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Tibetan Speech Emotion Recognition by MFCC Spatiotemporal Features
and Capsule Networks
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Abstract: Speech emotion recognition is an important branch of natural language processing that aims to automatically recognize and classify
emotional information in speech through computer technology. In the specific language environment of Tibetan, due to the lack of relevant re-
search and the widespread use of multi feature fusion strategies in existing studies, there are problems such as cumbersome feature extraction,
high feature dimensionality, and high computational overhead. To this end, a lightweight network model ST CapsNet is proposed by using 45
dimensional Mel frequency cepstral coefficients (MFCC) to represent audio emotions. Firstly, the spatiotemporal feature extractor and capsule
network are used as the core to capture the temporal and spatial information of MFCC through the spatiotemporal feature extractor; Secondly,
input the information into the capsule network for deep analysis. The experiments on the self built Tibetan speech emotion corpus TSEC-4528
and the publicly available corpora EMO-DB and RAVDESS (Speech&Song) showed that the proposed model achieved unweighted accuracies
of 78.59%, 96.34%, 87.60%, and 97.54%, respectively, demonstrating the effectiveness and cross lingual adaptability of the method for Ti-
betan speech emotion recognition.
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e W% & 1L 80 T % 1B 3 18 U] (Speech Emotion
Recognition, SER) AR 2" 1%AT 55 41 75 A4 i 35 15
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Horp B EBGE - 1 AR AN A A = RO AL SER (145 19 3
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FRAFSES Y SER AT 45 3 200 i I 3 KRR AR AR A
RUAHT A O i G v 0 ) 3 2 LS TR AR R R
LIPS RN SRS o NS S [ R e e 3 Lk s BIUD O R
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T VR T ZRRE A AR L ) R B AR 1 T
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Sp09 HFAF 4 i 4k i 3K 31 384 4k 21 TPEFS 4155 10 FIE /K P
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(Spatio—Temporal Capsule Network ) . %57 @il 7 1 H R 4
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Fig. 1 Overall structure of the model
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R AR , F-55 O 2 RE IS S A0 R RS, BRI 3 2 1
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AT o BT B E i AAG B 02T T8 75 22 H tanh pREL
gk YRR o, AR BB C o PR RIC,
J& P AR, P A T Y 4 AR 0 A5 B SR S
) 248

(8)

C=f-C_ +i-C, (9)
g5 b A T TR SR A 20 0% A B w R
ZIRBEACR S , DMBETE T — W2 s ] acien ] .
o,=a(W, [h,_,,x1+b,)
h, = o, - tanh (C,)
Az 0, A 2 HT B ZI 04 i a2 Sigmoid pRER T 6 i
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HINZS, IS tanh PR BRS 9 20 Bl AH 3, A Rl BRURCIR 2
b, BRI S AT A0 Sk i A B AL i B R — AN B R 2B
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A2 LSTM M 2% [a] #5114 A0 B M < st X IHAS B Vi
T B A ik Hh DA SIC BRARE Y T
1.3 B E4FERENEE

KT HRECMFCC AR By I 23 {5 B B 1 I 28 R 42
AR . B, A 2 I ) 2P 5% 25 1 LSTM 2%, 38 ini
AR B B[R] 20087 B2 5 LR, R 22 )2 45 FRBE B 1) ik 4 AN
AV G B IR, Z 2 BB H 2 A BB
22 2] PEWUR R 235 RV RRAE , B Bl 25 46 FR2 i
138 I A S R B A T M PR AR R PN 25 A B
a8 U PERE

WA, Z2 2B 5] A T R 3 —14k (Batch Nor-
malization, BN) Ji 2 N %1 2% £ i # ; % H ReL.U (Rectified
Linear Unit) PR &S i E 26 M 26 34 58 7 5 1 H B Kb 1B )2
(Max—Pooling ) [ 4 4 B4 F51iF [&] 5 B 5 >R F % 3% (Dropout )
Bilbid G . % 1A Z )2 BB BARSHL S

