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Abstract Emotional health draws great concern with the enhancement of public health
consciousness. Emotional health is closely related to the quality of personal life. Even for some
special groups of people, like pilots, soldiers, etc. , their emotional states will have impacts on the
stability of communities. Traditionally, to evaluate emotional states of human beings relies on the
doctors or psychologists to communicate with subjects and give scores based on various question-
naires. This approach is not scientific enough and leads to the difficulties in the emotional health
monitoring in daily-life. Emotion recognition enables lifeless sensors and computers to measure
and interpret human emotions. It is a procedure consisting of emotion-related bio signals recording,
features extraction and emotional states classification, providing scientific evidence for emotional
health monitoring and primary diagnosis of potential mental diseases. In the related works
concerning emotion recognition, the application scenarios are usually restricted in the hospitals or
labs and the common-used classifiers are not suitable for the daily emotion recognition data set.
This paper develops a multimodal biosensor network to simplify the sensing framework so that it

can finish emotion recognition tasks when subjects are participating in daily tasks without so
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many disturbances. Several wearable biosensor nodes record multimodal bio signals (electroen-
cephalography, pulse and blood pressure) and transmit them to a body station employing Arduino
UNOS3 and its expansion boards. The body station works as a web client connecting to a web data
center on the Internet by wireless routers or personal hotspots. The web data center is estab-
lished on NI-PXI 1065 with a static public IP address. The recognition algorithm is carried out in
the data center and the results are displayed for authorized web terminals with the assistance of
web publishing service supported by LabVIEW. The multimodal wearable biosensor network can
provide emotion-related bio signals from which typical features are extracted based on the existing
theories. In particular, due to the uncertainties in signal acquisition and feature extraction, a
stacked auto-encoder (based on the deep learning theory) optimized emotion recognition method is
proposed to improve the recognition process. The stacked auto-encoder helps to pre-learn the
feature vectors and with the fine tuning it generates a better scheme for emotion classification
phase. There are 9 emotional states for classification according to the Valence-Arousal dimen-
sional model. A two-layer stacked neural network with a softmax classifier is designed to finish
the final classification tasks. The experiment convinces that the feature vectors pre-learned by
stacked auto-encoder are of higher quality both in centrality and distinguishability based on the
similarity evaluation theory. The final recognition rate is also improved approximately 5%
compared to related works. The main contributions of this paper are the wearable network-based
sensing structure, the stacked auto-encoder optimized multimodal emotion recognition algorithm
and the quantitative analysis on 71-day experimental data. This is a novel system for daily
emotional health monitoring and can provide scientific suggestions for doctors or guardians.
However, in the future, large scale of data should be accumulated. Moreover, the dynamic
performance and energy efficiency also need improving.

Keywords emotion recognition; multimodal sensing; wearable biosensor network; stacked

auto-encoder; deep learning; Internet of Things; sensor networks
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JVREANT
TP =] hwXO—=X["4+2 D] || 5
WA LA b 3 B 0T i 5 B i B 14 A (B I AT

Ve

DI IR AR AE V AE N RZE 1 B9 % AL ) 4Rz
2 1S SR IR 58 MR BRZ 1 Mg B 2 65 4 1)
B AE M BR)E 2 A gn bt A AL SR TR R Y 7 12
SE RN RJZ 2 Figi B g i 0 T 5. 58 00 FRAE iF
I A7 LG A AR B 6 5 Softmax
oyt S B4 38 1 X & 2 B AUE #4718 IE (Fine
Tunning).

Softmax 43 Jei & Logistic [l N Y 18 £ 2 7y
e E R 2 U W K B IR 2 2R 2K
[ AR S A H k=9,

WA I 25 58 iU YRR X A g B 45 B2 2 1O fa
th H'™ , Softmax 73 28 &% RE % T 53t XJ I 2R 45 25 1Y
R P(Y = |H®) W FHA 23R UL, B 3K
W PCY=;|V), Hhm th B X & 4 ] 4, 43 5l SR AE
HFEA R T IS 4R 2 3. A MOE A nF -

P(Y=1|V")
_ P(Y=2|V")
ho(v(z)): .
P(Y=F|V")
B'I‘H(Z)(l)
el
OZH(Z)“)
- (6
E 9 (7)(7
— oz‘H(z)(;)
ifﬁﬂ%‘éﬁ 0= [‘91 s‘92 [ ’6/e:|T = {‘9{] }/zxmoﬂ) JE

