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The salient feature selection by attention mechanism based
LSTM in speech emotion recognition
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(Machine learning and cognition lab, School of Education Science, Nanjing Normal University, Nanjing 210097, Jiangsu, China)

Abstract: The traditional approaches to speech emotion recognition use the acoustic features characterized by large
amount of data and redundancy. So, it is of great significance to choose the important phonetic features related to
emotion. In this study, the attention mechanism is combined with Long Short Term Memory (LSTM) to conduct feature
selection according to the attention parameters. The results show that: (1) the recognition rate of the attention mecha-
nism based LSTM is increased by 5.4% compared with the single LSTM model, so this algorithm effectively improves
the recognition accuracy; (2) the attention mechanism is an effective feature selection method, by which, the subsets of
acoustic features with practical physical significance can be selected to improve the recognition accuracy and reduce the
dimension compared with the original common feature set; (3) according to the selection results, the acoustic features are
analyzed, and it is found that the emotion recognition is correlated with the features of voiced segment length, unvoiced
segment length, fundamental frequency FO and Mel-frequency cepstral coefficients.

Key words: feature selection; speech emotion recognition; deep learning; attention mechanism

I £ L o

0 5 5

RO N TR RE N EZW LU, £
PR B A G A LAY BB S IR 1B IR 2
FH TS0 — A T ZEE R, R S EAR A
SR R R AT B RHETE 2 1S R A
HER AR, ARFRARR T, BEFUEITEE %
ML 7 V5 L A d B S 1B AR IE, 124
NAE, TR R RS, DR — 8L

k5 BHA: 2018-08-09; &[5 HEA: 2018-09-03

EemAB: PEEZRSRERES 2T HBCAL50054)

TEZ I BEE(1994—), %, ZHESWIA, ML, S5 mA
B HRESES, EEHEARA.

BIFEH: T, E-mail: 769370106@qq.com

PR A T R ) T A i AR — SRR AL, 18
WU 58 A AR 2 1A A A3 R SR
PRI, AR 15 P SR AL 3 4R 5 15 T SR )
fERA HEW TR o WA 2RO 5 &
T OB AEH R, AOERAE DL 5 R RE . 15
FRAER IR T E openSMILE(open-Source Me-
dia Interpretation by Large Feature-space Extraction)
BEATHEHL, KT BARSEHUS 25 5k WSTR[ 1] -
F T3 2 B R B A v DA R R BT AL I
BAGIRN, TR R AR ok 2 .
INTERSPEECH 2009 Emotion Challenge )7 2
RHIESEMY 384 4E?, 3| INTERSPEECH 2010 Para-
linguistic Challenge 7/ “#4FfF4E 1582 4EP, #|
INTERSPEECH 2014 Computational Paralinguistics



54 M

THIE R A, TR UHLEI LSTM 15 35 15 88 32 B4R e £ 415

ChallengE 1 A 224 AESE AT 6 373 4. )L
X EERHE R AE IS B A T HUS T A I 8OR, (A
HYEsd R, A A TR 115 BRI AR,
T IURFHE 5 W 55 B A AE, it it AR
& VB SA R RS EE 2 . RRIE A A BRI
S R, A TS BI4ERRAR . RO IR
fESE, T B ARG £ 0k IR SR R R Al ik
HH—1T5E.