Table 1 Parameter configuration of multi-layer convolution module

R1 ZELSRERSHYEE

Layer Name Component Kernel Stride Filters i A
Convolution layer (3,3) (1, 1) 64
BN + Rel.U - - -
Convl
Max—Pooling (2,2) (2,2) -
Dropout - - - Z40:0.5
Convolution layer (3,3) (1,1) 128
BN + ReL.U - - -
Conv2
Max~-Pooling (2,2) (2,2) -
Dropout - - - Z81.0.15
Convolution layer (3,3) (1,1) 256
BN + ReLLU - - -
Conv3
Max~-Pooling (2,2) (2,2) -
Dropout - - -
Convolution layer (3,3) (1, 1) 96Xnum_emotions - o
Comvd y num_emotions A i RHE 25 Fh 285k

ReLU+BN

14 REML%

o % W 2% /3 8 4% JZ (Primary Capsule) 51 25 iR 42 )2
(Emotion Capsule) 2 i , i 3 455 SR K T T RS 2 ARl 400
B — B S ey i ] S AR B 2 T I AEAEE )
PEANZS PR TR AR A 2B 2 R AE R RS UE AT R B
T SCHEB T K Y = AR 5K (I T8 X ) 2D x5
FATT ) T IS [B) AT 30 24 i JR -, A DR AR5 3 18 AN 28 174 [] 1) 75
IR B T LA AL B RAE o] 52 7781, i 18T 2 s

FEN ok B e T A 55 AN R A o L E 9 3 i
2 AT B2 Bt Bk AR 2 . ShA
TR R IR W AN TR R 2 ) e AT 2
I (AR ST 3 kA o R A ey w,, 5
EIF IR H R, < 0, % % i R B Softmax
PR B R B e, FPH w, A RE R W AR B2 ) R0 [h]
by, B A e BB e AR RINAR B 5, I HEAT squash J4—
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Fig.2 Feature flattening
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H S FTR, BEHT S B B R R B b 252 s, FETTRE v,
Al (WL (13) \5(14)) o 7EHE R AR EUS Lo, 848 A
TR

AR AT TR A e e A L R A T U A A
3PN o ARSI A BN Sy 7 ], AL B W, 1) =3,
FUAR LD BRI 2] &y iy, vthy o FERRUCHS FRAEAR AT, 75
A i i1 R E =0, H1 Softmax BREUR] il ¢, 1 54> JC R EAH
G2 ey T,y AT 2B HT 18], AR 1Y R
No Y DT R, S 2 e XEEL RN R e X (13)
AL 3 ) AR R R o ROk, X ) A 46 R
squash IH—{LBIAT 13 8] v, o FeJ5 , FIHZC(1S) BT B &R
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EJIURIER SN

A

Fig. 3 [Example of dynamic routing update algorithm
B3 hiSHaEHE LR

N0 785 %y BT S A AL T, BRI I 2 MR A A 1)
7 A TN 1] 2 ] A AL JRE SR 8] B o B - BV
AL g ) T [ gk e e A, AR BEAR A A i X AL
B DR TR ] R S R AL B SN ] S 2 M A
SRR ARSI T AR o LA, B B i BIL ] e
Tod ) A RAE 25 DL AR 25 18] 0 A1, BE S 4 b B R E
A2 ] G 2R, %) SER 33X il ity 2 AR AR 25 1) ¢ R AR 55 &
KHE,

AR SO X 2 R 28 R, TRABIESE 1 shas i eh Sk
FCE R W, 1 o BCHLH , a0 18T 4 7 (2 R B4 e 4
ERCE S A O AR ) o T O R R
Mo AU AR I 25, 2 S BUS R S BRI , 51 R 5
B BERRNE A R A AR . NG, SR L A SR, (AR
IR 52 2% JBE A [R] I, 1 224 50 4 i e Ak =2 ] — AN, fiff
R B TV G A R AR AR ) R N TETR R L 4R T Az Ak
AEST .

