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Emotion classification of spatiotemporal EEG features using hybrid neural networks
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Abstract: In this paper, we propose a new data representation of electroencephalogram (EEG), which transforms 1D chain-like EEG
vector sequences into 2D mesh-like matrix sequences. The mesh structure of the matrix at each time point corresponds to the distribution
of EEG electrodes, which could better represent the spatial correlation of EEG signals among multiple physically adjacent electrodes.
Then, the sliding window is used to divide the 2D meshes sequence into segments containing equal time points, and each segment is seen
as an EEG sample integrating the temporal and spatial correlation of raw EEG recordings.We also propose two hybrid deep learning
models: cascaded convolutional recurrent neural network (CASC CNN LSTM) and cascaded double convolutional neural network

(CASC_CNN_CNN). Both of them use the CNN model to capture the spatial correlation between physically adjacent EEG signals from
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the converted 2D EEG meshes. The former uses the LSTM model to learn the time dependency of the EEG sequence, and the latter uses
another CNN model to extract the deeper discriminative features of local time and space. Extensive binary emotion classification
experiments in valence are carried out on a large scale open DEAP dataset (32 subjects, 9,830,400 EEG recordings). The results show that
the average classification accuracy of our proposed CASC_CNN_LSTM and CASC_CNN_CNN networks on spatio-temporal 2D
mesh-like EEG sequence reaches 93.15% and 92.37%, respectively, which significantly outperform the baseline models and the
state-of-the-art methods. It demonstrates that our proposed method effectively improves the accuracy and robustness of EEG emotion
classification due to its ability of jointly learning deeper spatio-temporal correlated features using hybid deep neural network.
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Fig.1 EEG data acquisition and pre-processing process
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£ EWFET 32 MEREWE 40 ML 1 8. 5 A RS B & ST R I . O
WL 2R 35 5, 2 Ja w6 B W (0 A0 7 e TR, 84, 0 D 34 FE R AR B D T A 1-9 I S BB k47
VRN AN E B /0N 2 K 23 53 38 7 & T b 1 67 31 1F 5 R 55 209040 AN RIS AT R AL S 20 A i R0/ ne B S 3
T 20 AN K A /me R SRR AR SO P 32 JBIE ) BEG 155 REFIIR I 5 128Hz, 4 T iHBR EL M | HL Y
FE RO FC At D28, A 4-45Hz 1) I R A8 AT B 1 R, TR L E IR R KB T IR T30 B B A KN
63 #P1) EEG 155 , A5 WA WALH) 60 R FAUYLE BT E 451 3 7.
IR IR S4FHEHR BN

ARSCEEEL T BN K 60 F2H) EEG 7 A1 — 25 43 O T % IE S5 510G 5% (15 5 R R TR R4k,
BB 7/ 3 B EEG 55 1E AL, 60 Fi50 15 5 BRI 28,43 B AH 5 I P 51148 4k BL 1 Bb 2y
WK EA T AT A B 4 B ORI 2 60 AR B A B R 40 WKARER 1) EEG B (BHREEAD &
Hoh 40%60=2400 54 BUALE 128 SRR (HIE OK/NA 128) AKAE S 32 4~ BEG JBIE 5L
P, R R RAW HRAE, L4 B K/NR IR A 2400x 12832, 5256 W 22 % B, A8 F KT 80/ T 128 15 143 BE#R 2 BRI
HA B PV AR, X MV 5 AR IS BE sh R K B A o5 x4 B BAJS 19 EEG 4 4%l 1 H AT 15— 1k,
3 B AF AR S (¥ NORM 454,

