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Abstract

This study presents a Chinese Education
Broadcast Emotion Corpus (CEBE), which
includes a total of 3,060 videos from the
Taipei City CooC Cloud platform, ranging
from first grade in elementary school to
twelfth grade in high school. The videos
encompass teaching videos, animated clips,
early childhood learning videos, and
science programs. We utilized the Azure
Speech Recognition service to generate
transcriptions of the speech content in the
videos and employed the Hume Speech
Emotion Recognition service to assign
corresponding emotion labels to each
sentence in the videos. In our experiments,
we conducted a series of tests on the CEBE
corpus, exploring the effectiveness of eight
commonly used speech features in speech
emotion recognition. These experimental
results establish an important foundation
for the CEBE corpus and serve as a
reference for future related research.

tsenghc,

’

121

Mets

K wg‘f;ﬂ,

ST R HEEE 5EE

Keywords: Chinese Education Broadcast, Speech
Emotion Corpus, Speech Emotion Recognition

1 M@

Ty A 1 ErQ A3 AR
- BEBGSFTY e oo GBI S FEIAY
D SRV EA o IR A é@ﬁg
= ']‘i’fr W T4 E ‘fr& ok m']‘%f‘ﬁ °
%%%ﬁmﬂ"”ﬂ’4lﬁgﬂﬁfa
e BT B S iR

]%‘”g‘l °o U R i 4‘1135/"\’%5’3§f'3%\*‘r N FF’ EI FF’ %
LERRE LS S
iy 05— HpThE B A ko

B E Erﬂb PRAc i A B4 12 5] 32 3
Rlfe B 46 i £ S

5
|

|

F2

P T ;‘;‘1‘ \‘.3 EN

i g 05

oo Y
o 1@’3 p.*lﬂkﬂ

R TECE R R R
T LFHIERY £R TN -

| e

IR = ’i—ﬂzmlrj—ﬁ‘;]&p& (R. A. Calvo et
al., 2010) - L_*i”r? P o W F R TEA G

Primary Channel 4r Secondary Channel (S.
Casale etal., 2008) - # ¥ ¥23% ;2 (Syntactic) ~
# 4 (Semantic) 1AM » BT L 5 B
BERFT AL 4FER (Tone) ~ Figf ik
(Emotional State) % £ %1% - i B HFE 3

i,?”{ﬁmwﬁ@%ﬁéTm#u,ﬁ

Ao AR 28T Nt 2
FEIERE Y Wi o E S e

I Be [ 5&;‘—‘5‘1@_}"' o ;J:m y I'- 'F_ﬁ’kwe"*m

PR TG R AR ORI R
frEFREAEAABEFEEFELSG 2 R0

FRAcBML B F AT N AL
B oo doin R S IR R

o

IR TR R R YR

’



LIRSS
PREHRZ BRI F Y RER
ESELOE 3’%(&?3060*&
i * Azure 3% 4 FFRIRIAE B
r % (Microsoft, n.d.) » ¥ % i Hume
PR IR 5 5 B o T R ir g (Hurne
AL nd.) o gt eb > T ER ‘F'#*;L» g
FRFHAE S Y gtk o LR R
Fk oGP I RTAHLEEFRLE L
ERPFTAH S XT FAoME T

