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(P U R = B B2 24 B, H aC, 210097 )

H O EHRARNEANRLZFAAZTZEL ATHRGHRARNERE KEFEIRFERES, &
FHAERXAT FRE A AR, LR ER A T A T 297 f 4948 & 45 42 (Bag-of-words , BoW ) F=
N-gram B R . ¥ i&F 5 AR5 5 SATHAE Bk A5 R KBRS, LR BN E IEMOCAP w 3 H &
RAAR, KRR, EFE LAFEREILE AR RRA P RILEAT; kKRR AL
JE BB AR R 2R AT, BT EAAY 2 W 4 (Convolutional neural network, CNN) o £ % #5455 L A
B AL R B aR A R A 39 B & % (Unweighted average recall, UAR) i 3] T 68.98% , # it T st
FEIEMOCAP # 45 %& Loy mIF 4 R,
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Using Speech and Text Features Fusion to Improve Speech Emotion Recognition

Feng Yaqin, Shen Lingjie, Hu Tingting, Wang Wei
(School of Education Science, Nanjing Normal University, Nanjing, 210097, China)

Abstract: Emotion recognition has an important significance in human-computer interaction. The purpose
of this study was to improve the accuracy of emotion recognition by fusing speech and text features. Speech
features were acoustic features and phonological features, and the text features were the traditional
Bag-of-Words (BoW) features based on emotion dictionary and N-gram model. We used these features to
emotion recognition and compared their performance on the IEMOCAP data-sets. We also compared the
effects of different features fusion methods, including feature-layer fusion and decision-layer fusion.
Experiment results show that the performance of the fusion of speech and text features is better than that of
single features; the performance of the decision-layer fusion of speech and text features is better than that of
feature-layer fusion. At the same time, based on the CNN classifier, UAR of the decision-layer fusion with
three features reaches 68.98% , surpassing the previous best results on the IEMOCAP data sets.

Key words: emotion recognition; acoustic features; phonological features; text features; feature fusion
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ORI — R AR AR O B AR A ST R A S Bl U R A N A R O e N AT I
B Rt ) A PLAE B BR S L A B IR A I B B S ah 5 R Tz e

— R, N IR F I E L AR CEASREMFIERNERRIA . MiEEENALREEDY
T B, HA B g% 3w M EE R ORI TR B s o R 0 TR
FEIN 6 4 1 75 SR R AR 25 R AT B O A BRI S e, D) — 4 B o 3k B A A AR R il 1) T SOk L
HEUE R AR B R BRI T R 8 (A SO (R B RE AL 8 Ui iE N s B 18 5 UK
A fl B 7 FH A B R — A B SR T 1A .

T T TR 2 X i A 1 2 20 I A {5 R AT A B (LN R ) S5, o B R IR 2
HG IR TR B ) AE OG0 RRAE S8, AR JE R BRI A 2R o i 2R AT U R AN K g S e )
FRE RS AR RPN A E R R U, & B AEPIERR ST R R A T LLDs DL J W A F LLDs
LG eR B B A G R SRR AR R R ) B R AR S AT B 3 2 A8 O SRR ) S L (Support
vector machine, SVM) . Lim &R F T B 3504 iE 1 A TR 2 4 FRURH 28 0 4% R4 B0 il 28 ) 4% v i 71
B &EFENMEET TR A E BT FRIE RN s Zhang SR B 5% 00 7 B el i 4 S AR 254 AT AY
WFFEHARAE — 2 T B 1 4 v 1 I i) 8 M o

SCAE A T IR 35 I SRR AL B, SCARYE B LA B B ALIE 2 45 Oy R AR AR BUR R A
FWAF B o R T SCARREAE T R B W B R AR AE S AT R AR S E R AL, BT AL
N-gram B SCAFRFAE AL 28 5 AT T8 8GR o 52 AT B 52 SR R F 1 1% J 3] e DA R 1 J% 1) DA 2R 45 A A2 A0 3
T Gamage S550CH SCA Y Bl | d2 F Rl AL AR ARIEAT 18 BGEN 7 SRA BF AR Y T — 2 ek ik Uy
P AH R EA L R )ZE 0 R, I R R Z KR IR R o RS I IR N A A SRR A
PRI RS VF 2 VR B 2 20 J7 1 1) T A 4038 ok b 0 o 7 A TR 2 o 4] [ ik e R I X 2 2 B A 1) [n] ik E AT 0
A B T o3 2000, 2R A IE F ] ) ik 5 2 D 4 KR 4 AR OO I 1 R E B .