REAEIEBETE N OA FRAESE 1 Ik B4 5 58 /N i)
T4, HIHARBERABREE . B A A R
ERETTVFA LR LR % R 46 Ba g A7 B AL )RR
PE R R, Wy AT £0E,  Hode ey
BEATLPER R o6 g B AT H 2 A e (R R R i
PERE, W= By 2 (Principal Component Anal-
ysis, PCA) YLLK Z&44 30 5] 43 #1(Linear Discriminant
Analysis, LDA)ZE, X} JRAGHRFE 25 (B 04T H0 2 A0 4
HigdE, FEOCHNRIERHE#ATIER: o %
FETHER 2 ) BT, X R G HE F 7 R ds it
ITRHIEIERE. CAO SEPLR F BN LA I AFEIE R
W, PR HERcE R AR RIE AR R R RO . 2
e PS5V ) — R R B 1 T v, R B 1
TR X 3 T (101 B AR T4 . KIMUY OV P 2 T AR AIE 3
BTk, G iR G Y DL B EARHE . B B
ARG k(5 B 2 5 R R R VA S A T
RIAT RS I BRI B, DL B TErh 5 6 2 K48
XPRHEEAT RS, BERERAIERZ.

TEF SEHREAE AT, WU S MR 1 R
#(Mel-Frequency Cepstral Coefficient, MFCC)fi5 8k
WA R T = A RE R, AH EE TR B R Ry
ik, FREERHRHE R A R 2 . FEXT TR IR
ARHE E LA, 5 FO SRR RUR LT
FREEITRARHIE, HA AN [F] 09 5L G vt 2R #5045 21 () e
TERCR 22 AR, Flln FO SAMH 7 SRR i,
M FO e RAEA BRI B =" TR R YT
SR, TS B R S 15 R e 5 B A
FEYIRFZR, BIERHIESBEEOE B AR R MR OR B 45
we ik, EEEE —SOAE K, RAWERE T,
548 B ORI 75 2R E, X T S 15
WA B HE R

HER VSR R T FE AR, J5 R
BHAT 2. WAENSIE. BIEIREE
o IEEIRAL BAE F T 2 U85 2 R is
AU FEIEE R, AL ORI R
FET B 7 MK R e, BN E) 7 81 B —A)
T ) — ot e i e T 1)y B A B ) o ) R
FEREY . AWtz K, SRR JINLHITER) T

K- 1R 4 JR AR b £ HY B B 2R T R AR A
K, BER VLG KR RG24 (Long Short
Term Memory, LSTM){ Ay —FiRpfiE e £ 77 o F& T
T 7 B 2 B 5 L EE A 75 S A SRR AR I 0
HAEAT M. [FIBT, @ B AL O R T A )
HP) LSTM R A5, DI s i R e

1 BT RV LSTM BB )
LAY

L1 SFEESNE

TR IHUEIE H NG fE LR A AE
BB PR — B A B T, MR i R
FHEIXEF R, FEAWFH, XY R,
fH Softmax BAEL, AfFHF R IMLHI 2SRRI Gt
T A —YERFAE I B A, TS RAVE 15—k,
THRASENE B IFHIERE A(A=[a,, 0y, 0y t)])
o, NEFIEE R | MR IERE R SRE, R E
WE SN GEGE =4, BRSRAG —4ERRExT T
15 BAR A B TR ). K 4 A1 LSTM Z /%t B(4
WEFEH B N 88x32 [ 4 m) &) i N BLIE A3 3]
Z(ARWIUH Z 2y 88x32 W 4 M )R FE, ¥ Z %R
PRI AR 2, AREAT B IR 2 J %

TEARBFRER IHLE, &5k LSTM 25
ANIHX ) BTG G GLH, (X} ARERITE & P 2RHIE
N LSTM 28N, KAE 1.3 hitgN4H), 155) LSTM
FE S5 B, Wi S BUE ER VL
Ao XFiEEIIHNFS BB=[b, b, b,b,]) +
WASHED (b 32 HERFRE), KF7THH 88
YEFERFE, @ BUEX AN 1~88. Kk, J#%| B
& 88x32 M YEHiE. JFEEJIE o vl (1)

T
__exp(f (b))

TS e () M
Hdr,  f(b) Nitoreksh, fEARSLEF, f(b) %
YERREL £ (b)=W"b, H w REEAFTINARZ
B, FEIINEIRFE N Z, R AT AR R
HE 15 H

