (1) individuals. To make the rules clear, several audio feature
log(d/a) log(n)+log(d/L)’ extracted from SAVEE data set are illustrated in Fig. 1 and

whereL anda denote the sum and average of the Euclidearllz'g' 2.
distances between the successive point of the sample as wellthttp;/kahlan.eps.surrey.ac fsaveg
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Fig. 2. The audio features from one individual of SAVEE data sétL sy Engery, (b) TEO.
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As illustrated, the pitch features and zero crossing rates
are hardly to depict the distinctiveftBrences amongfierent
emotions, especially for emotional featuresdidgust, fear,
happy, sad. Nevertheless, sad and disgust emotions can be
selected with much lower energies over others in most cases,
while angry emotion gives obvious information associated
with higher TEO features among all kinds of speeches. In
light of this consideration, it is feasible to discriminatif-
ferent emotions according to these distinctive featurgs sy
step. Thereafter, the audio features of each individual can
be divided into several portions of instances correspanttin
Energy and TEO features firstly. Ardisgust, sad and an-
gry among all emotions are able to be sequentially screened
out in principle. Though it is always necessary to learn the
discriminative patterns during each screening steps, hemve
it indeed reduces the complexities of emotion classificatio
problems. Diferent from some existing works that refer to a
screening steps for AER only [17], it still fails to reach goo
results of complicated audio patterns, e.g., SAVEE. Atyual
it may give the worst results for correct classification of au
dio features, if no mechanism else has involved. To address
this limitation, FD features are borrowed in depiction of au
dio emotions, and concrete response to utterance signals ca
be obtained.

In terms of definition of FD, the sequential data can be
represented as lists of FD features, and discriminantipstte
can be handled in following steps. As described foregoing,
there are several FD methods that can be adopted to sam-
ple data, and it is optional for AER in general. Nevertheless

Fig. 3. The AER results on SAVEE data set of three w.r.t.Higuchi's FD is picked up in this work, due to its simple im-
one individuals for learning. The results correspondintheo ~ plementation and its better performance over other methods
labeled information of one individual: (a) DC, (b) JE, (c),JK as testing. Furthermore, the inconsistent lengths of featu

(d) KL.

can be avoided, and FD features are extracted in each wavelet
decomposition levels. Though there are also several works
conducting feature extraction in a similar manner, it is thvor
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Fig. 4. The AER results on SAVEE data set of two w.r.t. two
individuals for learning. The results corresponding tolte
beled information of two individuals: (a) DC and JE, (b) DC
and KL, (c) JE and JK, (d) JK and KL.

while to highlight the diferences here:

480 British English utterances in total. And it has been well
known for its dificulty of accurate recognition of emotions
with respect to each data modality. In our experiments, the
audio data of six standard emotions are used, whilenéue

tral emotion is ignored, and then there are 90 utterances for
each individual. To learn the reduced features, the maximum
margin criterion (MMC) [19] associated with KNN classifier

is employed for discriminative classification.

Firstly, the audio data of one actor is picked up for learn-
ing, while the rest utterances of other individuals are @l f
testing of AER. That is, the audio data of one vs. three indi-
viduals are set up for learning, and the divisions of utteean
are proceeded with respect to audio features of each individ
ual. The AER rates corresponding to each referred person
is shown in Fig. 3. In terms of the results, it idfttult to
learn the ideal auditory features no matter whose audio data
is used for labeled information. Nevertheless, the besites
are able to reach an approximate to 45% accuracy, on behalf
of FD features and screening step, and it is obvious that KL
is the hardest one for AER in every cases. Oppositely, the
utterances of JK is the easiest one for auditory emotion cap-
ture, whose stable recognition results can be obtainediftr e
referred person. In addition, the AER results of JE is also ac
ceptable due to its similar utterance characteristics as JK

In the second experiments, the audio data from two indi-
viduals are selected for pattern analysis, while the rest da
of two other persons are used for emotion recognition. The
experimental results are illustrated in Fig. 4. As showae, th
recognition performance can be improved in most cases of
choices of referred audio data, and around 50% accuracy can
be reached. Nevertheless, there are still some obtained re-
sults consistent with the foregoing ones generated from few
available patterns, due to certain hard data sets for agcura
classification. And the outstanding results come from tle di
criminative learning of final linear classifier, benefit frahe

* There is no floating windows or fussy iterations, e.g..fact of more labeled data are available for pattern analysis

dictionary learning [[18], involved in discriminative

matching, which has been a popular solution widely

adopted in many related works. And thus, tifigcgent
achievement of AER is able to be preserved.

¢ |ttakes both approximate and detail 6d@ents of each

5. CONCLUSION

In this work, AER is considered as a multi-scale analysis

level for feature extraction, though many solutions 0n|yproblem, and FD features are calculated to represent the bes
refer to the approximate cfiients for discriminative ~distinctive patterns of dierent audio emotions. Distinguish-

learning. And it is found discriminant ability can be
improved with detailed pattern information.

4. EXPERIMENTAL RESULTS

ingly, person-dependent AER is considered to predicate au-
dio emotions based on acoustic features of known indivlual
And both approximate and detail dieients of wavelet de-
composition have been adopted to conduct the hard emotion
data for discriminative recognition. Furthermore, no fiogt
window is used in the signal decomposition stage, while emo-

In this section, the experimental performance of proposetion portions are also enjoined for further reduced leagnin
method on AER are evaluated, and discriminant performandexperimental results show that the proposed method is able

is disclosed with respect to ftkrent individuals. The Sur-

to contribute comparative performance for AER, even if the

rey Audio-Visual Expressed Emotion (SAVEE) data set con-audio emotion is quite distinctive from each other of indivi

sists of recordings from 4 male actors in ffdient emotions,

uals for recognition.
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