el s OSCAE BRI R AH TR IERR AN R L IR E E a2 IE G R . ©fA —Lit
FEMFIE 5 SOR RS T TR BORB o Ye SEUE T T B A RRAE L K G2 T ek EROR T 3] B A ] 48 SUA R
TR I AE SVM ORI DL I3 43 28 8% B AT PUO0MME 55, Rl 0 OB R Z Bl G o RIS e S5 0is TS 9 02 Bl ik
PR B TR LI 75 2 R A R 3R] S8 R IR A 5 TR A BB Ay R 8 v AT U el S T SO HOR 2R A . e
HWR O EW BT S SUARIEN RS T X2 PRI — % — Wb BT 2R E,F
SRS M RRIE . [RIEE X T3 5 SORFRIE R & J7 30, © A W R ST ROR M e . B AR 3¢
PERE T AR B AR AR 3R] AR A R RN N-gram 58, AR TR RRAE il & 05 20 A9 TR B0 AR .

AR SCNTR: & A SCARTE SR IURRE , 89T Z 4Rk Al A B9 1 B0 o 3 B RO 0956 1 RP 7R JE 55 T b
MK 2 U 22 FRAIE (Low level descriptors, LLDs)MIN Il F LLDs _F ST 5% 56 2 B2 ToBI 2 B
M B ALRRAE o SCARRAE SR T 28 T T 4R HOIE Bm] B 1Y BoW FEAEFI N-gram A 8 o AR 53 i FH i 26 4
TESEAT R B, A L AE IEMOCAP B0 48 T 4 2805 B AEU 3 14 B 5 b AR H A T R R R A il 75 7 5K
FE IS BAGUNAE 55 O R R IR JZ Al R SR 2 Rl .

1 HUAERREMEATN

1.1 iIBEEYE
1.1.1 F54ir

PR AR S I 5 05 5 P SR IG5 B H R AE (3 w0 L AR L IR 0 S ) OGRS AR AE (L% K 1k At
e, R OG5 FE AN Mel M 3R BB ek 25 ), RIS 3% ¢ AF (40 28 4 90000 3335 R 2 (LPCC) \Mel 4 3 8] 33 22 4 (MF -
CC), MBI (PLP) A5 ) , E 812 i T BRI 55 o
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228

A SCE e X B A ) P T LLDs, 7E 36l A 22 RpAE B T 21 A AN TR Y e 1 R B K )
T 2H AN S 1 R A P S AR AL S R SRR AE

fdi Fl openSMILE T H AL 355 45 43 80 i, 35 LLD, & )5 i &R G it sk . A X% T Inter
speech2010 4 {7 if 7 % $k fif 3§ (Paralinguistic challenge) M2/ Hp 732 {ff FiI B 45 fiF $2 B AC & SC 1 “em-
bose2010.conf”. B & T 38MMMKZ R M 75 A7 1E (W MECC, ¥ 1458 ) , 21 2 Jm e it ok B0 H TR 2
UCHY FE 22 R AE R E AT TAR O 1 R 4 X B GE T BR B 5 e R R/ ME B R 5 2255 IR 1LFTR .
I, 75 2 R A ] A 4RO 1 582,

F1 MREHREREFHE (LLDs) R Gt ™
Tab.1 LLDs and statistical functions'"”

LLDs Giit ekl
Loudness position- max./min.
MF CC(Melfrequencycepstralcoefficients)[0-14] arith. mean, std. deviation
LogMelfrequencyband[0-7] skewness, kurtosis
LSPfrequency[0-7] lin. regression coeff.
FO by Sub-Harmonic Sum lin. regression error Q/A
FO envelope Quartile
Voicing probability quartile range
Jitter local Percentile
Jitter DDP quartile range
Shimmer local Up-level time

