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Enhanced ConvLSTM stream

Fliagl | == Fm= - m :Convolution layer (7 X 7)
=1 m :Enhanced ConvLSTM layer
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(b) Enhanced ConvLSTM (Proposed)
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anger 139.07 14.42 11.63 930 14.42 1116 anger 1 40.93 13.02 9.77

372 13.02 19.53

100 100
anger{46.98 14.42 11.16 3.26 10.23 13.95

8 &0 80
disgust 19.53 698 1535 186 140 disgust 16.28@ 558 884 279 419 disgust- 16.28 BZMEN 4.19 930 326 279

fear - 32.09 16.28 21.40 512 1488 10.23 [ 60 fear- 18.60 12.56 24.19 5.58 20.00 19.07 [ 60 fear- 26.98 14.42 29.30 7.44 884 13.02 0

joy-21.90 22.86 6.19 4190 238 4.76 Py joy-10.95 10.48 333 m 6.19 14.29 0 joy-13.33 11.90 2.86 190 7.14 40
sadness - 30.23 884 18,60 558 26.05 10.70 55 sadness- 20.00 13.02 17.21 4.19 2512 2047 3 sadness- 26.05 15.35 10.70 4.65 29.77 13.49 5
surprise - 26.98 884 19.07 12,56 13.49 19.07 surprise - 16.74 7.44 1256 10,70 1581 36.74 surprise - 25.12  7.44 13.02 14.42 6.98 33.02

anéer disg‘ust fear joy sadness surbrise

(a) Method with only 2 ResNet streams

100
anger {4791 12.09 13.95 7.44 6.05 1256

&0
disgust 11.63m 512 1349 372 140

fear- 28.84 14.42 2140 12.09 10.23 13.02 [ 60

joy- 857 14.76 333 ErRLE 095 9.52 40

sadness- 26.98 11.63 13.95 4.65 28.37 14.42
20

surprise 30.70 4,65 1581 1395 10.70 24.19

an@er disgust fear joy sadness surprise
(d) Method with 2 ResNet streams and 2 conventional
ConvLSTM streams ((a) and (b))

anQer disgust fear joy sadness surprise
(b) Method with only 2 conventional ConvLSTM streams

(without skip connections)

anéer diséust fear jdy sadness surbrise
(c) Method with only 2 Enhanced ConvLSTM streams
(with skip connections)
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angerm 10.70 884 465 791 1349
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disgust- 13.95 512 1256 233 233

fear+33.49 9.77 26.05 698 1256 11.16 [ 60

joy-12.38 10.95 1.90 E 143 810 0

sadness- 28.84 1535 930 279 30.70 13.02
-20

surprise - 25.58 791 11.63 10,70 12,09 32.09

anéer diséust fear joy sadness surprise
(e) Proposed method with 2 ResNet streams and 2 Enhanced
ConvLSTM streams ((a) and (c))
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ResNet A U —ATlL, dynamicimage % ResNet
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7 1 ResNet-50 D& I AT T — )L

Layer name

Convolution kernel
3X3, 16
[1x1, 16]
Conv2_x 3x3, 16|X3
[1x1, 32
[1x1, 32]
Conv3_x 3x3, 32|X4
[1x1, 64]

Convl

[1x1, 64]
Conv4_x 3x3, 32 X6
|1x1, 128]
[1x 1, 128]
Convb_x 3x3, 64 |X3
|1x1, 128]

D~ 7 uafgeitT 5. 2L T, Soilz4r
B &% tanh ([ZX > THEMESHED. TOHEBIX
Enhanced ConvLSTM A K U — A7 645 6 U7 R4
BERILAT—NWIZTH-0THD. £, KF
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AWFZEClE, eNTERFACEOS database[5]% FV T
1 SOFEREIBZe-7-. 1 -DHIZE, skip connection
DA X D38k D i R, 2 DHIZL, 12 TF
‘Yja‘@%ﬁig??@%fﬂ/\ﬂ’@ﬁ ELbEEER, 3 OH
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KEPEEMEZE LTEHEZBNTWD. FEIEO
B 124 BRBRETHD. BEOKFT L —
AL, S 720 pixel, #fiElE 570 pixel D 3 F ¥ %
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ﬁ?éﬁ?ﬁ&)/fi,ﬁ%87vWAﬁiﬁ
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Group-Out (LOSGO)Z L » Tl L7=. 5 Bl #87#%
ROV L - THEREZ Tl L 7=,
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. . 3=

. £
anger  disgust fear jo sadness surprise

5 eNTERFACE database 7> 55 5415 FHH %

7% 2 skip connection DA #EC L 5 ik
Method Accuracy
(a) Conventional ConvLSTM 39.84%
b) ConvLSTM with only t 1 ski
(b) Conv with only temporal skip 42.80%

connection added

(c) ConvLSTM with only spatial skip connection

43.42%
added
(d) ConvLSTM with both temporal skip
connection and spatial skip connection added | 44.28%

(Enhanced ConvLSTM)