Z=Y ab 2

1.2 LSTM &8I

T8 IRt 22 W 4% (Recursive Neural Network,
RNN)Z B E IR, ] DAEAR (S BAT LA
M ET AR T —25 LSTM 451, UV E SR
A SR, AASAT BRI BTN AL B 2 8] 18] B
AW REE, RNN 200 Hamih 55 fE B 2E 2l e



416 B

EAN S

2019 4

77. LSTM 1 HOCHREITER & SCHMIDHUBER #2
i, I8 GRAVES @47 1 R AE ™, J&2—Fh RNN
REPRIEAY, AT DL ST K fE 220
1.3 EFEEANFIH LSTM

KH LSTM &G ibldl 7, EIgas
B PRHIE, BOLIGEOR AR R A A
MR E 1 R

SRR ———
Z-AB A=[aa,.a,]

E%ﬁﬂﬂcz:é:::

I —

————
LSTMZ ———

R PN %F

B i R ML LSTM B 25K [
Fig.1 The structure diagram of LSTM model combined with
the attention mechanism
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Table1 Comparison of recognition accuracy between LSTM
and attention mechanism based LSTM
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Table 3 The feature numbers and recognition rates based on
different threshold values
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Table 4 The performances of feature subsets on the
validation set - eNTERFACE’05
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Fig.2 Classification results of different numbers of features
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Fig.3 The feature selection procedure based on the
attention mechanism

PEH B EAGE, 28 —%F I8 eNTERFACE’05 36
UE S 128 5 H R 7 S A0 I RFIE I B RR, 2 =5
SEHAHEE DN AR E R HEY . BT e R A
I TR 15 ML,

SINTRIL, fEEPEE T, FoHAEE, KA
— AN EHRAE FO_stddevNorm HEAT TR, wEffhZ
CLAREEIA 0403, W WILAEIEE 1B BRI i E
M, RMTEEWESE T, ZRHEN R, W]
WAEARESEES, BHTFUIEN A SRR
SIEEFIEN E R . 7238 5 XA EHEE TR
ZE S RIIRHERAT T RMARRE, BN PR
IR HEAT 7ARRARARE DA T

HA, THE R B 8K E (Stddev_Unvoiced

Segment Length). H 7 F Bt A+ & (Stddev_Voiced
Segment Length). MFCC1 #{HIX 3 MFEEH A
R R RIS, T HARFRRE . BT AT
FLHI MR, 3X 3 FRRFAE S 4 B ) B 1R R SR EK,
FER B R BCRAEH o T BT 78 A Hh ) 5
WA FO A, mp FERRAEAR T RPEERHC R I, A
W BT RRIER I R 4F, BAEPI A EESE R I

AN, ToEES Alpha EERILELF, 5 FO %F
TEP 5 25 S AR AR — TR B AER 2R ATIA 0.443,
HAEHHRSE PRI R I (AR EES T
FE DI R, DL e FE A v 2 S B B A — |
WRIREF, PLE 4 MRHECZATLLAF] 0.499
HEAER . Horhma B2 AR e 22 280, F1 SRE. H
7R B JC 5 1) hammarberg $E%1,
MFCC2_stddev X JL/NMRHEFE PR s 5 H RN
ZRIRK, RS — T RIVRL, MEHTEE
R IVELZE .

TR SEvE B HOEAT AT R I, AR
BHENAR 5 R B G R AE R AL T8 F B 247
Hal R R RS FISRRHIE . B 25 B3R
ATRAME 5 H3RAS, A E R .