T 2 Rl 2 R0 B2 (W B 7T K W] EEG {8 5 7E delta (1Hz ~ 4Hz),theta (4Hz ~ 8Hz),alpha (8Hz ~
13Hz),beta(13Hz~30Hz) Fl gamma( 30Hz A F) 5 BB L A& K8 51 4555 0 3E 30 % VA M 1 AHE B
1221 1 2 2w (i e OB R L EEG 15 5 F 4-45Hz 45y F I Th %% % (power spectral density,PSD) $F{iF7E
2D-CNN W& b i) 53 25 Re B AL T-BS 38 ) RAW RHAEFT NORM FHAIE, Xt 772 K 4 PSD AFUSURFIE (1 42 B
T B R B SR ) J P AT 10 15 S AT 25 A1 R — ol b S e BF 1 K i 5 3, BT DAL AIE 8 il 3K 5 2
B 5 B R I B 45 (K B, A SCE NORM B AE Al b 7 4-45Hz A5 L) PR - SVETE 1s B9 EEG H
B AN EE LA 0.5s 1) Hamming % 0 8 & Ml 052 8L 64 A PSD HH1E, 4R 40 i 56 3L 320 PSD
EAE R 4 £ 2 2400%64x32.

2 T RAFLEEAS EEG FEAS AR, B T 30 M URLE 1-9 38 Bl A B9 VPANE, DL A2 20 5 78 0 BB S 2%
e e BE L B PE OB R A A AR B vk 2 o SR, K 5 ARF R R EIE AR A 1 R
ANF ST S ARFRACSE B M T AR, FH 0 2 1% 5 56 B3R AR bR 25 1 357 887 1 Adh B 56 V9 2 4 — 28 EEG B9 R b 45
KR AR .

e ARG DEAP HHs 48 B r FE AR 4 A 4% IE A 30 (1) KB4 EEG FEA R — 4 i o i) B 3 91 6 e K
NK 90 B R A B 41,55 ¥ LLJS BEG BEARG & T EE S IA I R 5 450k 1 (45 5, B0 R bs 25 1) 4

HE MbR RS AN GRAE R AR 20% FARE A SR B8 UE I ZRAR Y, DL T7 32 0 A O 40 71 22 SCIR IR Hidie 4.

Table 1 Formats of segmented 1D and 2D EEG data and labels of each subject
F 1 FAMBEBLUG 1D 5 2D EEG $d K br25 s =X

SR 3% KRERT RS EEG ¥R TR

1D chain-like =~ RAW/NORM 1-s 2400(epochs)x 128(points)x32(channels)x 1 2400x1
1D chain-like PSD 1-s 2400(epochs)x 64(points)x32(channels)x1 2400x1
2D mesh-like =~ RAW/NORM 1-s 2400(epochs)x 128(points)x9(width)x9(height) 2400x1
2D mesh-like PSD 1-s 2400(epochs)X 64(points)x9(width)x9(height) 2400x 1
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EgEa
B2 N OR{EE A28 BEG 15 ER B J5 T B i b S 308 (10 77 12 R J5 v A B A T e A 7 00 86 T 5 AR SO ) 1
¥4 4% DEAP.

Alhagry % NUOSR A — R 3 LSTM K K i e 12 45 ¥4 FAD 9 35 496 24 4 22 I 4% /. DE AP $5H8 42 1) W /280 A
IEREAYERE BT T R P P 2RI 10 28, = N FE B A 2R T8 R R 4 A B 85.65%. 85.45%
1 87.99%.

AR AR SCERU O e R A R R LS 2 ST BT (Bagging Tree) %f DEAP #0445 EEG 15 5 () PSD
REAEAE R AN B S b AT 1K P 1 2817 IR 70 S I HE A %6 2 TS 31 86.31%F11 86.18%.

Salama U8 A\ SEH] —Fh = 45 5: A0 1 4 W 28 (3D-CNN), &t 5%t 22 38 38 % H B 3030 36 AT 15 SR 5, 7 28040 A nse
T 5 1 0 K P 79 2RI SRR T 1 3 0 AR 87.44% K1 88.49%.

A SCAE AR SR IR FE 2D-CNN #8455+ DEAP 3U#E 4 EEG 1 I 35 5 A58 2H & R AIE, ity X6 iy | 2 o) X
REAE 1 TR0 J2 4t R A A R B3 AT Ak P R AR B A P TR 3R 40 A 31 88.53% 1 86.67%! ).

