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Two-stream network video expression recognition by
fusing key region information

KONG Yinghui'?, CUI Wenting', ZHANG Ke'?, CHE Linlin'?

(1. Department of Electronic and Communication Engineering, North China Electric Power University, Baoding 071003, China;
2. Hebei Key Laboratory of Power Internet of Things Technology, North China Electric Power University, Baoding 071003, China)

Abstract: Facial expression recognition is an important research topic in the field of computer vision, and facial expres-
sion recognition in video has practical value in many scenes. Video sequences contain rich intra-frame spatial informa-
tion and inter-frame temporal information, and key facial regions also have an important impact on the expression recog-
nition results. This paper proposes a two-stream network expression recognition method by fusing key region informa-
tion. First, a spatial-temporal two-stream network is constructed. The spatial network branch combines the facial motion
unit and the CSFA attention mechanism to focus on the key facial regions that affect the expression recognition results,
so as to realize the effective extraction of spatial features. The temporal branch extracts the optical flow through Farne-
back to obtain the expression motion information between frames and uses the spatial key region mask selection to re-
duce the computational complexity of optical flow. Finally, the final video expression recognition results are obtained by
decision fusion of the spatial-temporal two-stream network recognition results. The method is tested on the eNTER-
FACE'05 and CK+ datasets. The results show that the proposed method can effectively improve the recognition accur-
acy and operating efficiency.

Keywords: video expression recognition; two-stream network; attention mechanism; optical flow; convolutional neural
networks; mask; feature fusion; facial expression recognition
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s, ER RIS L AMLAE HL | e filt B A% S0k 5
FHHOREZNEM . w8 & 75 FER(facial
expression recognition) Jy 15 FE 2/ hFEFF T
IURFIE A TR B2 ] I RGN T i o AR 58I
BT F AR BURRAE B9 7 B ROCRAR L B T 22,
BT R 2 2] DOV 1 7 vk O IE IR o BT R
A TR IAT 55, A 271 BOR A0 455 it PN 25 ] 42 )y
55 )Ry TR AR AH OGO BT B, AL FE T R] R A Ak
b R R W H) 52 Bl B AR, DR Ikl T it
R BLI X 2 R 17 U Y 7 iU g
KMo

XU ) 28 1) 1 18 A5 AN T) i 7 1%, Zhang 45010
& T PHRNN(part-based hierarchical bidirectional
recurrent neural network) B [i] % 2% F1 MSCNN
(multi-signal convolutional neural network) %5 [f] [
2, IFREL FER B3R 43 FEE AR | JLAR S UL AN # 25/
BRI B, A& E I M2 G, 78 CK+,
Oulu-CASIA K& MMI %#is 45 1 U3 v B2 73531 g
98.50% ., 86.25% il 81.18%, 4 4 Hif HoAth J5 1 4 o
e N R (H YNGR A3 B IR FEROR, 1z ke
T A Rk — 0 AE . Feng ZE0 1 T —Fhifr
Y X s B 22 M 4% (convolutional neural net-
work, CNN) Z244); 2 [a] i Lk fe J 32 1 Wi A i A
Fi& BT 5 MG U2 5 IsF TR0 o iy AL ) LS 91 4
B¢ LBP-TOP(local binary pattern-three orthogonal
planes) FFAE, F 208 P Ii CNN i th 25 5 414
2 e At 4 R . ) CKAZUR AR TR H A
ARCHE, AHIZ R X 28 T 74 O e DXl J AT i — 5
IR JEIF S . Chen S50V $1 H — Ffal 5o 43 B
B ] 2R D (L T AG R A A 1) v T 5 O B i 030
1) 225 3l AR OE TR SR O U P 4%, 5 I R FH AR
(RVRFAIE Fil - SR RS T A O 1) B Bl R A R 2 Sl
fERL A 3OR . %07 AE CK+, MMI 1 Oulu-CASIA
B 5 b A0 R HE R R 350 98.46% . 82.96%
1 87.12%, 3T OB T 245 Fif [R) 28 15 UM 7 i
W A A PR R