H—A RS kX g+ 1) B R . BEA 70 A 78 b b
BTk AR Z A LARBEA e I
ZREEA . Softmax 73 I8 i e/ MEAU B8 T S B

Horpr Mg} JEn PR 3R IB 5 eg jﬂEHT PR %K
HH 152 3RB5K eq BT, p&EIE S 0. R B
R SR AR A A TR R 7 SE B 5 op L ZEAS I —
AR T Dok T8 A A1 BRI RS A S T 11T o R

oT @
J®© = —221 Y =j}log —+
HT i E T @)
k g )
A3 (8)
i=1j=0
£ Softmax 3285 o VO 15 r RAEAR SNy 5
AL

O;I'"(‘_Z)(N

PY? = V) :ff
SR AT DA MR B2 T AR =X B 4 A il 8 0 4% 1 1 e
FEI. AT b O R K A I 2 R AT R AR 3 AR
k. 3% BRI B #5353 DN Softmax i )2 21| &
J2 1 B XA R ECKR S 5 11588 B 1) 4, JF % 4R
SEPRAY B R 0. B AR R
8% = —vJ® f(0"H?) (10)
VIS=0"(I—hy(V)) (11)
Fort ho (V) g Z A RS2 10 o, T Ay A B8 X Bz 1 2%
TR 3 )22 ) AT 4% a2 i oA i
3D =W)HT8® /(WP HD) (12)
SV =WDP)HT® f/(WPYy D) (13)
25 b Tk, B 0 R AE 1) 1 A U R 58 U
14 R[5 J2 A i 4 D 8% i o B R A 28 GRE R %2
BRI EAREE) , DT S B 28 R A 0 4 0. i
PRI T AR 25T 0 3 2 R R AN R
(1) 15 25 R 90 85 A0 & K o b 2 80 diE . >R
AT 1] JC AR 25 B0 19 ) 4 B AR F 132 > AT LA 58 43l
FH S 55 554 5
(2) 16 45 ¥R AE 1 42 B 76 A B 1k, H A IF e
R v A RO 2 O T 5 A R 15’%4Q EE R CETIRPEE
A7 42 9 B FCRRAIE (] A9 O I5C RRAIE L B2 =5 1% 26 1R 0 e ik
PR 5
(3) Softxmax 43r2E#%iE T A LA EFR WL
O3 e AR SOR g W L NG 4 Ak R R T ) oy R AT
S BAHFRENZES LS.
JE T ] SR AL IR W 45 i Ak X A g a0 Ak
7 28 T 1) S 36 25 SR ERIE A B 2518

D)
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3.4 ZEERMKEZRNERTN

]2 BT I 5 A R I 2 R ALE B i AR U
S B 45 T AREAE 1) 27 >0 S8R LA BTG 2 RS i U3 6 02
ST EEVE U RN L X B 48 AR R4l US. Berkeley 7
SCHERL26 Jrb 4 ) w7 ) v] 28 30 A W04 5 20 R AR 1Y
PO T 8 AR T S BEAS R AL ) BV, HT Y, ]
R R AR EE

Similarity(V,,,V,) =

V,*V,
vl - 1v.l

i 158 22 BORFAE ] 5 2 T SE 1Y SRR 28T L A
FEAE ] 5 22 (5] 08 R RLE Y (BLFR R i S hm 28 1Y) R )
J& (Self-similarity) , BF A F¢AE 7] £ 5l 28 b5 25 F 4
IE 1) £ 1 R ARL R X8 (B R A 2 26 B 2 0 B AR R
(Cross-similarity). B AL 5 A0 19 22 {8 FR
SMAHRLE 22 (8 (Diff-similarity).

B A LR R AE T 8RR AR R AR Y A b 1
(Centrality). [F] 28 bR 2 FE 4% B i H A T w0 A7 U
JE PRI ARARL R B &y s D) R OR A [R] SEAR AR A 1) 4R
Wk — BB AL RE 22 (L RAE T I AR A R AL
B A] X 43 4 (Distinguishability). [F] 28R & FE A 2
V] P R R B 1 S SIS s 28 A A 2 ) 17 A ) R 3
TR VP 5 1) 22 (R B DU ARE AR 1 R 0 kit B . T
T AR A TR A I 2% 4 B R AE DL SRR R A
2t Bt 45 0 R P S 5 R B I 2R AR AR A

I 2 2N A RS R AR ) 3l IR AR ARG R
(Positive Predictive Value) 3 3F4 .