B 7 3R ST 6 5 A0, R T i S 4k SR AR AT A 8, AR SCAE R SRR 17 H 4R H ) 2D-CNIN S AL i DA e,
B NG A B R A0 AR A 3 B R 3R PSD REAE, TR FE 2 =T 0 445 () 45 44 DA % 8 2 240E B U [R] Casc_CNIN_CNN
(55 =AY CNN — 20 #5241 36 B AL 2 5 B — AN B 512 M & 00 47 32 2 M — A Softmax i 2. 3 o
PG RUZ 5 AR FH 3%3 K/ 32 R 64 A6 AU T A AR B BURE L2 R AR RS KA 2 1 2%2 K
JINHR 3o 35 P A R 4 SR AT PR 4 AL

N T IRANR IO AR 5 o — B AR 43 2R e R AR 25 A SO it 1 F TR B SR B0 1 BILSTM(64) 15
B AR BEY A0 R F 43 B % 2 PSD RFAEAE J9fi N, I 2% 45 1) [i] Casc_CNN_LSTM 1] LSTM I 2% — 2,21 F X7
LSTM H Gk AT AR AE SR I e p B OB ) @i (f81)5) LSTM BIcba oM (RoREKE) 1
N 64,5 XU P9 4 45 19 A% 3 RS I AN BT I BRORAS TERRAE AN B4 B T e R AN — AN 128 &
TG A AN 48 I 45 i 24452 N\ Softmax JZ 7= A2 TRIIME.

A ST A 42 X 25 35 K F] TensorFlow HEZE, 33 T Nvidia Titan X Pascal GPU PL58 4= Wi B 1 77 20Uk T
SRR R T Adam 5 7R U0 14 B ATLAGH B2 T B vk i /N R 1) 58 SRR B2 2R bR 5

X —EB oK FE AR AR SCFTHE HE B R A A AR B s AR RE IR R AT EEG 2 B AR ] 1R S5 Bx sE e
g5 LI R0 S NORM HEAERT PSD RFAE7E R0 R R P55 P A 4 P 1 40 01 B AR RS JBE 0 AR SCH H A 2
AR 7R VR EAT IR N R 5T
HMINHEE ENIRERS O

AR SCHR H PR R 2 B A2 DA R 5 ot B AR SR F) B AR SR I M B AN 2 BT R ML B R I LA 4EMIR PSD AFAE
HEIA] Casc_CNN_LSTM 1 Casc_ CNN_CNN 2 HIEUE T 93.15 FH 92.37% 1 #Eff 22, B3 Al 20 A B 548 T
Tl JE A TR B3 T Y 0 o R M R R B L R SC S 1AL RI B TR A B T3 EEG 154 2R M RE AR R S
S o FRATE 2R F T B R BB/ RIS B B 34T EEG B 4y B 45 R o SR S R ML e B B R B E AR
I 05 PRl P 3o e A8 g 3 B 11 KN, AT DA AR LS B AN [ 2R AL EEG 15 5 40 28 AR B 7 72 B e U ) R e
i FL, 5 DA AR BIE FE A L, T2 A58 B 5 s 5040 11 99 A B A/ B 3& & T BCT %5 S B A

Table 2 Comparison of the accuracy of two types of emotion classification in the valence dimension between the
benchmark model and the cascade hybrid model
T2 RIS G IR A IR AR R bR AT T SR IR SRR I R 1 L AR
Models Input Features Valence Acc

Alhagr!'LSTM 1D Raw chain sequence 0.8545
Chen!"” BT 1D PSD chain sequence 0.8631
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Salamal"*13D-CNN Segmented Raw chain sequence 0.8744
Chen!"2D-CNN SegmentedNorm+PSD chain sequence 0.8853
2D-CNN-V2 Segmented PSD chain sequence 0.9016
BILSTM(64) Segmented PSD chain sequence 0.8981
Casc-CNN-CNN Segmented 2D PSD mesh sequence 0.9237
Casc-CNN-LSTM Segmented 2D PSD mesh sequence 0.9315