BT EHURET 50 A 2ERHERT LA A, FO
HA. Alpha b Hammarberg $8%0. 5505 2%
JEE RER A FARFAE W MFCC RIS T 5L 2 B REAE
jitterv shimmer. #RUEAIZ . RN, L H X

RS RIEIENSHFERRF

Table 5 Feature ranking by attention parameters

K te L F AT 15 DR

it PR HAT 15 DMRFE

Bk i/
B AR

FOsemitoneFrom27.5Hz _sma3nz_stddevNorm

alphaRatioUV_sma3nz_amean
StddevUnvoicedSegmentLength
loudness sma3_stddevNorm
mfcc2_sma3_amean
mfccl_sma3_amean
StddevVoicedSegmentLengthSec
mfcclV_sma3nz_amean
F3bandwidth_sma3nz_amean
Flfrequency sma3nz_amean
spectralFlux_sma3_stddevNorm
mfccl sma3 stddevNorm
spectralFluxV _sma3nz_stddevNorm
hammarbergIndexUV_sma3nz_amean

mfcc2 _sma3_stddevNorm

mfccl_sma3_amean 1/49
StddevVoicedSegmentLengthSec 2/16

StddevUnvoicedSegmentLength 3/3
F2bandwidth _sma3nz_amean 4/74
mfcc2V_sma3nz_amean 5/37

F2frequency sma3nz_ stddevNorm 6/1

FOsemitoneFrom27.5Hz sma3nz_pctlrange0-2 7/2
VoicedSegmentsPerSec 8/21
spectralFluxUV_sma3nz_amean 9/36
logRelFO-H1-A3_sma3nz_amean 10/86
MeanUnvoicedSegmentLength 11/44
MeanVoicedSegmentLengthSec 12/27
loudness_sma3_meanFallingSlope 13/66
loudnessPeaksPerSec 14/76
loudness _sma3_stddevFallingSlope 15/63

e R, amean: FARFYY; stddevNorm: B REL; sma3: =WIKXNRBIIFIIIERDS: nz: IEFFO; V: HH; UV: T/
R RMARIE R RN AN AR 2 R BOK,  BARBRIERRHE R R L 1 A SR AR S R R U



420 B

EAN S

2019 4

SRANTC S DX ) P PR B AR 22 o Dy 38 49 AR SR
EAE RS — PRI R AT

FHECCA_EAORFAERGE, IRIEH %, 56— 2
o S RV 1 Lo IR B AT VRV R B A
FO S I RER I LL . R WEMRLE, DAAES
73 P I 2 B R IR B T IS8V, 1R
BT

4 ZE

HER WSS T ERER R 128, F
H GRS RS AN ZRi—Fh oy 2. AHTE 70
TN ZE AL, St 7 LSTM RS, 3 s
TES R BGRAMER S, ML T8 LSTM R, Ui
RIEE T 5.4%

AT FH 3 B DI AT A R S B — PR AL
FRAEIEFE Tk, 6T b7 s B 1 25 B 75 22
fE, H AR R IS5, ST E B .
AR ET FEA T 88 MAFFEREA b, %
BT 51 M) FHRAESE, 7ERRAR T RHE4EE1E L
T, BFEGRRAIRER, EREE . = R
BRIFMER,

STRFEAT AT R, AR R BIIKE. B
R B EE . MFCCL ME = /MRFIEAE I 2R3 4
IS UEBHRE PRI B IF, IEFE 3 AMEEX T
TR EEAMER . FO. alpha . Wi B AESE
S Bt B B sm oIt 7 BGR v k EE EE
o SARBESE S RESALLTHALE 207 FPR
ST RECE BB RIS,

KH T A B ERAT TR 25 5 R AE
MERE. 7 AMERER IS HOE BT RHE, K
DU B RFIE BARTE PR R BERT, S /MR
3y, ABSERANE RN, Ul B A REAE R A
FEHRE S, AR 1R, 1 BGRAIRR
R4f.