L1.2 ##4ie

AR IRIE S RS TiE XA 52 LS E K P8 fAR A5 i AR e AR S B e R
— AR A TR Ok H AR E s b R i IR SE R AR ] TN ARSI 55

A SCAS ] ToBI A B AARAE . ToBIAR I 22 ANE 55 i w1 i (H) R (L) 58 50 2
[F 9 ) 7 ) B (O-4, M55 S5 o 3 o 3 o A0 8 B — 0 AL A (H, VH, L) RS0 I 44 (L+H*,
L*+H,H-+!H*), 'HARRMH 10 TR E bR %0 T 5 58 & 0560 5505 8 . X T8 m b, 0 A
16 o7 IF 8 9 A A B ) B 48, 2 68 N VAT S 3 Y R AR IC R TR R L 3 kR e S H-, Lo, 30 H A OG 1 H fE]
K.

ToBI 4 R — 4] 3 Hh 434> 17 A A YRR I I K B8 YRR 26 s o 8 R ARRAIE 1] 6 19 48 H002: 260,
1.2 XAHHE
1.2.1 % (BoW )4 fE

A4S (BoW ) B BU7E SCA A B AT 36 T2 RN o B TE R 25 JE AR PP 3 S48 0 B0 125 0 17 00 T 4k 28
SCAS TR YL H A R 18 SO AR (Term frequency-inverse document frequency, TF-IDF ) # 38 3k 4
o TF-IDF 1 32 2 AR G 20 A 1) B0 1R 78 — i SCHE v Hh A 38 iy, FLAE HCAth S v AR /0 Hh B
A Sy s ) a8 o e v B A AR G i 2 00 XA RE O L i IR 2026 o BRI, TF-IDF M 1) 5 8 45 5 L 14 17)
G e SRR

ARSCHE e B A5 110 AR5 ] TF-IDF SR L £EHT 217 o 430 BN 4 A5 K v i 4004~ 26 43 (93]
FBRE S IR EANTE IEUEARC R . AR R AR R AL 08 1, X T — AN,
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1 RREA  ORFEA LA . BoW FHIF ) &t 9 4 50E 955,
1.2.2 N-gram & #

N-gram B F T 1R SCH R &R 3] ] 04 05 B {5 S, AR BT 4 i i iR P (5 B . Bagrof-N-gram A] &
fE BoW (9 4 fift , 1fii BoW H % [ H /N 1], N-gram % J8 T & 22 56l . O T B B A 2 4015 85 B
N-gram , 5> N-gram 1) TF-IDF #3715, Y6 B 2~50 38 [Fl 8 1 FE W RRAE o AR, RRAE 7R B A 4 8 19 1
&0 1. X F—A4 N-gram, Hi 1 RREAE  0RRA KA, RCTLEIT 2-gram LU K 3-gram 7£
SVM W F7miR 5], 25 3 % B 2-gram PR K 5 T 3-gram o R I 3208 6 FH 2-gram AR . 2-gram 55 Y ) 45
fiE4E % 2 850,
1.3 E&aAN

FEAH BARUBIAE 55 v, il T 3 — A LR G R B RS 2 Bl LR R R AR )2 Y Rl
(Feature-level fusion, FL), 8/ [ 09 FRAE7E R 00 Z AF fl G, Qi 1o 1 < e " @l 5, B 2R SR )2 iy il &
(Decision-level fusion, DL) , 8 A [ F#AE7E PR3 5 2R AT H 8 W INAL GRS, Qi 2 s o A 3053 5K i &
FHIE S SCRRHE ST RAE )2 Al A 5 UK Z R G OB R Rl G 7 2009 B i 24 o

(maE—| oz
sem | an | i ] s

ek tE—| #2em
Bl & RHE S SR RHERHE 2 il & K2 i E R IR S SORFHIE R 2R
Fig.1 Feature-Level fusion of speech features and Fig.2 Decision-Level fusion of speech features and
text features text features

2 ZMER

1€ [ S 1K AR 0 45, 5256 (%) P I BR o 2 UAR FIHERS %R (Accuracy score, ACC) .. AICH T A
S AR R T 10 2H B — A2 U A =, B 9 A U A N 9 B A8 IR R L 1A U0 TR N Y B i
HESE
2.1 ERHEESE