BRI DA BRATAR BT SCHk 19 H 2D-CNN 8 3t (1) 2D-CNN-V2 R 4 RUEff AR BT s 8 T
1.63%, i 5 — J7 T A& 4 N AE (AR 40, IE I 2545 3.2 o ok, ol T 4008 R A0 A 0% 31l 5 5 22 15 8RO 1 K i 3
7,PSD FHIEAHE T NORM HRAEFE % B850 FEAE 55 Hh (W HERA 2 58 /1,170 PSD 5 NORM KR &R fE AR 78 173K
W IAE— B R BRI T AL (K2 AL 6 77, (B0 T 15 4 FAT 55110 TR A R AE A HER SR AK T 5 — %) PSD 4§
fiE. 575 — 5 T T B0 3 A 2 N8 T N R 2% B BUZ R BRI AN B 4 A BTN 32 AN IR T B
23 R B, T4 T 7 R B (¥ 1 .

L PSD $F-AE % A 1) BILSTM(64)45 B ) 73 5 vk i 2215 B T 89.81%, ik Hi 2D-CNN-V2 BLBAAH 0.35% 1)
220 X UL T8 2 R I 108 2 2 3 1 ATt DEAP S 48, 50— AU E AN R 4R B F IR0 86 00 SR AT 550 BE A 2 AN
K. 2D-CNN-V2 # 8 A 5 F Casc-CNN-CNN 185 B #i i F B T 2.21%,BiLSTM(64) 1 A4 #H 4% F
Casc-CNN-LSTM #5: ZY #E ff 28 PR T 3.34%,1X 15 B 1 — B BUPE A [RI 48 5 I R ILE A an VR A S B

ESCHR[16] [18] [19]H 537 19 7 ¥ AH L, A SCHE HE ) Casc-CNN-CNN LAY L Alhagrt 45 A2 Hi () LSTM
BRI PR R 6.92%, b Chen!™ 2 AR BT W20 KB R H 6.06%, . Salamal™1% A\ 42 Hi 1)
3D-CNN BRI Chen!"? %5 A2 H 2D-CNN B ) 1 B 40 531l 55 H 4.93% K01 3.84%.Casc-CNN-LSTM 7 Lt
Alhagr!'®&8 A 32 () LSTM B2 (1t B & 1 7.7%, b Chenl™ 25 A$2 (0 BT R 2 KB MR mE i T 6.84%,
bt Salamal™1%5 A 42 Hi ) 3D-CNN #ERUH Chen!"? %5 A2 H 2D-CNN B8 [ 1 B 50 53 it 5. 71%H1 4.62%, 1
RESRTH 20 L A 4 38 X R WA SCHR HH 1K) — 4E IR PSD R AEMI R T — i R E B & THE Z M2 B R XUE R,
T L AR S H 1R T P R 2R 55 o 28 X 445 AR TR JE L8 2 30 BV R B — ot 28 O 45 S R A 8 J2 N 25 R AIE A 2 )
AT B A

ASCER R LL T 4ERDIR PSD AR AE A4 N Casc CNN_CNN R [ ) % 4 7 39 4> K el 236 ) T
92.37%,32 44 Wl VR 40 1 TUAS BE 4 P 4 TR,

Casc_ CNN_CNN test ACC
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Fig.4 Statistics chart of Casc. CNN_CNN model test set classification accuracy results
P 4 Casc_CNN_CNN #5824 il 30 45 43 2 0 B 46 SR ge it 1

518 AR 7 FMERFIEF] T 97.19%, 4 I A 1k 2 v de v, 181 5 9 FL e A o 46, 0 4%
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Fig.5 Casc_CNN_CNN model sub18 training process diagram
| 5 Casc_CNN_CNN 52 sub18 Il Zhid FoR & &