H
i
) ’JE—

Fig. 4 Weight matrix allocation mechanism

B4 WEHEES AL
L5 $HKREHE
A SCAH FH 0 462 2% pR BT A Margin—Loss PR, K T-38
SURE B 07 1R 22 SR AR e A sRBOTT =, S E T RE AR Z (]
AR R X P B 5 ) ol o T S S 2 A 15 2 S TR TP Y
AR SR 0] 1, 38 4 Margin—Loss 7] fie K AL A [] 28 531 18 #6 A (7]
B LA AY
L,=T,  max(0,m" - ” v, ”)2
Ly =A(1 = T)max (0, v, |- m" )
L =L, +L,
A T, R B0 28 b5 28 2835 One—Hot 4 % )5 15 2 19 17
G 50, Ros BAAF G LRI 10 B RIR A €(0,1), KL A=
0.8;m"\m” 73517 0.9.0.1,

(16)

2 XBERSHH

2.1 SERIEM

AR SCAE R T 1 SR LA TSEC_4528 B0 ik fiT #2
B VERE , [R) I 2 FH AR MR JBGH 35 T8 BHAE (Berlin Emo-
tional Speech Database, EMO-DB) ., RAVDESS (Speech &
Song) I ATFIERNE I T4 . TSEC_4528 H 12 44 P4 i
KAE D7 & BB (6 55 6 20 ) By TE PFAL A, & i (2%
PTG PR AE S 2RI SRl 124 E A B
TR A A AT R IR DL, DLBIBR AN G A% 8 0, DR IE T
BRI R, BAR(E BNk 2 BiR . S8BT, TSEC_
4528 1 Kappa — BT A 2 0.63, J& T i — 2, B M i
G AR S B S

EMO-DB i & R A AR Tolk Rse 5t , % 5 55 5 iy

Table 2 TSEC-4528 speech emotion corpus
%2 TSEC_45281F & ERUEHE

Jm b FE A,
HE T
HE T
25 TR A TR
EE BN TR RUE TR0 P
ESPNe 6564
7 44~
il KB S E AL, 2 R L
JCH K BN By SRRt E
K 0.8~4 Fh 45
FHE Sk 16KHz, 16bit




- 6 -

BT T

XXXX 4

TARE R R R AR TOI DO B TR R S
TRIE A ARSCBRITCHIAL , HA TS 45 Y0 DL PR Ak 5
HIAIPERE . RAVDESS(Speech & Song)iﬁ**ﬁﬁ%i%%'%@
PN AT B TE R 24 2 B L (12 38 12 40) 5%
H S i RO, B A A R AN R i
T RGO Z AN A 15 4
2.2 LWINESEMAE

A K NVIDIA GeForce RTX 40705uper1'/|5ﬂ{]1‘ﬁﬁ:qz
B, 2 TensorFlow 1E IR = S HELR . A Bkl 0434
JH OpenSMILE 4 it MFCC HF1E , 48 48 4% 4 1 19 Lo 451 30
R 5 IR ARl B 1 Oy 300 N 4e K,
b4 A Adam, 2% > 4 0.000 1., 3 NiFERHA PR B
R-Speech \R—-Song # /5 RAVDESS B F A~ [a]iF

Table 3 Corpus emotions and quantity

®3 BREBERYE

TSEC_4528 EMO-DB R-Speech R-Song
Total Val Total Val Total Val Total Val
Angry 713 143 79 16 192 39 184 37
Calm - - - - 192 38 184 37
Disgust - - 46 9 192 39 - -
Fear 772 154 69 14 192 39 184 37
Happy 989 198 71 14 192 38 184 37
Neutral 1062 213 79 16 96 19 92 18
Sad 992 198 62 13 - - 184 37

Surprise - - - - 192 38 -

TE— B SERAT 55 H , DA 28 (4 35 A5 40 B AR I BLER
R MAAERG R (Weighted Accuracy, UA)

AP NV RIR BREARKICE 5 T2 TN 1 8 1Y) S REAR 5K
A RN R A SRR TR T S L T EROR S
2 28 v TR I A B RE AR B

T AR, A SCA RS A (Precision) A 7]
& (Recall ) Fl F1-score PG RIM:fE .