B 10U R0 285 A0 A 3 55 AR T vE b, A
F RNN, LSTM(long short-term memory) $ it %5 [
IR DL R o 5 45 B8 2 B MR B RPN 5 2 .
Hasani 55U £ 1 —Ff T 000000 10 35 2% 17 1231
(%) 3D 5 R pl 28 I 25 Ty 1, FLI 25 AR R 4544 i 3D
Inception-ResNet JZ Fil LSTM H.oo2H i%, 3t [A] £ B
T S S rh 8 225 1) DG 2R DA SR Hh AN [] ot 22 [] £
IFIR) G 2R o 12 I 208 6 T 08 O B SO P VR g A, SR
XoF TR #4315 A T DR B Ak Y TR A O B DX B, TR
JF CK+, MMI, FERA FI DISFA #4545 [ kAT T

WAL, RPN H B TIF 2 &l
P, AR AR AR R s e K R RS Y
Bleab . gk AU HE ST BT ConvLSTM Ay AT 3
N PRI N AT R B A, (AR Y 4 HCRE
AIE &1 A Bk ) 0 25 [B)REAE (9 58 45 T, {H7E eNTER-
FACE'05 £ida 48 I my iR i HERf B JF AN AT o X35
SEUN P b T S T T B I 12 P 45 1 22 A 2 17 Jak
PR, SR FH XU LSTM 4 SR 480 A S0 58 A1
Ao Ak L3R % Ak PO R I R R A AT R
TRl i 2% 2 G 15 IR X AT TR 3R 2 AR AT
fill &, 78 eNTERFACE'05 ¥ ¥ 4 b (1 i i 0
74.7%. Farhoudi 551" JF & T 5T Mobel £ 5 [
TRIE 27 > R iR AL T il 5 A5 280, Lo A28 T 3D-
CNN 57 2 > 58 3R 38 B4 Bsp 25 KRR, 1717 Wy i A5 2
W38 515 5 10 Mel 1% Bl i A4S B8 11 o 28 19 4%
(convolutional recurrent neural network, CRNN) #£17
i 2 5 MR AiE $ B, 7F eNTERFACE'0S $#i4E -
HERR N 62%. Z LSRG PN B 52 7T D) S 4
U B U VR B, H K0 4R T SR A AR G
BOSAF B, 2brn F A2 BR A

T T I AL R O 28 36 - R A3 OC B DX Sl R AR
HEEAFEL/EH . Fernandez 5507 #2 1 —Fh iy
AT IS A NG RAF 0 W 28 2544, 1% X 2%
B () 1 B2 AL B R 2 T U-Net!"™) (19 1% 2%
SR X i A B R AT A 23 80 0 R — 5k
FEAR, PR AR I 2 JBORSE B L0 1% RR A [ i o R 4
BOHEATRLG, DA BRAFIE B 5K i v 5 3R T )
FEOE, DT OIS B0 4 19 R AR 40 SRR, AR TR
I = AU Py AR, R R R R T T
1.25%. Meng S 3 3 1 i vE 2 M 4% (frame at-
tention network, FAN) #7714 2% 1% LB, 7E vty
1) g HE 28 R — BB DX B T, 25 RS R IR
TE R B TOAR AT B 5 I AW B2 7 TH AL L
2 AR IIRCE, T B3 R A R 0]
i LB BCRAS BAA R0 7 AR IE R . 5 H:
fli 3 T CNN fJ7 ¥EAH L, 72 CK+H1 AFEWS.0 %8
P4 b g PR HERR BE 53 51 99.69% il 51.18%,
R T R 2 1 L P, EZ O AT A
IR EA R AIE, T IR 75 18 Jmy B8 O B X 3l 1Y [7]
R, 2R RIER PO PR T — A A T it 2 BIL R Y
FRAFE T A M 2% (residual network embedding rep-
resentation flow with frame attention), 7 3& T &/ i
A B TR B B 25 I 4% Aty b AT i R D AR
e, 22508 86 fE AFEW 1 eNTERFACE'05 %45
A EWIRE TR RROR, HETR R 50 47.51%
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S BUI X 4 AR 2 155 TR 3 1, T S s ) -
R [R] AU 0 265, 25 ) W) 2% 43 52 245 45 T iz 8 T
#1 CSFA(channel-spatial frame attention) $i& B F] F
FAF PN B DG HE DX B, DA S B2 A RRAE A9 A 34
B Hk, #e i i Farneback 3 £ B (1] %) 22 1%
iz g {7 A b, ) A 8] G B X AR 4 D
it B I, T e AR B, RIS T