S WL EE b B AT DAAS N I ok B o Bt 2 AR RS B iteration BN, S 193R 22 loss BRI = WK BEAR Tt
S SCRTHE TN BRI O (R R AR AR AR IR B RN W 0 R 1A S IIGRHERZE ace B4R Ln) 1 Hin BATE
0.99 B35 F U Sk Tteration M 0 34 & 3500 M A, loss 4R ME A 0.7 BT FFURBE S iteration f¥78 KT LABE e A
TRER T AW R 0 JB L. ace LAY T AT iteration BN 1.86 X 10~*f 3 B, LU e kA B LA 5 XM 0.3 F+ &=
0.95 781X —id 2 ace HIBGHEE iteration 25T 1800~2500 7& 45 H B = VR B e K AR/ BE % ace HiZhAl R
[ AR loss 1B ELARAS Wik /1N (B 3L R B b 34 20 2%, S A I AR I R I I W AN TR IR, — & Tl &
#1 batch_size WE MW/ EFHE NG RGN T, GERTEEHNSER 2, RN EE A 2N 2 55
loss B8 0% % T ANCSRAI G . — /& B T B 2 3 learning rate 5 B [ K, BEORFE VI ZRIF GG N A B g M RE 1S 31 17
PR IR AHBEE iteration 3 A5 AL HE AR IE 4K B ALAR I S 3L T loss 5% Wi 1M ARSI L1 H B 775 24
IEARE 3600, 4200, 5500 %75 A7 B BT ES T T loss S8R KRN ace 2RI/ 15 00 (B A RiX 2 i T
2 ] 1R P RO FE A B AR BR AR AR T R BT S B IE BB MR iteration F 4K 85238 i, 95 4% th 2R 44 T
SRR AR A IR BT SR 0,5 ZAE# LA ace 7E 4000 56 P TG 3G K /R A5 2 28 1Y ZR 10 4% 1R I 2R 260k S5 4 a4
B dE 1A R 3R AT 43 28 IO, S T £ SR I 2 R B 4 Bs AR,

RSO L, S 4ERR PSD $RAE A F Casc CNN_LSTM R (#3142 7 24 70 K i R ik 31 1
93.15%,32 44 # B FEAH A TS FE 40 1 6 AT s,
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Casc CNN_LSTM test ACC
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Fig.6 Statistics chart of Casc. CNN_LSTM model test set classification accuracy results
Kl 6 Casc_ CNN_LSTM BRI 4 70 M5 R 45 R Gt i ]

WP 4 FP 6 RAHE K B, #E Casc_ CNN_CNN Fl Casc CNN_LSTM R A E 2040 175 o 2808 B (1 /T =
LAEAF R 18 22, 27 =490 AT WA R R A& BEEL PR Bk a4k b B — SR AR e v R i =AM =
R PSD ARRAIE A B 42908 1) 00 175 B AE DG I S ) o B RALIPE S BB D 58 27 BRE I R R B T
97.28%, M AT AT W Hh e, B 7 LIS R i 28, 08 28 SRR M 5P 1R 22 loss, A28 R R VI ZRiER R acc.
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Fig.7 Casc_ CNN_LSTM model sub27 training process diagram
| 7 Casc_CNN_LSTM #£% sub27 Yl 45 id FEn = A