RecognitionRate=TP/(TP+FP) (15)
Horp TP R840 8 W IEFEAS , SEBR Al IEFE A 1Y
FEANEG FP R JE N IEREA, SEBrJe ke A
AIREAABL. AR bR RAE T 24 45 A4 4 T 3 1
25 RAS I BT ) A R

4 LWHERSHH

4.1 ZLWIRE

SCH I X g At 8 &L By AL AR T A
5 H MBS R FE T 71 KL idsk 8 S H A AR
NGNS N N SN R R R S R e e g
HA I A R 2 S ST IR ) 2 AT SRR 45 L TR I 58
JH B AR TR AT 55 Cln B 1 1 15 VWA S AR L BT HLIE
REAF) AR i 0 T AR A AR S 2EAT AV 8 E
RARAE . TO V)RR 25 TG IE PR Y REAS . T T Ak
ENEETITE YIRS SRS

B Be3t 570 B, gk — 20 6 A ) 8 0o 3% 2
Ji 10 Be, 3R 4% 5700 BURUHE AR, Fovb s il v SR B R
500 Hz, i iR 72 0.5 p V. +OR N IE A & 1 iR,

14)

12 iz AD ¥4, i T8 807 4= 6000 bit £ 48 i, B 2
i Arduino IDE 38 H & H 32 BGE 7] 325 8 B A
% N RE W AL R AR AT 2L 5 M EAE Arduino
UNO 3 % #8857 2 A7 B WOHL ) H A J7 25 2 ok
FHAERR Jy 1 38 TR 3 A 2Z /iU 0 R 18 4 - while
(Serial.available ) <Buff),Buff N5 i
BAEACBE X AR 2 Buf f 35 387 19K BE DL £ 3
A7 80 A S T LABSCHE 132 75 3 P ) 3 ol 1) i) R

A A% TR TN i K43 S8 Y5 L O 0. 05~200 Hz,
TORABEE A 331, Jik 48 44 J i It i il B2 kg A5 400 i 1y
55, AFEKEUH AL O EMFE AL O 85
AT B 28 Sl i R AT R T R 20 ms 7 AR 32 fi ik
TR WOV B Boi 46 20 A7 B AR R AT SR
EEE”, 40 S600, W] & 78 Bk # 3 8 £ 48 4 i (8
S 600mV. >3 (Heartbeats Per Minute) [/ 5% 5 4%
O FAF AR IRAT B0 R HR 7, 41 B0, N
FR M ETOF N 60 YR /min. O Bk 8] 55 B 7] ( Time
Between Heartbeats) [ 8085 #%5 20 0 : A7 8 “Hn 1R
FF T-+0 R B 2504 4n 11000, D & 7 224 8if Lo 9k [A]
B I 1] 2y 1000 ms. oL 32 550 B 5] B 18] 1) A S 15 5
SR R A A A RO AR R L R A
AT L KA AL g e A B R S R R R T
RAETE L. B LA DRI A5 5 4 i s i 20 O A
1600 bit ft) %5 s .

Il J& & X #% 2 T Hanback HBE-Zigbex II
Platform J¥ & , A\ T )5 45 1 He i) it 2 42, ;= A 45 s
ST A R L A0 SRR R I e R U —
D) A B AR L R O N A A B S
AR AR L I BN R R 2 FP Ik Es R,
BEUCH R O A 8 AR TR B O 3 8 bit/ A
&AL A5 E b 1@ AE O XA HR TR R (1A
FRFE . KRB Arduino UNO 3 & 538 i1 {2k B AR
oS4 i 7 24 kO 92 B R WiFT B Hokt
FulBE g W 2% B 85 b R 2 P i Client, [a] 2t 72 M
v (g TP 553 1) 46 3 8 . s PR IR 55 2
NI-PXI 1065. it ## Ii #4 9 i iPHONE 5C.