54

7
éfJe

A3 4 3 (Speech Emotion Recognition,

SER) Af3 » i3 a7 7 A & & ¢ 300 5
m&%owﬁpii#%*pﬁﬁﬁﬁ”#
EREY S EE P RKHE A
0 A T
Sty 5 g LSTM & CNN ¥ 5%
51%3335'” #—’leﬁ};* NI '5’?1“’1\1%3’
7] o 4 Jianfeng Zhao % 4 (2019) i E
BB R - BE - & CNN-LSTM » *
W RS R B Y Bk VY- BEC
& CNN-LSTM - * »t & ¥ #icv i 47 3% (Log-
mel Spectrogram) ¥ & ¥ B ik - ZF % ¢ ¥
Berlin Emotional Database (Burkhardt et al.,
2005) 4= IEMOCAP (Busso, C.etal.,2008) iz
AT R - &
#7T > - % CNN-LSTM §r=
%] 7 Berlin Emotional Database :£ 3| 7 92.34%
v 95.33% T i Ss @ & IEMOCAP *
— & CNN-LSTM 4r= & CNN- LSTM R % %]
F 3T 67.92% - 89.16% L 2l pr S o 7 g
F% 4P %8 CNNI-LSTM (iR 5 ¥
Bl MRS MY H Y IR ool
TR FRFF S R
EIAR A OB (Attentlon Mechanism )
A 0 3 pxenfEie-7 LSTM ¢ CNN %] & g
HBE B SRR A B R 4 AR
&WW&’*ﬂaPlﬁﬁam#ﬂﬁa’
R ETEERER L R TR
=aliy z“k‘oYWang £ 4 (2021) :éq* =
3 (Automatic Speech Recognition, ASR ) Af
B kRS opE ’ﬁ‘"””"ﬁ%ﬂ—”'}
Wav2Vec 2.0 §= HuBERT » #£ 34 $ic3] ek 4 i
ﬂ(LﬂﬁﬂmmMﬂ%)ﬂlﬁﬁﬁ(F

k5=

%
o 2\

=
tM

(24

S

- E
\.”

1-‘3*
W\-\-H.

a2/
/ 1

L omm o

1a
o4 Sp

-
oy 3

v s
- 24
It &% e

2

Speaker-dependent =77i%
% CNN-LSTM 4

122

P53 & CNN fr Transformer % ) # SER -
Speaker Verification (SV) {= Spoken Language
Understanding (SLU) E #4282 o &34 1

HEFERAETS ¥ 0 23 v 11 IEMOCAP 7L &
BEFH - BRI EE S RN A
B HET) 5 A 274 Mo 5 HuBERT + 7] #07)
ARG AP SRR AFR FHIRE

P g4 o e
AR FT ) 3N ol S 484 0 Russell, James

’fr Mehrabian, Albert (1977) #% 7 AVD -3 »
{— RN G EWHRE F R <1
R A 2552 AR ¢ Arousal

(/,%fm}ii T FDRE S REFEORR

2 g7 42 & ) ~ Valence ( e B o KA hﬁ} 3
ffj}i"ﬁﬁ F“J‘ﬁ’u_mﬁ émﬁi@i) S
Dominance (& fie B » S48 54 # > 35 b
SR AR S BR )T AR o B
SEETE SRR TR S
MR { AF eI ﬁ’q:’fr",@. & o

Mk s B KL kR iF‘ %“ia’ﬁ)s& W (i

doiiit S A B RO ) 0 gt B R .fi

%?ﬁﬁﬁﬁﬁﬁaéﬂm?%%?%“°
THAFNEREY S 2V U BRSO F B
PO L chi A e d v E BES 3 ok B
PR FF A N g ARFEoERT
B ek {8 EAT *’%%pﬁam B
WA g A F DT
3 Ww. -C. L1n and C. Busso (2023) #
*?—ﬁ%ﬁﬁﬁVﬁ%Aﬂé’lﬁiiii
B Been™ 38 B i H-= B3R H ERA
Jé‘qk'@ﬁim& o fi s o B-E B fvﬁ«/”\
EIRCR SR =¥ da gt 2 I R T SO 1]

F i

Lo

\;lrrg—‘: I

E‘E"}v/‘ ll'b )

“1\“"' "5\1'\

ptRenE o B H T U R B 7 B Fp—g
NF AR RETER AR

M ﬁ,J rﬂ;ﬂ:a —&r’ﬂ iﬂb °

3 PRERTRHBLERFLL

AP - B 2RTRFHFEFEE (A
Chinese Education Broadcast Emotion Corpus,
CEBE) » 2 £ 4 57 AR 8 & P k3 ansg i
B oa hUASEN PR T s £
K L:;/ ﬁr'\:%‘—rl % ‘&--'é‘;l-rﬁﬂ
EALPIRELE BE YA