TS AT AR A I ZRod B8 P 3R ZE oss TR 15 P FRAR USSR R I, I R 26 ace BB IRET
1IERIKEL Tteration A 0 %5 3500 A [H], loss 2 ILMR HEBEFE T B (04534 1B B A 1Y) ace LAMBIERE BB 34 N
0.32 &7+ % 0.94 Bt f.11 2 iteration M 3500 3 2% 7000 31[8],loss Fl acc I7E — & @ & P K AE 78 ¥ AE7E 154K 7000
2 Ja,acc M loss BKARAE BT o (H AR & 2 AU E WG B B A N 28 loss HHEZRIB WIS T 0,ace M ZkZ Wi st T
L.iteration A 0 3 % 3500 (8], acc ¥4l Jy 0.62,343H £ 4% iteration HE K 1.774 X 107411 iteration M 3500 3 &=
7000 7% 3% 1, ace HMRE AA 0.05,385% 21 A% iteration HE K 1.429X 1075 ZERIEF] T 91.945%.3X t 2 h T8
Z:4J( learning rate W B i K, A5 B PR 06 155 5 DL A2 B TUAR 1) 7 3 8, T A 8 SR IIM loss T R IR 78 9 U R 26 1k IS 0
I B R TR AR R R AT A S T, TR 5 R 6 B,



RRE F ETRESHEMEIIRENSHERRD R 13

N1 BRI Z 4R EEG B 78RR 2R 77 5 1) 38 3& 14 L & CASC_CNN_CNN 1 CASC_CNN_LSTM
R F) 30 IV 3 AR SRR AR SR 0] L AR 4 EEG 4 [ 9 S50 77 7%, AR RS R AT — 73 SR 01 5 (0 vl 22 D9 i A,
X AR SCRIT A H AR 2R s 07 ik A SRS B P BEREAT BIE 720 1 ORAIEXT EE S 56 (0 2 WL AA 248, B PSD H31iE 2
AP MEFOEERE T R FVE Bl V2 S R BRI T 09 NORM 4#4E (FREU7vEan 3.2 H ATk A% Rk 1 Fir)
TE R 00 L P 9 AN 4 B B AT 0 R S NS AE AR AN Y 4 A 2D-CNN-V2., BILSTM(64).
CASC-CNN-CNN. CASC-CNN-LSTM VY75 B kA7 15 8 G SR+ 5 200 24 P2 B iS4 R IR 3 Foms.
Table 3 Comparison of the accuracy of NORM features between two types of emotion classification in the

valence dimension

3 RN YR L NORM Rl PSD HFAIE P 155 8% 73 S HEAff 3 1) EL AL

Models Input Features Valence Acc
2D-CNN-V2 Segmented NORM chain sequence 0.552
BILSTM(64) Segmented NORM chain sequence 0.507

Casc-CNN-CNN Segmented 2D NORM mesh sequence 0.6239
Casc-CNN-LSTM Segmented 2D NORM mesh sequence 0.5521

AN YERE F,LL 2D-NORM HHE/E A% A CASC-CNN-CNN. CASC-CNN-LSTM 7% [ 43 2845 F ly
62.39%. 55.21%, L LLEE R NORM 4FAE/E AMIA K] 2D-CNN-V2, BILSTM(64)#EEI 1) 55.2%,50.7%73 5l 5 H!
7.19%H1 4.51%. 800 45 % ) NORM FHAIEZ i 4 B 7 e 5, 70 A FE P34 1 1 5.85%. 11 24 P A~ e B A 2 LA
2D-PSD HFAEAE A NI, o SRAE R R o BE B T 92.37% A1 93.15%, Lk LL#E X PSD HFRAE/E AN A (1
2D-CNN-V2., BILSTM(64)H 54 1] 90.16%,89.81%73 7] /&1t 2.21%F1 3.34%. 2040 4k & b 1K) PSD FrAE 4 i 4 5 7%
o 5,50 FRE FE T3 T 2.775%. 200 4 FE 1 () NORM RFAE 78 5 2R 175 S 1 54T &5 v DU R ASE 0 1) T 29 3 RS 1
XH 55.875%, 1M PSD FAE VU A% B4 1) ~F 35 43 20 BE A 3 T 91.37%.