5 1w

AT USRI PR A T SCH e G2 AT 1 R 5
AL FESCS, T Ha R R E T AL WimA
MBI ANA], SRR 4R 4 — e s
FERIRM, PS8 . DI i A A
HORMIFEW, MRS — B (4ig Bk
AWETEN T vt I IR, A2 RREAR I B e 1
REAT RFALLEFESE IR, FE/MEA (K B4 4 Lt AT I

Ee A T IEEREU A 52, R NEEA S A
HEAT 1 FESNG, XSG A AT X LL A, PSR
RAG—BER LS. AR THRE s
HIFEAR S B E — AT AE, A BE s
B, KSR IERERRFE M . FEARSR I TAR
A B RENE A I B I A R R K
GRIEREREPINERE S 6=t FEAIE € PE SORESL U R

LTS BRI IRTTT, TERE A I
Ko B (0 SR IG TN, Bl B AR R I 2R R
AEE, (HRHT R EERENA RS 2R,
Rt HESE . BHIEELT TR RRES . FER
REBETF, ATBLHHATES . ST H LA RS
TR SRS, AT BB RO TIER A LTS
BARBI PR TL . A AFEIE S AFRSUERTE
To R AL R AT, AT TR Th AL RS B AR R R
Z (8] RERAE o

2 F X W

[11 EYBEN F. Opensmile: the munich versatile and fast open-source
audio feature extractor[C]//Firenze, Italy: MM '10 Proceedings of
the 18th ACM international conference on Multimedia, 2010:
1459-1462.

[2] SCHULLER B, STEIDL S, BATLINER A. The interspeech 2009
emotion challenge[C]//Brighton,UK:Interspeech(2009), ISCA, 2009:
312-315.

[3] SCHULLER B, STEIDL S, BATLINER A, et al. The inter-
speech 2010 paralinguistic challenge[C]//Chiba, Japan: Conference
of the International Speech Communication Association, 2010:
2794-2797.

[4] SCHULLER B, STEIDL S, BATLINER A, et al. The inter-
speech 2014 computational paralinguistics challenge: cognitive &
physical load[C]//Singapore:Proc. Interspeech 2014, 2014: 427-431.

[5] PEREZ-ESPINOSA H, REYES-GARCIA C A, VILLASE-
NOR-PINEDA L. Acoustic feature selection and classification of
emotions in speech using a 3D continuous emotion model[J]. Bi-
omedical Signal Processing & Control(S1746-8094), 2012, 7(1):
79-87.

[6] SONG P, HENGW Z, LIANG R. Speech emotion recognition
based on sparse transfer learning method[J]. Ieice Transactions on
Information & Systems(S1745-1361) , 2015, 98(7): 1409-1412.

[71 ZHANG X, ZHA C, XU X, et al. Speech emotion recognition
based on LDA+kernel- KNNFLCJJ]. Journal of Southeast Univer-
sity (S1003 -7985), 2015, 45(1): 5-11.

[8] CAO W H, XU J P, LIU Z T. Speaker-independent Speech Emo-
tion Recognition Based on Random Forest Feature Selection Algo-
rithm[C]//Dalian, China: Proceedings of the 36th Chinese control
conference, 2017: 10995-10998.

[9] Z=EWEpK, B rst, Mok R. M UCRMIESE £ A% Rl & 1155 1R
WHIP). TR TR SR, 2017, 53(3): 7-11.

JIANG Xiaoqging, XIA Kewen , LIN Yongliang. Speech emotion
recognition using secondary feature selection and kernel fusion[J].
Computer Engineering and Applications, 2017, 53(3): 7-11.

[10] KIM W G. Speech emotion recognition using feature selection and
fusion method[J]. Transactions of the Korean Institute of Electri-
cal Engineers(51975-8359), 2017, 66(8): 1265-1271.



54 M

TP IEAE . TR UHLH LSTM

B T A b

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

VAR, LHPR, Midk. BLEE BN S AR R A R
HPET]. ARG T SIHL R S, 2017, 38(5): 1164-1168.

TAO Yongsen , WANG Kunxia , YANG Jing. Hybridizing infor-
mation gain and harmony search for feature selection on speech
emotion[J]. Journal of Chinese Computer Systems, 2017, 38(5):
1164-1168.