HIE S AR
(CSARHR

Toak BT
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MaxPool 2x2
Conv2 5x5%256
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Jiros o Hovh, 23 18] 465 23 S fdFH CSFA, DLl i =5
[6] 7 & /7 (channel-spatial attention, CSA) # £t £ it
23 8] 4 Ja) Fl R R 1E . ResNet-18 LA A5 22 18 it
VE Rt A, Db B OGRS SC B R AR AR L, JF HLl
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Wt P AT AR o R TE] D 4% 53 S, DLOG i ELE
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Fig. 1 Framework of two-stream network expression recognition method with key region information
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AR T H R Ci(x) (Cix) € 41,2, ,n}) o 3K (1) &
F57 24 0 265 A5 R TG v A N, 2> DL S 2 I T
HEF o A0SR 28 AN BEAR 3l C (o) B 217 TIUIN 28 5] (L
TE , WP 2% P(x) #EAT HUER, R4S RATE S R 1
251t L LA R B R T Y e 2 ) ) 4

Shy 75 58 B AV AIE, T T 25 H Rl O B X sk
BN UL I 265 2 19 U 7 12 1 DR AURS, A AR
TR, AR A R I R — A AT B AU
HARSCBL

A X EXEERNIURMERIBIRAN G E
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def preprocess_video(self, video_frames):

# € N FIARIC AN, JEAT X 5% | 13— AETiAb
PR

preprocessed_frames = preprocess(video frames)

def extract spatial features(self, preprocessed
frames):

#1221 O 2 73 S i MO B DX 3l ) 25 ) R A

spatial features = self.spatial model(prepro-
cessed_frames)

def compute temporal features(self, prepro-
cessed_frames):

# THE G T 456 O B DI AR D 1 5

optical flow = compute optical flow(prepro-
cessed frames)

masked optical flow = apply mask(optical flow,
key region_masks)

temporal _features = self.temporal model(masked
optical_flow)

def fuse features(self, spatial features, temporal
features):

# XU IE Rl &

fused_features = self.fusion_method(spatial fea-
tures, temporal_features)

defrecognize expression(self, fused features):

ARVIES eSS

expression_prediction = classify _expression(fused
features)

# € AU P 2% 2

class DualStreamNetwork:

def init_ (self, spatial model, temporal model,
fusion_method):

self.spatial model = spatial model # %% [A] /3 37
Y

self.temporal _model = temporal model # HJ [1] 43
SRR

self fusion_method = fusion_method # &l & J5 ¥

def train_and_evaluate(self, dataset, epochs, op-
timizer, criterion):

# YN G ANk i

for _in range(epochs):

for data in dataset:

# AT I ) ALK L BRI EE L S AR AL A
D

pass

# THE AN SR RE TR A

pass
1.1 E-F CSFA HR1EIR A = 8 F W &1 2

HRTHERE I BRI ZRIA, 45 ResNet-182"
W0 26 4 DR B T R 28 HEAT SR IBURRAIE o 2 ) T 2 0 A
B 2 3850 : CSABIERA FA i, CSA HiHR
I T A BBURRAIE [a] F 980 2, B85 vk A b 5 24
ARG XY G TE . FA BEHAE L T 42 Jay 11 Jay 8 G
SR DX BURR AR 1) A A BE A b HEAT RS, DA SE B
[HEEESNG. S
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IE T ECA Ll 5 RE )1 511780058
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Fig. 5 Partial samples of expression dataset

R 1 CKHHUIRSERAEY
Table 1 Sample number of CK+ dataset

a0 fU PRE RMR PR BB BuF b

AR 45 59 25 69 28 83 18

eNTERFACE'05 3 #4127 B Ar LI EIRBE T
ST Tl R W I BB A B R 14 AN E R
44 ZPRE b 81% N B, 19% ALctE, 31%
WREE, 17% BAF). LB, plE
0T 6 BE 0 SCF A 1 2 s /N UL (4 B /N 1 X6 3
AN I ), I 45 1 5 Al Fok Il 2%, %
IR AATTXE I SRR B . T 44 L O A 1 S
HEAT I, B3R AT i A s g A 1 S(b) B o
AR R LI R IR T A R AR, A4k
P4 2 6 S ik B SR I R B R IR A LA,
HE 23 54l /D v X400, (] s o Rl 439 5
LML . A SCREPLE £ 32 N AN B EUEE N
YIZRAE, o 10 S NEE/E IR . R 2 4
1T eNTERFACE'05 508 £ REA %R .