L350 43 2K BT & PSD RFAEAE 5 NORM HHAE = T 35.495%. AH A4 AIE 25 1) 1) BS80S R AIE 7T 43 Mk 1) 5
WA i 5 ,NORM $#4E NI bt PSD HEAE it 3.075%. 1% 41 S 46 AT DAAIF B 2 A 28 b 21— RS B 1 2 2 e 0 o o, — 4
AR S AE B — ¢ R AE A TT 40 B g 9 L A 1A 0 408 3 8 ot T R AE B 7T 40 P RO 3 7117 5 ,NORM . 4 1E
AT PSD 4L (42 T 18 15 56 K.

MEEEHE FRSSWERS oW

NT BEAHMNHRA MR EEG B 28 FRAE R 7R J7 2 003 3& 1, R B Dy 7 38 58 S 46 (] (0 7 ) b, 45 &
DEAP #3545 108 i ME Z 0 BEAE ML R [E 4% (Arousal) b [FIEEXT NORM A1 PSD HRAF 3347 DU Ffr A5 7Y (6 Ji e, 23
FEUT SRR BRI 5 45 40 8 45 7 7% DL % 43 28 P PR ASS B RN 28 2 ) () SC T I 5 A A [, B A s 6 25 SRk 4
B

Table 4 Comparison of the accuracy of NORM & PSD features between two types of emotion classification in

the arousal dimension

R4 MREEEEYERE I NORM FI PSD RHAE P 17 188 7 S Ul il 2 1 Ll A

Models Input Features Arousal Acc
2D-CNN-V2 Segmented NORM chain sequence 0.5395
BILSTM(64) Segmented NORM chain sequence 0.4957

Casc-CNN-CNN Segmented 2D NORM mesh sequence 0.5764
Casc-CNN-LSTM  Segmented 2D NORM mesh sequence 0.5663
2D-CNN-V2 Segmented PSD chain sequence 0.8851
BILSTM(64) Segmented PSD chain sequence 0.8889
Casc-CNN-CNN Segmented 2D PSD mesh sequence 0.9102
Casc-CNN-LSTM Segmented 2D PSD mesh sequence 0.9284

TEMR RS 45 | DL 2D-NORM 4HE1E A% A ) CASC-CNN-CNN. CASC-CNN-LSTM #5411 43 2545 AN
57.64%-. 56.63%, Lt LAEE T, NORM BHE/E A% A\ ) 2D-CNN-V2. BILSTM(64)8 %4 [] 53.95%,49.57%7 il i
3.69%F1 7.06%. M B2 5 4 1] NORM HpAE 480 4 & # #0 )5, 43 S5 TS P38 151 1 5.375%. 1T 24 P A~ 2 IpcAsE 214
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PL 2D-PSD HEAEAEAH NN, 4 KUER R 5 A E T 91.02%F1 92.84%, Lk LLEER PSD HR4EE A A\ HI
2D-CNN-V2.BILSTM(64)# R 1] 88.51%,88.89%743 7l & tH 2.51%HN 3.95%. Ma it 55 24k & F 1) PSD RHAIE 225 4t Ji
WL, o SR T B R T 3.23%. AL 45 40 1) e A Sk AR R T 40 1 B T e TR 4 N NORM AL 1K
SRLE PSD HREAE =i HY 2.145%.

GEAFR 3R AT LRI YEE - NORM $FAE 41T 45 My i 30 J5 L 00 NS BE AR T T 5.85%, 1T 16 e i 35 4
& b NORM 3 F 2 it 5 4 J5 42 T+ kS FEAE A 5.375%, A2 0.475%. 10 204 M B 3 48 1 1 (1) PSD 4% 4E
3 B S AR TH I 23 25K 1 20 BN 2.775% A0 3.23%, W53 1 Z2 18 th AN 0.455%.