TP
TP

R_TP+FN (20)
_ 2PR

Fl—P+R (21)

A TP £ 8 B IE 4] FP %R [ 1F %1 ; FN % 7= )

Uikl
23 KWHER

AR T RBIPPAR SR R AL , 30 5 3 AR 1 Se A AL
T PERE HLE , 2 R VA HE M (LI 5) Ge it 4 v el o
A, fifi H 1—SNE (1-Distributed Stochastic Neighbor Embed-
ding) B UEALBI Y 73 6B ), Nk 4 K S Fm . H PR
FE R M LRI 0158 5 Avg S A SAL R F39ME . AT A,
5 TSEC_4528 15 RL v, A6 10 i) oR I A 2 47 [
77.91% , Fl-score *F-Y1{H N 78.70% , ZL1H 15 2% Fl-score 3¢
AR, 49 80.00% ; 7E EMO-DB 184} 2 rhv | #5780 114 2R il 42
S350 B K 95.92% , Fl-score “F-¥{H " 96.10% , Neutral
1% 2% F1-score ik 100.00% ; 7£ RAVDESS %) Speech 1Bk,
A () A IR 35 13 8] 5 87.75%, Fl-score “F- Y {H Hy
87.87% , 1543 f5c 15 B 15 45 M Calm, 24 92.68% ; 1 R—Song i

T e e
UA = (17) Kb, IR OB A R B AR, RN 43 [R5 97.75%,
2)\ T Fl-score [ -1 {H 4 97.73% , Calm . Happy . Neutral 17 24 )
WA = NI l (18) 155314 100% .,
Table 4 Performance of models in different datasets
R4 REEREHBIBEPHER (%)
Dataset indicator Angry Calm Disgust Fear Happy Neutral Sad Surprise Avg
P 85.37 - - 90.91 72.69 76.29 76.17 - 80.26
TSEC_4528 R 73.43 - - 71.43 79.29 83.10 82.32 - 7791
F1 78.95 - - 80.00 75.85 79.55 79.13 - 78.70
P 100.00 - 100.00 93.33 92.86 100.00 92.86 - 96.50
EMO-DB R 93.75 - 88.89 100.00 92.86 100.00 100.00 - 95.92
F1 96.77 - 94.12 96.55 92.86 100.00 96.30 - 96.10
P 91.43 86.36 87.18 76.09 96.55 94.44 - 89.74 88.83
R-Speech R 82.05 100.00 87.18 89.74 73.68 89.47 92.11 87.75
F1 86.49 92.68 87.18 82.35 83.58 91.89 90.91 87.87
P 94.87 100.00 - 97.14 100.00 100.00 94.59 - 97.77
R-Song R 100.00 100.00 - 91.89 100.00 100.00 94.59 - 97.75
F1 97.37 100.00 - 94.44 100.00 100.00 94.59 - 97.73
Table 5 UA and WA of the model in different datasets F 1l 5 A) 0L, 7E TSEC_4528 iRk I 73 28 IE 1 % i 1
/] 5] % 3 | N T St y N
RS MBEAFBIREFHUAWA (%) {1545 4 neutral , 213 AT 177 4B IE 6 T, 45

Dataset UA WA
TSEC_4528 78.58 79.39
EMO-DB 96.34 96.51
R-Speech 87.60 88.35
R-Song 97.54 97.56

B MR 200 48 0 TURHEUN 3R 300 o e f: ; 7775 24
A fear # FUM K sad . 20 > neutral % 7 A happy . 21 4
happy 8% U 4 neutral . WEERPERETT T , 906 M AEAS
HR 712 A SR TE A TN, HE A UA 3K 78.58%

7E EMO-DB i B B UA 15 96.34% , {2 3 1Nk}
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Fig.5 Confusion matrix statistics
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Table 6 Performance of the proposed model on different datasets

compared to existing models
Fo6 FRERSUFHRAERELBEE LR
Dataset Model Year WA/% UA/%

Spatiotemporal and frequential cas-

2021 83.30 82.10
caded attention Networks'2®)