% 2 eNTERFACE'05 #IE £ H A%
Table 2 Sample number of eNTERFACE'05 dataset

FWEER AR RE FEROJRo B BT

FEAEL 210 210 210 210 210 210

2 Lin 5 HERH

2.1 KIGINE R MK EB R
SEUGHEF PyTorch VR EE 2% S HEHL Y GPU A
SER, WAS S oA torchl.7.1, torchvision0.8.2, %5 [H]
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I CKHEIEEE , LA A% 255 B ALAR B T % (stocg-
astic gradient descent, SGD) ks, shE(ER E N
0.9, B FEJH-A 1074, 4 2] HOR (1) #1iR4E R 0.001,
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TR 28 X 285 T RE S Ak o, DRI e AR v 4 B
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AR EA RSB, A SCEF X eNTERFACE'05
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F 3 3T D1ib T2 EL AR 52800 P 8040 4 1 G 4G
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I TN R I HLH R S5, S e 5
TE R BE B S22 SR W 3. 45 R BoR, DU
FAN N3 S5 g 7 i, 5l ARRIEE
JibLHl G, SR A, 4%k 0.35.,
0.12 J& 1.15 MB; U3 AERA B2 J7 344 $2 7, 1 45
4 SA 1 ECA J5 1) eNTERFACE'05 il CK+4 8 4
TE B B e i, o )3k #) 50.769% A1 99.982%
£ FAN B8 SZ BRIl S5, CKA+HIE B BE 5K B Ry
99.808%, 5 it XA 0.88%., LiE KA, N
[ = L A R R T T R E R e,
K FH 22 50 B S ML 8 0 2 4 v S A AU RS
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Table3 Comparison of experimental results for different
attention mechanisms

S e HEB /%
AFERERE LS SHcE/MB NTERFACEDS  Ci
FAN 44.74 48.205 98.808
FAN+CBAM (+0.35) 48718 99.455
FAN+ECA (+0.12) 49.744 99.148
FAN+CSA (+1.15) 50.769 99.982

e Ah, 7S S0 SR B R AR S T ke A

(gradient-weighted class activation mapping, Grad-

CAM)PS AR, XU i 2 3 HL ] I 69 (] j) 2%
FRAEEHEAT 1 TRk, 181 6 26 Y T 7E s AR
FEN B9 G AR BN S LS 4 e T
A DX I A RS P, TR L A s
[F] [ 265 BB 1] 3 G T W L A9 rpoO DX, 0T
WS WE A L SRR AR o A AR R RN P,
FIRL A8 2 8] R 28 DA A HR B DX 08B Oy o,
TR B AERIE . 6 ROTEIZE R B R, 5l
AR I 1 a1 0 268 4 AN ] SR 1) S B
DI, 48 AN O 1 3 28 4 v 1) A HR
J W UL 45 5C DI, T AR A RROG T T T DG B A
BT JUL A A [ 215 T B2 4, 33X Sy I S A Y
HERHR IS W HlE

(@) FAN  (b) FAN+CBAM (c) FAN+ECA (d) FAN+SA+ECA

B o HEEHABAHEHERNE
Fig. 6 Class activation heatmaps for some samples of the
dataset
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Table 4 Comparison of experimental results after

different mask treatments %
” BELE
LS MES eNTERFACE'05  CK+
HEEA 30.724 50.402
FEIE XA UBATTHERE 36.077 57.240
A3 X B AR B AU BT 1 36.324 58.416
THI 14/ PRI 0 S A AR 37.376 59.474
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Fig. 7 Arrow diagram of partial optical flow visualization
of the dataset
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Bt Xof 235 () R s [R]UU0E D) 4% il A, 6 5 4
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A2 WP 1 2 TR 2 RN E] Y B R0 B, Rl
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KRR AR T, R, d ] DL A 38 o
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Table 5 Comparison of expression recognition results

under different fusion strategies %
; Bl sk
I
eNTERFACE'05 CK+
23 [A] [ 2% 50.42 99.03
I ] P 245 36.45 58.61
ARG CINECE-27) 43.89 90.95
AR (R 70.69 99.87
EHibR% Fczll' Sad Fear Sad  Surprise Disgust

ERIES e

23 (] P 44

ISR LS

L Fear Sad Fear Disgust Anger Disgust
S E] X 4 X . .