4.2 SEEVNEEHEEARSFT

BARAEAR bR 2 AT WA 7 s, V-A SFH
e H R 9 A [F] 1 4 AR 45 LVHALNVHA,
HVHA,LVNA,NVNA, HVNA,LVLA,NVLA,
HVLA. B T4 SCO& T [n] H 5 R 00 09 15 28 I R
Il 25 261 A IR 2 S B R AR T A A [R] L R T 2R A 4
OIS R Z b AR R A AR L I8 A e bR
A REA KA | K SRS T T RAE P ) A AR RS
Z A W A5 5 1 SRR I — B0 5 T A
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8p <LVHA | NVHA “eof " [HVHA
S . .. o, :...,'.’o
f\7____|__. _____ - .*_:‘__.T-.'_,
(2} « & .t...
! | R B R
c6r te g TR LA WY 0t
g5 *ILVNA: | . NVNA' | -.J:_HVNA :
< ’ e el .-
%4 T R S o AR
= . g o
‘gg.————‘—;—.—"n——.-’_:'—]_.l_'_._
. . 3 [ N
ol [LVLA : ¢ NVLA b : < HVLA
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RfrValence (1~9)
T OREARZRFRZEAENE L V-A V05 A

BAGREA UG PR A 8 B A5 5 G
BIE K BEIE 240 s, 4 5 i ol L BRHE L0 36 i L & 8
Hh St 7 A A 0 A R T A UL L R R T A R R
Be 4015 5 i e B8 R B AR 1k L I Fi 15 5 45 U
B — B B BURRAE. SR b ST by 3k 5 B0 E A
AL B, 223 56 10 1h 1 B B) BT T BE R 24 s, A
0~24s Wi —Br 24s~48s N4 — Bt LI 25 HfE %
BE B A I 10 By i B2 BURFAE . DR 46 5080 I B
AL T M i mT 20 8 0 o 45 4 S S0 S B
PITEAE — 8 R B A0 N R e B ot T A 5 R B0
I TR]EE RS L e % 24 s (10 ) ) 45 135 00 477 2 fk b 24, o]
DAY JE b SO A HE 1) 17 45 R AE B2 BUEE SR (A 6 R 1IE %
AR o [R] B AT LA A I Bt 2 bR O % )
e E0p- AN

WWWWMWWWW

50 100 150 200 250
. M\JU\M [— kd8 (5 5 Gk e)]
= 1000
~
w»
-‘\\E
£ 500 :
50 100 150 200 250
g
£ 70W
>
5 60F — b
50 100 150 200 250
2150
E
£ 100 [—— R&iE = = =& kJE]
]_.E‘ e T
& 50 50 100 150 200 250
i 1] /s

B8 RN LA AW AR 5 SR B

PEURRAE 32— 2 40 4k A i B AIG AT o 3 (8 Hz~
10H2) 550 o 7 (10 Hz~ 13 Hz) K55 B I (13 Hz~

20 Hz) . &5 4 B I (20 Hz~31Hz) K55 ¥ % (31 Hz~
50Hz) .8 v i (50 Hz~ 100 Hz) . 0 3% (4 Hz ~
8 Hz) .0 i (=<4 Hz) W T 335 43 A B 835 W (R s %of
N B AT R AE 3 T TGAM i f A 4 % Ho it £ eSense
0 9882 0 B 5 AR T B 0 X B2 3 AR R R R AR IR BE 1Y
N5 S X5 (R bR o 22 DA BB A ofE 25 M 0
2R 3 89 (B R b o 22 5 o0 Bk DD R B ED s HRV W0 2%
A S M B AL AE 4 T SE MO 1 RR R B Y B
2 JRR (] 9151 B4 {8 b 1 22 AH 4B RR Ja) 19 22 18 1 34
T3 AR 5 I B S A AN Oy 2% DA B RRIE AR © A B
2SR B SCHR 48 L X B A BB B A IR
Sy BT U B

&R TN HAE 5 & P B P B T 3 A1
FRAE A& 9 FioR.
O i P53 B D

I3 /nW

ficsser i fie st
-<4- LVLA
B gy o= LVNA
—&— [LVHA

RATR I
(a) MRS ARAE(LVLALVNALLVHA)

i Fh, 75 95 B T 2
534 /nW

RS

-<= NVLA
++me s NVNA
—&— NVHA

AR
(b) Wi IR AHFAE(NVLANVNA . NVHA)