TIM-Net"] 2022 8930  91.09
EMO-DB CNN-BiLSTM'?® 2023 80.60  82.60
Newman—Watts—Strogatz >} 2024  87.14  87.89
BiLSTM-AlexNet—-WavLM "] 2025 9261  91.68
ST-CapsNet (Ours) 2025 9651  96.34
ESNS! 2021 7454 7423
CNN-Bil.STM!2 2023 6480  64.20
R-Speech Newman—Watts—Slrogatz[29] 2024 76.45 75.79
IGRFXG!?! 2025 - 79.28
ST—CapsNet (Ours) 2025 88.35 87.60
L-NET?! 2021 - 71.00
VQ-MAE-S"¥ 2023 - 84.20
R-Song [35]
MERT 2025 - 84.73
ST-CapsNet (Ours) 2025 97.56 97.54
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Fig. 6 T-SNE results of input features
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Fig.7 t-SNE result graph output by the model
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24 HAXKEESKASHRE

N T IR AR HS R A RO A 2% A Kt Ak
TSEC_4528 .EMO-DB .RAVDESS(Speech & Song) I %] ST-
CapsNet HEATIH RS (W36 7) , IF4E EMO-DB 345 48
TR S 40 (Params ) | IF 25,12 54U (Floating Point Opera-
tions , FLOPs) , APPAG AL A2 2 B (WL 8) o Hor  Exp 1,
Exp 2 Exp3 7351|278 8 BRI 28 FRAE 52 U ) 5k 25 LSTM A
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Table 7 Results of ablation experiment

RT HBMLBER (%)
Model TSEC_4528 EMO-DB R-Speech R-Song
ST-CapsNet 78.58 96.34 87.60 97.54

Expl 7649 |209 89.02 |732 8560 /200 96.06 | 148
Exp2 6534 |13.24 7561 120.73 53.60 |34.00 82.86 | 14.68
Exp3  71.85 1673 7439 12195 72.00 | 1560 92.12 |542

Table 8 Model complexity
*8 RESRE

SFE
—— Capsule Net-
Model 4-Layer Params/M  FLOPs/G
LSTM work
CNN

ST-CapsNet N v J 1.771 0.415
Exp 1 - N N 1.755 0.414
Exp2 N - N 0.043 0.008
Exp3 N N - 3.732 0372

i 7 AT, Bl 2k % 2% LSTM i 45 0 i) UA S 19 T &
3.22% W0 F T 5% 2% LSTM il A 85l 4K 35 5 5 i sh 5748 4k
IS P B O OC R 5 CNN BB A R 2 S OB AL UA P4
K% 20.66% , EIEHAE 4 28 (R RFAE B2 IO 00 41 A4 R T AR
P, 0 AR SR UG B ey 3 R AE LA e A 5 B IR i
P 2xT] & UA -1 T B 12.43% , iFE B T 3h 25 8% th Lk
3 ) AL R AE VT I AR AR A (8] A A, ST H 7 B
BE s F ARG R IX 4368 o

T B R A T I 4% 3 2 s i ML 8 2 AR
B S S FLOPs WS i, {5 BE 5 A3 250 R FH 4R iF 25 1]
{450 B 8 ik /) 52.55% ., ST—-CapsNet LA L — 45 4 MF-
CCRRE LB AR AL BT BRI S 1,771 M, T A58
B R 0.415 G, EBTE F AT 55 P rERE UL AR ., 503 T i
25 PR AE HE RS 15 M A 09 245 ) DM R R Ak, AT A R A 7
A5z LaE T .

3 4iE

AR SR AR TR T R ) ST, O Y FARRAE £
7L 2% VRRIEAE B o v 0 (), A A T — AR I
1B AR A AL ST-CapsNet, 126, BEALY L) 45 4 MFCC
YR ARRAE 38 5 B 2 R AE S R il AR MFCC ARRAIE 11 B
A5 B HUR G5 I 2 W 45 1) 21 25 I PR SR SRR A T IR
FEHT s 55 , LA Margin-Loss 8 SR AU B B 250

TE S T 1 5 0 B BLE TSEC_4528 5 28 IF i ) I
EMO-DB . RAVDESS A9 552 56 2 B, JIr 2452 784 1% P 5B 110 35 I
i, 255 A 15485 —SNE AT RLAL 20 BT 2 B, JIr B A5 78 B A
TANBBSCR  ME THA BRI RN Kok, e
B URBE 4 2] S HLAR 2 ST 48 B 0 Bk SRR IR R KA
8 ) 2451 G5 B2 2% BE W v, LA B i Ak B 0 5 1 SR
1% .
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