AR KT Interactive Emotional Motion Capture IEMOCAP) s 4 HE 47 4 28 25 5l BGR 51, 20 5 4
2% G RS o TEMOCAP S R IR i M) 7 K7 S5 Al 9 155 T8ROI 28, £ 35 29 12 h g (L T 2%
ik, BORLAA & J30FI 38 3 SCAS (TR R AR 10 24 1 51 (5 Bexd i, B B3l 195 1 20 ) fE A7 5 1) sl B 2% 1y
s F L ol e i g Rk . 2, N TR — B
U5 W B AD BEAE 2 D R 3 A bR b AT
BIARIE o Ry T 148 ()15 288 i) A B o v 2%
(Happy ) #1245 (Exciting) & 7 W@ 2426 50 . i
N AR IR RN R B R T 4 2 AR B
Pl , BILS 531N WK 2 R o
2.2 ERBHIEE

B T RAAE A5 EGR 0 B R IE O T K AR D e . SR Iz AL g o ) BE O s TR R
W Blhn, BT R a e AL (Hidden Markov model, HMM) . K -3 4l ( K-nearest neighbor, KNN) | A T.
il 28 W 2% ( Artificial neural network, ANN) | 3 £f [i] # #L ( Support vector machine, SVM ) 4§ , H 37§ 1)

%®2 IEMOCAPHEEHESMERENBANYE

Tab.2 The number of statements per emotion cate-
gory of IEMOCAP

7 I AR w0 b Bt

A 1103 1636 1084 1708 5531
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S HLBEIA S S Xof A [ B ASE P [ e T AR B b HAB A A G A SRR A CE AR RE R TS . 5
T 2 SRR L TR BE 7 ) B R B S o T RGRUI R RE o TR B 2 T B B M 4 5 SRR T R R 1
A% . 78 6] B R B 2f S AR h ) CNIN S S B 12 12706 20 4 48 W 4% (Long short term memory,
LSTM)Z 3| 77z Kk . PIEA S5 2R H SVM, CNN Al LSTM AR 70 2645

X CNNHE R BARSB E 5 12— e G2 B BEEE R 321, 22 62 R
64 &R, BRI E KN 10, BRL KN 1, 40T R R “same” , Of B 21 AAL 19 4 FREE R
b A2 SR FH S5 KA Ak X i AR BT O KN R 2, R RBER o8 2, )b SR I SR “ same”, ST PR AL
i “Relu” ., ) #4582 % 4% 2 8 i softmax 0% J2 5 15 2] 4 825 0L o S B 1k 805, 76 U1 25
o o g RS RT 2 B e 0.2 (4 B R BE HL I T di AR 20T ol Adam " Ak, 450 % BR R T 22 X
Mo B LOMREATIEE TUCBE BT B, BB — WAL o X P I R R AR IR 2R 15 48

XF T LSTMBELR R AT 2 )2 LSTM, 25 1= /94 80 H o 644,55 2 )= oS i B H o 324 fee i
R 2R i softmax TR 2 513 8] 4 I EE R 0 By (ki 004G , 7RI Zhad #E b LSTM AR AN
J2 Z 18] 5T 2 B 44 0.2 (A % BE LT i AP 250 o (8 “ rmsprop” Ui AL 45 L 451 2% R B0 FH 52 S &
B 32 MFEATHE — OB B R B, ST — AL o X AT I AR BR 1548 .
2.3 IBEESNASHIEBRIRA

A S 5 B4y BT BoW 45 AE | 2-gram 5 AE L LLDs I # # £R AF (ToBi) H T 4% BRI 19 UAR i
ACC. [A)I 4 15 5 R AR 5 SCAS RRAE 23 S0 AR A0 J2 il G TR0, LB 1 B A 55 R SR

#3917 BoW , 2-gram, LLDs, ToBi L J2 i ¥ 5 SCAFRAE 19 F74E J2 fill 5 7E IEMOCAP %48 46 -
MR . R 3FTLLE HiH & 5 SCARRHE W RHIE)Z Al G 1 UAR ATACC K2 i\ T —HF k. JF H.
U I 25 23 T CNN Y BoW , 2-gram, 75 “# AL AL RAAE AR 2 @A UAR S 61,1906 . it Al i
5 SO B RFE JZ Rl L — R AR AR B IME 55 Th R B 4
2.4 BEEXAHIEREAR