'?ﬂjq it Surprise Anger Surprise Sad  Surprise Anger

RCER

B8 HIRKHSMTMEI SR
Fig. 8 Effect of the fusion of some video frames in the
dataset
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X F At 3 A 45, e M 3 il B T 465 A0 I
B, HUSOrFa .

An 0.10 0.13 0.11 0.03 0.00 An 0.16 0.17 0.16 0.19 0.06 An 0.10 0.14 0.05 0.13 0.14
Di| 0.17 0.19 0.08 0.07 0.09 Di| 0.11 0.14 0.19 021 0.14 Di | 0.30 0.03 0.11 0.12 0.13
Fe| 025 0.14 0.07 0.03 0.03 Fe | 0.10 0.18 0.11 0.13 0.14 Fe|0.11 0.01 JOSEN 0.11  0.05 0.13
Ha| 0.00 0.03 0.06 0.04 0.07 Ha | 0.08 0.09 0.02 BUZER 0.13 0.25 Ha | 0.12 0.05 0.08 BOEFZA 0.06 0.03
Sa| 0.24 035 0.01 0.01 0.01 Sa | 0.03 0.15 0.10 0.13 BECR 0.10 Sa| 025 0.13 007 0.13 0.16
Su| 0.18 0.03 0.06 038 0.03 Su| 0.16 0.12 0.16 0.18 0.04 Su|027 005 0.12 0.08 0.13

An Di Fe Ha Sa Su An Di Fe Ha Sa Su An Di Fe Ha Sa Su

(a) %5[8] 4 eNTERFACE'05

(b) K A] M 25 eNTERFACE'05

(c) A2 fl& eNTERFACE'05
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An Co Di Fe Ha Sa Su An Co Di Fe Ha Sa Su
(g) IACF 2Rl CK+ (h) FORMEA RS CK+

Bl 9 eNTERFACE'05 1 CK+#{#E 5 & W & AR B EFE
Fig. 9 Confusion matrices for each network for eNTERFACE'05 and CK+ datasets
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Fig. 10 Loss functions in the training of each network for eNTERFACE'0S and CK+ dataset
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Table 6 Recognition accuracy of different methods for

eNTERFACE'05 dataset %
7k ERTEY
Farhoudi&&(ZA45)) 62.00
Ma%5 (2R )] 62.16
REFLSTM) 44.97
MengZ1) 4575
KSR 70.69

(] FsF, 28 A ] A XL 2% 17 TR 7 15 7E CKA+4R
P b AP 45 R 5 A SCHR Hh Y Rl O B DX A
S OBU ) £ R TR O vk AT AR, L AE RS
PHRNN B} [&] % £ Fil MSCNN 45 ] j 45110 J
LBP-TOP FRAE (B[R] 3 ) 13 45 Mt K5 AiE (25 [H]
L) Ik CNN Hip YA b e & 45 R 0 Ty
%, WREERNE 7 rm, NE7HTLUEHA
SO IRAE CRAEE 4 LR R A it .
FT CKHUBERBHEMNRNERHE

Table 7 Recognition accuracy of different methods for

CK+ dataset %
Hik W
Zhang%“o] 98.50
Fengl'! 93.70
Chen%(" 98.46
ZhaoZ510 98.77
MengZ") 99.69
BN RS 99.87

BT 25 T A UM IE A 15 58 1R 1 — LE A
Ao AT RUR B, 28 BEAE K im % al AR A2 2
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LA BN A NI NS HRHIE.

: £
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IEMibR%ESad
PR Sad
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PUIFR45 Surprise

i34 Sad
IR Anger

b
IE#f b7 Happy
AR Disgust
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B 11 BEKHSERSEXMBIRSEHER
Fig. 11 Plots of partially correctly classified and misclassi-
fied samples of the dataset
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