i B - D B Tl
934 /aW

fiAFiodp

=<- HVLA
ool [IVNA
—4&—HVHA

IR B
() M LT3R AR HE (HVLA HVNA L HVHA )
9 ZRUE A CE MG S IR IR
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9 ok T 35 A =X 48 B W i 6 3k s A )
5 2R ST I HL 25 I B 38 ) S 0 43 A R B 4
H AT WA 1 L 2Bk 18 2 30 UE 1 B — R AR 2 o« UK
T2 5RO IR S B & WE 9(a) L (b) (o) Hr 5 m]
LA WAL LAY I e 8 B, A R T R Ry ) i 1
HRE B EAEEN o« W, H o YR
M R R CRORS R EE R B T RE AR 2 LAY
“NA” 5 HA” 15 4R - HX W FEA Y o P71
BRI N 27.03nW ., 18. 10nW 5 11. 57nW. [k Mk
T 5 28 LU e W R T 45 o BT 2 T R
134.3%.

R K B —F8 bR 25 B B ) 2803 A1 1 R AE K VR
Sy AR A A AR B G B T FLIR A R AR
Tr2E 2] 55y 8 k. AS TR A% 26 RS F I & 1
FEES FARAE B (1 eSense TGAM # e #2441t , 75 [H]
0~100) W FH{E AN 1,36 2 R,

R 1 TRARERTTRBELTEEBIFE

s b LEIER
LV NV HV
HA 56. 30 56. 94 57. 80
NA 146. 89 19. 31 48. 60
LA 14.08 11. 84 39. 59

® 2 TEEERS TREERELHE

TR
B =

LV NV HV

HA 43.18 45.74 46. 69

NA 46. 89 50. 97 51.14

LA 48.18 55.13 62.18

Wi e R A 4 T (O LA 846 3] HAD &3
T8 B0 e ol W Y b T e R N 4 AR o
5 28 19 S 34 1 5 B 45, 9%, T B AR 45 BN 78
S0 G R 6 I FR 2 (HVLA) B8 i i i 62. 18, 5
SRR AR V-A ST 07 8 — 30 S AR B bE
PR V-A S DU G B A7 B IR R R T A
b A5 5 A5 5 4 BRI R A R AR 2 5 Ok o AL 1 st R
GG bR X AR R . X SRR AR R K A N
IYHEERIN A AR 20 B G 1 i 8 I 4% S By 28
WA DE AL a9 RRAE 55 43 28 85 SR 76 F SCik 4T B
PRIy BT 5108,
4.3 BRAXEBABHRFERANEFERRSAZ

¥ bR (Raw) FEAE 1] 2 5 VI 25 58 i A9 A% 28 B 4
T 24 i %% 3 (Pre-learned) J 4 43 1iF 1] 5 43 51 32 47
AR ABLBE BF-

e 3.3 A4 g EMRLEE AU DL 25 (8 VF 1 25
PG RHEL 200 R B 2K A G 45 3025 2D Ak 1
AU AR ARLRE PP (B A5 000 Ay B0 R 0 R L8 PP AN (L. AH
RLBE 25 34 Ry E B, B 227 AH [R) 18 25 b5 28 T 1 R AR
FHARLRE %2 8 T AN [ 245 b 2 N M A A% 32 ) ] 28
15 IR I 25 AR LI 20 10 4 R G A L B T . HL
PRI & A& NV7NA”FR S W REAS B AR R {42
1%, Ze Wb E (Neutral) (115 28 AR AR £ b 1
26 X TUNVNA”R % (19 1% 25 FE A, H 3 A oL (8
IS e /IME 0. 859/0. 846 (T2 ] FEAS / JF B FEAS) .
e B g hD s AL S FEA R S v P a5 3 AR
U B3R 5 T 1 9%, AR L 22 (8 PR 4 s IR AR
P BRI 2 AR T kA 2 AR B G S A B B
B A B T A3 ARRLRE 25 B AR 5 T 18 400,

® 3 BERINFLEREBBOEEHDTEN

155 % EARLEE (22T /AR
%5 LV NV HV FH

HA 0.977/0.951 0.920/0.894 0.944/0.940 0.947/0.928
NA  0.924/0.920 0.859/0.846 0.925/0.914 0.903/0.893
LA 0.982/0.956 0.893/0.871 0.964/0.939 0.946/0.922
4 0.961/0.942  0.891/0.870 0.944/0.931 0.932/0.914