4.1. skip connection ME I & H 4 RELLEREER
skip connection DFH MEIZ L 2 FHEEFER A FE 1 1R
9. (a) 1%, 22D ConvLSTM A kU — A
B} S A, EEFVEER S — 7 A, optical flow [
B —r AN LTRTES. (a) ZX—2R
& L, (b) IF Temporal skip connection D% Il %..
(c) 1% Spatial skip connection D%, (d) (Zi%
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FEhRO#ER, Temporal skip connection D # % I 2.7
TF% (b), Spatial skip connection DA% i 2 7= Fik
() &BHITHERD ConvLSTM % HW=TFik (a)
FVEOWRHEEEZ R L. £, ) £V () @
FsmWiikE 4 R Lz, £ L C, Temporal skip
connection, Spatial skip connection [ 51 2 7= 5
(d) PEbmEmWIREFELZRLEZ. (b) £V (o) @
/ﬁ@mwmﬁi%rbt%.&LT‘LﬁM%i
— IR TR 5 Z 21T L - TR
F'? IR 5 ARIERZIH LTV D23, JEME(LRS
Bl 7EA FREENAANRY w7 oz
FREEZ VTS, 207 ®, KEEHm L0z
A IIZ T 2 ARHKD TN RE P11,
ZOXRI BRI ST EEZBND.
42. REFZEOBZHERERDOMRELEKER
K3 ICRBETEOSEER OFR 2R T.
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5 () LUEKD ConvLSTM R b U — LD HDFik
(b) OFRFH=EZ T 5. W EA ConvLSTM A |k
V—=2D7 (b) OFHRIT, 4428%Th-7. €
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Method Accuracy Method Accuracy
(a) 2 ResNet streams 33.70% Mansoorizadeh et al. [15] 38.00%
(b) 2 ConvLSTM streams (without skip 30.84% Fejani et al. [16] 39.28%
connection) Zhalahpour et al. [17] 42.16%
(c) 2 ConvLSTM streams with skip connection 44.28% Pan et al. [14] 42.98%
(d) 2 ResNet streams and 2 ConvLSTM streams 41.48% Ours 45.29%
((2) and (b))
(e)2 I-{ech?t streams .and 2 ConvLSTM streams 45.29% VGG-19 & LSTM #7447 End-to-End @
ith siip comnection ({@) and () DNNs T Tl 5. FROME, RETFHEORME

ﬁ’bﬂlﬂ LC, fitkdD ConvLSTM A kU — A % fH
L7256 (¢) ORBEIE, 39.84% THH7=. ZD
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ConvLSTM (ZHe, FREERDN 4.44%[0 E L= Z &
DHER SN, &7 7 ACBIT 27 #EOm L%
MeRT 572012, M4 (b) & (¢) s 5.
"surprise" ClX, K TFLTWAHHR, TOMDI T X

("anger", "disgust", "fear", "joy", "sadness") (ZI5\>
TIE, BERMELTWDZ D5, "joy"
7T ADRERE I ELTEY, £ 8%lA LT
W5,

WIZ, $#2T% (e) & Enhanced ConvLSTM ARYJ—
A@%Uﬁ:ﬂqlﬂf: Gt (o) i35, REFiE(e) D
PERERIE, 45.29% CTho7c. FHUTHKL T, Enhanced
ConvLSTM ARU— LD (¢) DGE D iR IX
44.28% T -7, $£Z T4, Enhanced ConvLSTM
AN = LD HDGE T, FEREN 1.01%[M L
T2 EZ TR L?Z KU TAZB T HRFEED N Fx
R D7D, M5 @(e)&(c)’%tt@ﬁ“é
"disgust", "fear” "surpr1se"777< IZBWTHE T O
4@1&?75*&%%575} "anger", "joy", "sadness"”

AZBWTE, #B#EERm ELTWD. £,
anger”77?<é BWTHROLFEENR ELTEY, £
%D [ LSRR CET-.

1% 12, ResNet ARJ— 2L Enhanced ConvLSTM D
ELLAGRMR DM EIZH 5L TV D2 ER T 5.
1EHD ConvLSTM AR —2A (b) IZ ResNet ARY—2
(a) ZBINL 72 (d) DFEERIT, 41.48% Th o7z, £
FLIZ%F L C, Enhanced ConvLSTM (c) D iR 2 1%
44.28% TdroTz. ZORE RS ResNet AR — Aw,
Enhanced ConvLSTM D5 23Si8aR DI RIZF 5L
TWDZED DT,

43. REFZELEMEFEDOMRELLEREER

ETEAERTE LR LR EE 4 (TR
9. FYE[15-17]1%, Hand-craft FH#E 2 A7 ik
Th v, FIE[17]1%, Hand-craft Fi &4 HW =T
EoORCRbERERFIETHS. FE14)1T

X 4529%TH Y, TERFIEL A, 3.82%8 k=K
DA B L7722 & a2fEEs L.

5. &

AHFFETIE, ConvLSTM O EB LTV, Th%
FHONTZEE 26 ORGRMFIELRE L. BE
F¥E1Z, 2 -O® Enhanced ConvLSTM A kU — A &
2 O® ResNet A N — ALK IND.
Enhanced ConvLSTM A K U — A TlX, Z£ED
Enhanced ConvLSTM layer |2 & - CHREEAY, Z2fHAY
70 BAfR 2 RIRFIC R BL U 72 e 22 R O RF I & il Y L 7.
Enhanced ConvLSTM 1, $iE2 D ConvLSTM D HF[H]
J71Al, ZE[R 518 AV FUT skip connection % B
T5HZEICL T, KR, ZEMFRICE 75’7@5
HEOIH & L ViBEDOEREZFHTED LI
BRI

FEHR TlE, eNTERFACEOS database % VT, skip
connection DA ME(Z L 5 MERELLEL, #R4E FIE DMK
BROEFAA T OB L URE TE Lk
FIEOMREE A F5 Z 72 > 7. skip connection DA
HEIZ LD PEREELER CIE, 1€k ConvLSTM (skip
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