L b S 56 158 A S84 RN B T 46 B NORM HFAiE A PSD HREAE Hi 35 by — 4 5% 20 45 My #5205 S — 4 IR 45 74
J& AR R AT 43 PR AR 2 15 B0 4& T 3F HASRAE 45 04 0 5 0k T L& B 38045 B, (9 NORM REAE 1) 5408 K T8 2 B A7
5 2.1 PSD FEAE A2, [F] I 5% F NORM F#AEAN PSD RRAE I 5 , 243 40 il Ab T 55t RO it B 44 P 1 iof, — 44 3
TR (R AR 25 A PR DR A3 O B e SR I B 1 K B0 TR
Bt 18 525 8] {5 B xR R 4 AE RIS M

BATIE LB T PR SR & 1 42 WX 4% 15 e LR 3 M A 0 00 285 1 1 e, R 7T 40 T 2 [ 5 R0 4 U2 0
EEG 1% AR 5 (52 38 i L% Casc-CNN-CNN 5 2D-CNN & 3, Casc-CNN-CNN ] S 4% 1% &4 T 2D-CNN,
T 3% B R H 2 X R A A 405 P SRR i L i BB 5 B TR B 0 — 2 S (S B BE TE A U 3R BEG Al
AR 3 T Bl RN S K i ) 17 AR =0 R 2 T DL, Casc-CNIN-CNIN #5578 1 14 B W BH 248 T~ 3D-CNN 5
LSTM #1524 (1) PEBE, It 3D-CNN BRI AE RN L1 BRI = T 4.63%, b0 LSTM BRI PERESE = T 6.92%,3%
W T R E SR .

TMFAT) Casc-CNN-LSTM 2R I 2H & BT 72 3 4 — AN SRAE m (¥ 2 WO B9 047 2 )RR AR 2 = 5 R H
LSTM $REUHE—252 3] —A EEG FEA P L RAE 55 2 18] (1) 42 J5 I 18] B 45, R B A8 R b i) o0 Rk Rk — 25 42
AR {0 B Al ) LSTM 7R 1 22 f8 ek [A) AH SC 1t I JL iR B R R PR B 85.45%, 540G B 93.15%40 2
7.7 %, 33K Ut W B 2 KRR 1) 45 B % B FRLAE 5 00 M B 40 BT 2 28 00 B L) BRATTH HH 1 R B 0ot )R 2 A R L 1 L
FRILF] 93%LL b, B X PR Al & U7 v B G R 98 (0 B 75 SRR A8 0 B 5 Rl G REAE B R R T R LS 5 KR
S Y R 1

=+
r‘;‘lgn

n

A SCE SRR — R R T R T S EEG B 28 RRAE 3R 7772, 45— SRR A b R G 1) — 4 sUm 1
& DI R A IR 2 () (5 2, 1% IR S5 ¥4 5 EEG AR A B A 0 X 43 A A 62, DA B8 47 b 3% R EEG {5 5 9 HE
B S A AR R 2 T AR A TR S L P B R 4 LR B 4 B AN AN K I TR A B A D B
47 EEG B 25 A0 & M 0 $50 408 6 7R AR SCIR R H 9 Fl FE T EEG 175 8% 31 710 0 %o s« 0 11 2 ) R 6 90 o 22 IR %
TR I CNN W4 ECH (1) EEG B 25 S35 2 A SR b AE 41 B A TR 50408 10 2 TR A G kil Jd LSTM
W 2% %% ] EEG $3f it 22 I /5 _E AR OC 2 R KR35 58 DEAP A 32 4 4 i 7E R ATnie B 5% E 525 EEG
HdE KPP FRATIE H 0 EEG B - AE 2 7 2 S TR A TR B 25 ST R A P e s 36 468 S 3 B 7 R Bk VR VR B
2 SRR R P S K AR B S R 4 BA B T 93.15%1 92.37%, 18 B A8 T H R f Sk i 5 i,
2 WA AR SCHE H 1 7 T R R VR & 1 8 I 28 A RCH BB 45 2 > 0 P A 5 7 4% ) 5 6 18] b (R AH S bk 3k — B 3
EEG 135 B8 31 (¥ v A 22 0 650 M, 1T DUAT 2000 N BT EEG (¥ 8 43 28 5 1R B AE SC R 24 .
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