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Implementation of the Timbre-based Emotion Recognition
Algorithm for a Healthcare Robot Application
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Abstract
This paper deals with feeling recognition from people’s voice to fine feature vectors. Voice signals include the
people’s own information and but also people’s feelings and fatigues. So, many researches are being progressed
to fine the feelings from people’s voice. In this paper, We analysis Selectable Mode Vocoder(SMV) that is one of
the standard 3GPP2 codecs of ETSI. From the analyzed result, we propose voices features for recognizing
feelings. And then, feeling recognition algorithm based on gaussian mixture model(GMM) is proposed. It uses
feature vectors is suggested. We verify the performance of this algorithm from changing the mixture component.
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Table 1. Data rate of the SMV
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Packet Type Bits per Packet

Rate 1 171 (8.55 kbps)

Rate 1/2 80 (4.0 kbps)

Rate 1/4 40 (2.0 kbps)

Rate 1/8 16 (1.0 kbps)

Blank 0
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Fig. 1. Frame processing of SMC Encoder
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1) LPC prediction coefficients :

a,H=a"" 1<i<10 (1)
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1) Running mean of the first LSF coefficient :
I1sf(1) =0.75 « Isf(1)+0.25 + Isf,(1) 2)
A7IM Usf, ()= 4 Alz)= 1+
A FaR 107 sk F A AA @e depa,
2) Running mean of energy :

E =075+ E+025 « E 3)

(0)
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3) Spectral difference :
SDy = 37 (ky (6) = k() (4)
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4) Running mean of the partial residual energy :
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5) running mean reflection coefficients of
noise/silence :

k(i) =0.75 k(D) +0.25 « k(i) 3i=1,...,10 6

6) Running mean of the normalized pitch
correlation :

1 i=s
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corr8(i) & 570 ¢] normalized pitch correlation®] t}.

7) Running mean of the periodicity counter :
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Fig. 2 Emotion Recognition with GMM from
SMV parameter
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Table 3. Confusion matrix of 20th characteristic vector
3 208 5AUHE ogd A% 59

angry fast neutral question slow

angry 0.73 0.14 0.03 0.04 0.06
fast 0.20 0.72 0.02 0.05 0.01
neutral 0.22 0.24 0.18 0.31 0.05
question 0.27 0.15 0.09 0.47 0.02
slow 0.15 0.01 0.09 0.11 0.64

Table 4. Confusion matrix of 17th characteristic vector

41748 SAMHE o 8% 4% £5YY

angry fast neutral question slow

angry 0.84 0.04 0.01 0.07 0.04

fast 0.16 0.67 0.11 0.05 0.00

neutral 0.15 0.22 0.48 0.13 0.02

question 0.22 0.04 0.10 0.63 0.01

slow 0.19 0.01 0.11 0.06 0.62
ge fEUEdsz ofolx GMMe A%

mixture component 7|5 Wslo] wE} AibgFo] &
A A% o2 mixture component 7147} 7}
ol wet A 9Al FEEEs AT 5 Adrh
Mixture component 7H4= ®W3lo] w2 A¥s Amn
w1639 W 65.01%, 3279 W 67.74%, 64749
73.84%, 1282+ W] 70.73%, 2562+ Wl 75.68%, 512
A W 76.69%° A¥EE YERATE  mixture
component?] MNFE FVMAZLAFE =& A5S &<

TH Ew =
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Table 5. Confusion matrix from 32th mixture order

¥ 5. Mixture order”} 323 %9 £534

angry fast neutral question slow
angry 0.88 0.06 0.02 0.03 0.01
fast 0.02 0.82 0.15 0.01 0.00
neutral 0.10 0.40 0.43 0.03 0.04
question 0.26 0.05 0.08 0.60 0.01
slow 0.15 0.03 0.14 0.03 0.65
Table 6. Confusion matrix from 64th mixture order
6. Mixture order”} 642+ 49-¢] EF44
angry fast neutral question slow
angry 0.79 0.09 0.00 0.11 0.01
fast 0.03 0.84 0.00 0.13 0.00
neutral 0.10 0.40 0.43 0.02 0.04
question 0.02 0.02 0.06 0.90 0.00
slow 0.17 0.03 0.00 0.13 0.67

Table 7. Confusion matrix from 128th mixture order

¥ 7 Mixture order’} 128%F 74 $-¢] &&=

angry fast neutral question slow

angry 0.71 0.03 0.08 0.16 0.02
fast 0.00 0.72 0.21 0.07 0.00
neutral 0.02 0.12 0.65 0.20 0.01
question 0.01 0.03 0.10 0.86 0.00
slow 0.11 0.01 0.24 0.05 0.59

Table 8. Confusion matrix from 256th mixture order

¥ 8 Mixture order’} 2562+ 74 $-¢] £5dq

fast

angry neutral question slow

angry 0.80 0.02 0.05 0.10 0.02
fast 0.01 0.80 0.13 0.06 0.00
neutral 0.05 0.12 0.58 0.18 0.07
question 0.02 0.08 0.04 0.85 0.01
slow 0.09 0.01 0.13 0.02 0.75

Table 9. Confusion matrix from 512th mixture order

x 9. Mixture order”} 5122 %9 &5

angry fast neutral question slow

angry 0.82 0.08 0.01 0.05 0.04
fast 0.01 0.80 0.14 0.04 0.01
neutral 0.04 0.09 0.57 0.16 0.14
question 0.05 0.06 0.09 0.77 0.03
slow 0.04 0.01 0.07 0.01 0.87
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