WU D, PARSONS T D, NARAYANAN S S. Acoustic feature
analysis in speech emotion primitives estimation[C]//Makuhari,
Chiba, Japan: Conference of the International Speech Communi-
cation Association, 2010: 785-788.

TAO J, KANG Y. Features importance analysis for emotional
speech classification[C]//Berlin: International Conference on Af-
fective Computing & Intelligent Interaction, 2005, 3784: 449-457.
wET, B, S SEREE TR IVRRE T 5 IR B AL [T].
ML 515 B4R, 2011, 33(1): 112-116.

HUANG Chengwei , ZHAO Yan , JIN Yun. A sstudy on feature
analysis and recognition of practical speech emotion[J]. Journal of
Electronics & Information Technology, 2011, 33(1): 112-116.
BAHDANAU D, CHO K, BENGIO Y. Neural machine transla-
tion by jointly learning to align and translate[J]. Computer Science,
2014, arXiv: 1409.0473.

XU K, BA J, KIROS R, et al. Show, attend and tell: Neural image
caption generation with visual attention[C]//ICML, 2015, 14: 77—
81.

CHOROWSKI J K, BAHDANAU D, SERDYUK D, et al. Atten-
tion-based models for speech recognition[J]. Computer Science
(S2333-9721), 2015, 10(4): 429-439.

ADEL H, SCHUTZE H. Exploring different dimensions of atten-
tion for uncertainty detection[C]//Valencia, Spain: Proceedings of
the 15th Conference of the European Chapter of the Association
for Computational Linguistics, 2016: 22-34.

MIRSAMADI S, BARSOUM E, ZHANG C. Automatic speech
emotion recognition using recurrent neural networks with local at-

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

tention[C]//New Orleans, LA, USA: IEEE International Confer-
ence on Acoustics , 2017: 2227-2231.

GREFF K, SRIVASTAVA R K, KOUTNIK J, et al. LSTM: a
search space odyssey[J]. IEEE Transactions on Neural Networks &
Learning Systems(S2162-237X), 2015, 28(10): 2222-2232.

EYBE F, SCHERER K, TRUONG K, et al. The geneva minimal-
istic acoustic parameter set (gemaps) for voice research and affec-
tive computing[J]. IEEE Transactions on Affective Computing(S
1949-3045), 2016, 7(2): 190-202.

BUSSO C, BULUT M, LEE C C. IEMOCAP: interactive emo-
tional dyadic motion capture database[J]. LanguageRe-
sources&Evaluation(S1574-020X), 2008, 42(4): 335-359.

MARTIN O, KOTSIA I, MACQ B. The eNTERFACE'05 au-
dio-visual emotion database[C]//Atlanta, GA, USA: Conference on
Data Engineering Workshops, 2006: 8-12.

METALLINOU A, WOLLMER M, EYBEN F, et al. Con-
text-sensitive learning for enhanced audiovisual emotion classifica-
tion[J]. IEEE Transactions on Affective Computing(S1949- 3045),
2012, 3(2): 184-198.

MARIOORYAD §, BUSSO C. Compensating for speaker or lexi-
cal variabilities in speech for emotion recognition[J]. Speech
Communication(S0167-6393), 2014, 57(1): 1-12.

MARIOORYAD S, BUSSO C. Exploring cross-modality affective
reactions for audiovisual emotion recognition[J]. IEEE Transac-
tions on Affective Computing(S1949-3045), 2013, 4(2): 183-196.
GAMAGE K W, SETHU V, LE P N, et al. An i-vector GPLDA
system for speech based emotion recognition[C]//Asia-Pacific Sig-
nal and Information Processing Association Summit and Confer-
ence. IEEE, 2015: 289-292.

NEUMANN M, VU N T. Attentive convolutional neural network
based speech emotion recognition: a study on the impact of input
features, signal length, and acted speech[C]//Stockholm, Sweden :
Interspeech, 2017: 1263-1267.