R 4 FEIRA R R 28 CUE ZE TS N

ICE ML BE 220 (T 2 /T
s LV NV HV Ty

HA 0.207/0.177 0.116/0.082 0.127/0.117 0.150/0. 125
NA 0.118/0.084 0.074/0.050 0.118/0.098 0.103/0.077
LA 0.160/0.155 0.112/0.108 0.188/0.152 0.153/0.139
SFH0.162/0.139  0.101/0.080 0. 144/0. 122 0.135/0. 114

FRAE 1) dE A AL 55 A LB 2 AE V-A SF T
(4 23T AN T 10 B 7. J3E {0 v DDA AR — S0k B ]
SrPEAT o p AT D0 rpoME IR 4 R AR B AR T
SRS B0 A R A IR A R A IR (B RE AR SR
AT

REA KRB B2 BT 3 B A B0 T AT 2 A ) 2% 3
I G 4 M O E R S REA B o] F M iR iiE T
R 3 2 B g 1 g R 1] B (R 3 AR RE A 1
i 2 AN oAk T 53 28 0 b A 11 4 v
FIA] 43k

1L 7R i AL 25 (B IEA 515 4 U0 % 1
KA ARSI I iR X I 9 S G bR A8 1 IR B R
MRUR (F3z HE A8 B W) R 6226 .61 %6 .73 % .55% .
52% .56 % .66 % .57 % 64 %. LB 2l 51 40
I FRAS A R — B I A P I R A B IE T A
1RLEE PEA J7 36 P A RRAE I 2 19 A bk
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1.00
= 0.95
7 0.90
= 0.85 &
<9 0.80 =
{% 0.75
& 0.70
0.65
40
et Valence(1~9) &23” 423' QQV' 4%?’ 4@?‘ 4\)?' \F" 4\;‘
(@) EAABEV- AT T4 Q‘QQ&% SIS S e S
o bR
025 B 12 TR [ 7 o6 [ 15 4 6 1 3 3 3 5 O
2 0.20 .
< 0.15 = I}I‘ ----- NB —e—KNN
. 010 g 7ol AN — -SVM -#- SAE
g =
& 0.05 5 <65l
ey 0 5
& —0.05 =60t
—0.10 ¥
# o5t
A Valence(1~9) S0k
(b) ARBLE ZEE V- AF1H 43 AT
10 VoA I 45 55 GE AT 0L VA S T
MR (1~8)
0.25 = R jg 13 Ry e AR A A 35 5 2
- %
o-zo--—-/\\/_/\_/' B0 P I AP K S R T4 B S A
o5t B R S TR S
R
=010 5 & HE— 25 1 38 7 ST BLAY BB RE 5 I AR A X T
= 208 ASCR R0 HARTE B S0 B E IR S 7
10 S BR PR A% R i Y BE RE A R B D i S s A
Oﬁv FTITIT I & T TS ’ 9 e A FEFE o P P QA R ARG FhL T LA A2 At T
R R N T R L e
b . e o s 3} P
ity Jr AR S 2 26 2 0 T 14 R O % B 2 O A 7
BOTT L 2% 0 BE A 500 25 R 0 SR 1 5 R

HE— 2P LB AL G2 T7 AN R DL (Naive Bayes,
NB) .K £ 48 (K-Nearest Neighbor, KNN,K=5,
i FARKPIFE B 7 451 AL (Support Vector Machine,
SVM, RBF #% & 50 5 A8 SCH H 1Y T ) 22 458 7T %5 3
L I8 M 2% 1) K% 28 B g 15 2% (SAE, B2 #% 20
2 2%, W B E G i g T 2R O . B 2T Rk
50/25) RALIE 26 43 2 iy U0 3, 25 S A 12, 8] 13
JT7R.

NB.KNN,SVM L) K SAE - 135 51 4% ¥k
1 50. 43% .54. 35% .55. 89 % Fl 60. 61 %. Xt F A Al
AR A A, A SR S 1 T o) 2 512 S 9 2% 1 A =X B
St A AL 25 WU IR 8] T 53. 77 % ~73.48%,
WAL T 32 T 20 5%, %R ) R AE 1] 5 AL K

5 ABRAR REFE A < A o 4 FH 5 A, 53 Ah A SCR A
Ak =0 1 S 0 25 A b 380 76 BU(E 4 BRI 2 5 i v
FEIF B AU A B YN 25 52 U > 0500 3 B 4 4 F
NB 5 KNN st 5 1 g 02 5 B e #. T A
SCAR R AE T R e il 19 IR 55 7 RS AT Rk E
S BTE 1) B R 2 IR A SR . R R
FE B VR 32 0 308 BB T HIL 2 ity BB S B o 2 IR 5
T 118 S5 B P o A A A ke A A 1 2 1)