7 AU FP R 5 3 ST R AR J2E S R SRR RS 2. ARSI 20 S K O AR AR S SO R Y

R3 EESNASHMEEIEMOCAP LR R4 R
Tab.3 Recognition results of speech and text features on IEMOCAP

ot
FRAE SVM CNN LSTM
UAR/% ACC/% UAR/% ACC/% UAR/ % ACC/%
BoW 55.09 56.28 56.08 57.42 41.23 43.69
2-gram 51.09 53.26 60.21 59.35 35.04 38.25
LLDs 52.34 50.24 59.53 58.01 56.35 54.07
ToBi 38.47 39.75 34.86 38.22 36.38 38.47
BoW+LLDs 59.78 58.52 60.96 60.07 58.23 56.68
BoW + ToBi 57.62 58.79 48.89 50.96 44.86 45.72
2-gram+LLDs 57.35 55.93 61.24 60.27 59.05 57.22
2-gram+ ToBi 54.15 54.99 46.78 48.79 39.69 40.69
BoW +2-gram+

L Dot Tobi 57.64 56.48 63.39 62.64 58.39 56.46

T AR Z ARG D RO Z IR
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PSR 2 Rl G I TS AR, LB R IE A A NS RS A G AR A o it 1 B B R R L A BT
FEAE 9 DR SR )22 Rl 6 FIVREAE J2 il 45 6 0 TR o A 25 R o

FA BN T A FRAE S SOARYRAE A P 5K 2 il A 7E IEMOCAP B85 4 EAYiRBIZE R . NFEATTLLE
W 5 SCARBRAE A D 5K 2 @A B9 UAR I ACC AR &5 T R AF AU 4510 )2 @l & o 3T CNN A I 48 |
2-gram .75 F ORI LR AE 19 B3R 2 Al & BUS T e 4r M 25 1 UAR 1y 68.98% o AH#E T 1F 3 5 SURSFIE 1)
FRAFZ A B A5 AR T 7.79% o FH I nT TR WIS 35 5 SORERE A D 58 2 il L RRAE J2 il 1 R TR
PUNAE S5 h R AF o [R] B 3 F CNN 40 2528 1915 AU B T B i 1 UAR 28 68.98 % , i ek T 1L i 7
IEMOCAP 4 4 b e bf 4 2% .

R4 BEEXABMERKREMESEIEMOCAP FHIRFIER

Tab.4 Recognition results of decision-level fusion of speech and text features

B
FRAE SVM CNN LSTM
UAR/%  ACC/%  UAR/%  ACC/%  UAR/% ACC/%

BoWEBLLDs 63.33 63.13 67.36 66.72 62.88 61.63

BoW& ToBi 57.71 59.12 57.16 58.77 48.54 50.65
2-gram@LLDs 60.93 60.65 66.80 66.35 61.16 59.79
2-gram@ ToBi 54.51 56.22 53.01 55.17 43.69 45.83
BoWE2-gram@PLLDsP ToBi 64.21 64.61 68.98 68.36 65.38 64.56

A FHEZ IR D R Z I RLA

3 HERIE

S5 T E 5 SURE BT GRS, i R AR R T T A IR 2 R 2E R (LLDs ) A B
N F LLDs [ Ge 1 sR B0 ToBI 4 BUE] B #) HRRAE 3 SCARREAE R T 56 1 T T 42 I I 3] $ i 1) 4%
FRAE AN N-gram #5125 SRR T35 5 SORRRIE R A H 2 — R AEAE I IR IR S5 h R AP i85 5
SCACRRAE B P SR 2 Rl A b S SR RRAE (YRR AE 2 Al R A, R 3E  CONN 20 2588 18 35 18
AFFAE AR E RS UAR IS E] T 68.98% , M i T LT AE IEMOCAP B 96 45 I ) S d 45 51

FE TR 5 AR B b 256 SO MR BAR & TS BRI M M R . (L S IR AR IR il TS50 Y
BAEAM K, ZRTHEIPER . AN, I K5 8 510 2 (8] 0 N ZE IR R 1 o R I oA Sf i F 5 4 X Se AR
5 BT 28 U BT, ST K 8 P 5 B, 01 B 4 e v i R
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