CARRRFLE & P F o K3 3,060 FRHR
TREGORT FThica el o BiEAL T
Dl e ok A p’t GIPE 3 Ty

o

s

A i

1

éuhn

7
2

X7
N
—+
-

il
ERS



Tag Amount Tag Amount Tag Amount
Interest (O) 122,500 | Sadness (S) 1,354 | Negative Surprise (U) 97
Concentration (O) 73,093 | Sympathy (O) 955 | Horror (F) 90
Calmness (N) 38,640 | Disgust (D) 561 | Love (O) 77
Determination (O) 22,210 | Positive Surprise (U) 534 | Adoration (O) 44
Excitement (H) 13,830 | Awkwardness (O) 526 | Embarrassment (O) 33
Contemplation (O) 8,776 | Satisfaction (H) 522 | Relief (O) 20
Joy (H) 8,554 | Tiredness (O) 470 | Awe (O) 17
Amusement (H) 5,557 | Nostalgia (O) 400 | Desire (O) 11
Realization (O) 5,231 | Pride (O) 315 | Triumph (H) 4
Admiration (O) 5,163 | Anxiety (F) 280 | Guilt (O) 3
Anger (A) 4,106 | Craving (O) 267 | Shame (O) 3
Confusion (O) 3,710 | Pain (S) 215 | Envy (O) 2
Doubt (O) 3,634 | Empathic Pain (S) 199 | Ecstasy (H) 1
Distress (S) 2,966 | Boredom (O) 180 | Contentment (H) 0
Aesthetic Appreciation (O) 1,870 | Contempt (C) 168 | Entrancement (O) 0
Disappointment (S) 1,511 | Fear (F) 145 | Romance (O) 0
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Layer Channels Kernel Stride Dimension Activation
Input N/A N/A N/A mxd N/A
Permute N/A N/A N/A dxXm N/A
CNN-block 128 (1,3) depends ReLU
CNN-block 64 (1,3) depends ReLU
CNN-block 32 (1,3) depends ReLU
Flatten N/A N/A N/A depends N/A
Linear N/A N/A N/A 1Xxb ReLU
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MRR Feature Set
1S2009 | 1S2010 | IS2011 | IS2012 | IS2013 | emobase | emolLarge | emobase2010
Iae g 0.8338 | 0.8555 | 0.8376 | 0.8437 | 0.8526 0.8293 0.8307 0.8267
LT E 2 0.8312 | 0.8312 | 0.8378 | 0.8478 | 0.8321 0.8332 0.8289 0.8468
AR AR 0.8467 | 0.8325 | 0.7995 | 0.8433 | 0.8451 0.8096 0.8209 0.8523
IRE A 0.8176 | 0.8375 | 0.7878 | 0.8337 | 0.8013 0.7981 0.7981 0.8401
# 3.CEBE F# # i * T i@ L2 T O %% % -
Macro F1-Score Feature Set
1S2009 | 1S2010 | IS2011 | IS2012 | IS2013 | emobase | emolarge | emobase2010
Tian g 0.1449 | 0.1456 | 0.1473 | 0.1491 | 0.1480 0.1327 0.1443 0.0958
EEN Lo 2 0.1455 | 0.1433 | 0.1476 | 0.1491 0.1466 0.1403 0.1451 0.0958
AR AR 0.0958 | 0.0958 | 0.0958 | 0.0958 | 0.0958 0.0958 0.0958 0.0958
RIRER A 0.0958 | 0.0958 | 0.0958 | 0.0958 | 0.0958 0.0958 0.0958 0.0958
# 4.CEBE F#% % i * Macro Average Fl-score ;=i T ef % 5% % ©
. Feature Set
Weighted Fl-Score o0 000 7782010 | 152011 | 152012 | 152013 | emobase | emolLarge | emobase2010
Tian g 0.6970 | 0.6980 | 0.6994 | 0.7010 | 0.7000 0.6847 0.6968 0.6538
#ENTEe 2 0.6972 | 0.6960 | 0.6994 | 0.7007 | 0.6992 0.6925 0.6962 0.6538
AR AR 0.6538 | 0.6538 | 0.6538 | 0.6538 | 0.6538 0.6538 0.6538 0.6538
IR A 0.6538 | 0.6538 | 0.6538 | 0.6538 | 0.6538 0.6538 0.6538 0.6538
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