DA b S B0 55 S F L 0T R A A A Y 15 B AL IR
PO £ 7 157 A 14 T P B 155 2 Gt BRI T 1% 300 SR A
TSI T ORI 25 AH G A5 S 1 I JER R A ALURRAE
PRI AR A G 25 1010 1 R BE AR AE b 4 AR A L
A AR RO B A 4R SRR B T 53,77 %
~T73.48% AL G I BT T 500 HE AT R AL SR



8 TG A - T ) T S A A W A P R R 5 R R 1 R AR G A 1 2 R

1761

LI SR AF T IR B s 1 AR ) BR A N 2R E IR
I FE AR - AR IE T 320 R AL A T A

5 & ®

ASSCEE XS I 2 A R OO 0% M A
T RN o A W) 1R A TR 255 I e AR B 2
B 28 AR A 5 (I e DK L B i ) - 28 ol B4R =
R AR 1 i R R 4% JHE o I H 1 2 U
(4 45 A AT W 45 A s fi Al T DN 45 0, S B T 2%
PREETR Y AT o 2 AR 4 U

ARSCHE T R Z RS A i di 22 W 4 O T
RIE 7 o] B8O 1 Ak 1Y 1 45 R0 5303k, W6 i A
Gt i 4 Xot ) B AR 18 AT P2 ) L R T Softmax
I3 & dhe X BB B R AT ol B A 71 KA I [ 5
Y S 6 25 R R WL RS A i T ST S YRR AL 1)
EHEAEROESRES A, AP ERE R T
1900 REARLEE 22 (B2 & 1 18. 400, Ak 4y 855 148
TN A B A U R B T 53. 7700~
734800 B G I LB TE T 500, ROK I AR IR T
A B R A 5250 KA, U A AR 2K A 2 B 4 X
TR 2 AE YN 2k 00 ROR . [ I A i o 1 2% 2% 19
RERICME 5 5 S B3 05 4 552 I P RS A T 2 R RE X
i 5 B 4 VR 00 30k 1A T g

AR SCHR H 4 T 1) AT 2 R AR W A R AR R M 4
AR B it 45 ol 22 1 2% 000 A A 2 R0 O 0 5 SE B
ZRA s ] D N A 2 et B M 00 0195 445 A OGS o
U BRI A 400 9 B8 AH A B
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With the enhancement of public health consciousness.,
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Traditionally, to evaluate emotional states of human
beings relies on the doctors or psychologists to communicate
with subjects and give scores based on various question-
naires. This approach is not scientific enough and leads to the
difficulties in the emotional health monitoring in daily-life.

Emotion recognition enables lifeless sensors and computers to
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measure and interpret human emotions. It is a procedure
consisting of emotion-related bio signals recording, features
extraction and emotional states -classification, providing
scientific evidence for emotional health monitoring and primary
diagnosis of potential mental diseases. In the related works
concerning emotion recognition, the application scenarios are
usually restricted in the hospitals or labs and the common-used
classifiers are not suitable for the daily emotion recognition data
set.

This paper develops a multimodal biosensor network to
simplify the sensing framework so that it can finish emotion
recognition tasks when subjects are participating in daily
tasks. Several wearable biosensor nodes record multimodal
bio signals (EEG, pulse and blood pressure) and transmit
them to a body station. The body station connects to a web
data center on the Internet by wireless routers or personal
hotspots. The recognition algorithm is carried out in the data
center and the results are displayed for authorized web
terminals. Additionally, due to the uncertainties in signal
acquisition and feature extraction. a stacked auto-encoder
(based on the deep learning theory) optimized emotion
recognition method is proposed to improve the recognition

process. The experiment convinces that the feature vectors

pre-learned by stacked auto-encoder are of higher quality
while the final recognition rate is also improved approximately
5% compared to related works. The main contributions of
this paper are the wearable network-based sensing structure,
the stacked auto-encoder optimized multimodal emotion
recognition algorithm and the quantitative analysis on 71-day
experimental data. This is a novel system for daily emotional
health monitoring and can provide scientific suggestions for
doctors or guardians. However, in the future, large scale of
data should be accumulated. Moreover, the dynamic
performance and energy efficiency also need improving.
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