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Generative Adversarial Network in
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Abstract

Introduction: In the realm of psychotherapy, the
utilization of speech emotion recognition technology
holds promise in unraveling the factors that contribute
to the varying effectiveness of psychotherapists. This
valuable insight can significantly enhance the diagnosis
and treatment methods employed. By identifying
individuals at a heightened risk of suicide or displaying
suicidal tendencies, we can take preventive measures,
addressing a long-standing need within the field of
psychology and ultimately reducing treatment expenses.
Consequently, there is a pressing demand for the
recognition of emotions through speech and the
development of an extensive emotional database.
However, amassing a substantial database with an
ample number of samples would traditionally require
several decades. To address this challenge, machine
learning techniques such as data augmentation and
feature selection play a pivotal role.

Methods: This paper introduces an innovative solution
to address the challenge of training deep neural
networks when the training data lacks diversity and is
limited in each class. The proposed approach is an
adversarial data augmentation network based on
adversarial generative networks. This network consists
of an adversarial generator network, an autoencoder,
and a classifier. Through adversarial training, these
networks combine feature vectors from each class in the
feature space and integrate them into the database.
Additionally, separate adversarial generative networks
are proposed for each class, ensuring similarity between
real and generated samples while creating emotional
differentiation among different classes. To overcome
the problem of excessive gradient reduction, which
hinders proper training and halts the learning process
before fully understanding the data distribution, the
paper suggests using divergence and capture instead of
mutual entropy error to generate high-quality synthetic
samples.

Results: The model's performance was evaluated on the
Berlin Emotional Database, serving as training, testing,
and evaluation datasets. Combining artificial and real
feature vectors effectively addressed the issue of
excessive gradient shrinkage, resulting in a significant
reduction in the network training process. The results
demonstrated that the generated data from the proposed
network can enhance speech signal emotion
recognition, leading to improved emotional
classification capabilities.

Keywords: Speech Emotion Recognition, Speech
Feature Selection, Data Augmentation, Speech Emotion
Recognition, Generative Adversarial Networks.
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3. Cross-Correlation
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1. Sequential Floating Forward Selection (SFFS)
2. Information Gain Ratio

3. Emphatic

4. Neutral Positive
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OSe 5 )M )l

Gy s andedlid aSiud IS U Lw (Y I

o gl el (SS9 £95 9 1 () g

S py Slasuie Sy &y
2 S e i i g sl gl 10 o b s Dl sl )8 Ly ol B e o e gSl slaw 1 SSbe sl (sla oSl
8 5 ol (Shs¥¥)
i i o Sige o (5551
(Shy YA-)
9 5% &3 )plnl e o Sl s £ Goie (s3] (omie P8 il B i 4 ()bl Y Jlos] 29s s Shs
. - 5 b S5
(Srs V)
9 )9.0 ‘[939" cp?j.b 9 JL.&.Q cw.?j.u 9 Cons c&h) :W :ng L;LQLSM ‘ZYG 9 Z\ “AALA ‘L)&Lm ‘5).3 AM :43.».05 )L\.Qn ZQLGL» LS)L‘J é&b \
(SS9 (Mg ol Bll i Guibly ( SHle Gles 20 ot 9395 9 oy

LS‘):’ .(Y’()).\J} odlawl au_wl.w‘ dh’auujlf)é 9 %

SLisied b 4l e YO slag 8 o Shg ol gl
oo A8 aB)S ks > JlaS JUSw 1 4l e V-
wile ool oo Slas by b law oS
el ey g Jlre Gl el (Bl oiSls
ol 3 oolizal b mas agly YU e csla S
dgie onlk g saShy & @bl beoSles
e " Sy Sl Sy 4 1) 0nd m b ed o Sy
YopenSMILE colwcss ,5 ol o |y jidar ol b
b la Sy @bl dsgeme Sz ylp il
Jio job & b Shy 4y 9 Ba5 SBl> jio bl
b Sy opl g9 9 g >3 Jby Z-norm lewg

sl Y Jgio Gllae (Shg VIAD ciged 2 sl
ol dlpisduy (sowobio 03> yinli8l el e F K
E(X) 5355 1850, 4 Sy ol a5 am o b |,
5 G(Zy) e 4 S« R(E(X))WiS 30 4 S
0313 a5l 4Sh ol D(N) p1imd s a5 S

Lo

3. Zero-Crossing Rates

4. Voice Probabilities
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6. Utterance-Level Features
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1. Root-Mean-Square (RMS) Frame Energies
2. Mel-Frequency Cepstrum Coefficients (MFCCs)
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