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Spatio-temporal features based human facial
expression recognition

Chen Tuo, Xing Shuai, Yang Wenwu ", Jin Jianqiu
School of Computer and Information Engineering, Zhejiang Gongshang University, Hangzhou 310018, China

Abstract: Objective Human facial expression recognition (FER) is one of the key issues of computer vision analysis like
human-computer interaction, medical care and intelligent driving. FER research has mainly two challenges in related to
expression feature extraction and classification recognition. Current methods are mainly design facial expression features
artificially, while deep learning based methods can independently learn to obtain semantic facial expression features. The
deep learning based FER technology can integrate the two training processes of feature extraction and facial expression rec-

ognition. It has strong generalization ability and good recognition accuracy currently. Most of the existing FER algorithms
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are based on expression video sequences or a single peak expression scenario. However, the generation of expression corre-
sponds to a continuous dynamic change process of facial muscles, and the motion-based expression peak frame identifies
completed expression information in common. Our method demonstrates a spatio-temporal and features based deep neural
network to analyze and understand video sequences derived expression information to improve expression recognition ability.
Method Our network learn the static “spatial feature” of the expression and its dynamic “temporal feature” based on the
video sequence, respectively. First, we illustrate a deep metric fusion network based on triplet loss learning. Our network
is composed of two sub-modules like deep convolutional neural network (DCNN) module and N-metric module. The DCNN
module is derived from a general convolutional neural network (CNN) to extract common detailed CNN facial features. In
this module, the Visual Geometry Group 16-layer net (VGG16)-face network model structure is adopted where the output
of its final 4 096-dimensional fully connected layer is used as the benched CNN feature. The N-metric module contains fully
multiple connected layer branches. Each branch uses a triplet loss function to implement the supervised learning to repre-
sent different expression semantic multi-features. These dual-features representations are fused through two fully connected
layers further. A more robust and spatial feature expression is illustrated. The each two fully connected layers have 256 hid-
den units and the output of each branch is merged together in a concatenating manner in the DCNN module. In the N-metric
module, all of fully connected layer branches are shared to the same CNN feature. For example, the output of the final fully
connected layer is used as the input of each branch in the DCNN module. In addition, a fixed dimension fully connected
layer is used via each branch and it is associated with a certain threshold sampling for learning the corresponding feature
embedding. Each branch is supervised and learned by the corresponding triple loss function. Next, facial expressions are
essential to facial expression changes in motion because the changes are integrated to the overall facial expression changing.
Existing methods are challenged to extract the dynamic expression features in the context of consecutive frames derived time
domain through manual design or deep learning methods. But, manual-designed features are constrained of facial image
sequence based temporal features extraction. The image sequence related deep neural network is insufficient to employ the
prior knowledge of the key features of the face as well due to the non-learning temporal featured expressions. Our landmark-
trajectory convolutional neural network analyzes the trajectory in the video sequence and learns the dynamic “temporal fea-
tures” of the expression sequence consequently, which extracts the accurate motion characteristics of facial expressions in
the time domain. Our network consists of four convolutional layers and two fully connected layers. The input of the land-
mark trajectory CNN (LTCNN) sub-network is a similar feature map constructed based on the trajectory of facial expression
in the video. Third, a fine-tuning based fusion strategy is conducted to combine the learned features of two network modules
obtained further, which achieves the temporal and spatial features based fusion result optimally. We train the deep metric
fusion (DMF) and LTCNN sub-networks each, combine the two sub-networks through feature fusion, and fine-tuning them
in an end-to-end manner sequentially. The implemented hyper-parameters are used for fine-tuning training in DMF sub-net-
work optimization. Result Our demonstrated FEC algorithm is tested and verified on three public facial expression databases
in terms of the extended Cohn-Kanade dataset (CK + ), the MMI facial expression database ( MMI) , and the Oulu-CASIA
NIR&VIS facial expression database (Oulu-CASIA). Our method achieves the recognition accuracy of 98. 46% , 82.96% ,
and 87. 12% on the databases of CK +, MMI, and Oulu-CASIA, respectively. Conclusion For our deep learning based
network integrated temporal and the spatial features both to realize video sequences based FER. In the network, our two
sub-modules are used to learn the “spatial features” of the facial expression at the peak frame and the “temporal features”
of facial expression motion. Finally, a fusion strategy is carried out to achieve better fusion effect of temporal and spatial
features based on overall fine-tuning. Our FER method has its potentials to develop further.

Key words: facial expression recognition (FER) ; deep learning; deep metric learning; triplet loss; feature fusion
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Fig.2 The proposed network structure
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Fig.3 DMF sub-network : the structure of deep metric fusion
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Fig.4 LTCNN sub-network: the structure of landmark trajectory convolutional neural network
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Fig.5 Late-fusion strategy based on decision fusion
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Fig. 6  Early-fusion strategy based on feature fusion
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Fig.7 Some examples of three expression datasets
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Table 1 Recognition accuracy of different sampling
intervals on three databases

/%

KA TH] B CK + MMI Oulu-CASIA
0.05(N = 13) 97.54 77.93 81. 67
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0.2(N = 4) 97.25 75. 42 81. 88
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Fig.8 Visualization results of features on different branches in DMF sub-net( (a) original images; (b) 7, = 0.15 ;

(¢)71, =0.25; (d) 7, =0.35; (e) 7, =0.45; (f) 75 =0.55; (g) 74 =0.65; (h) 7, =0.75; (i) fusion features)
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Table 2 Recognition accuracy of single-branch DMF
network at different thresholds

/%

[H{E CK + MMI Oulu-CASIA
0.15 96. 02 70. 65 80. 43
0.25 95.11 72.97 80. 74
0.35 96.33 73.26 81.15
0.45 95.71 73.57 80. 63
0.55 96. 33 71. 68 81.21
0. 65 96. 55 73. 67 80. 56
0.75 95.72 71.56 81.13

TE PR FR B SR AER

%3 LTCNN-ICL #1 LTCNN-2CL KJiR 545
Table 3 Recognition accuracy of LTCNN-1CL
and LTCNN-2CL
/%

FEAE R s CK + MMI Oulu-CASIA
LTCNN-1CL 94. 87 75. 11 80. 42
LTCNN-2CL 96. 16 75. 46 81. 88
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Table 4 Recognition accuracy of different fusion strategies
/%

WARZA CK+ MMI Oulu-CASIA
DMF 97.86 78.09  83.54
LTCNN 96.16 75.46  81.88
PSR RE CIACT1) 97.71 79.75  83.96
PR A (PERHET) 98.12 80.87  85.42
BrtEal A 94.71 76.25  79.28

PRORRRAE Rl (R i )

MRS ERLE (E 2 DMF) 98.15 82.74 86. 04

98.06 78.71 82.63

IWHEE RS (%€ LTCNN)  98.03  82.22 84.15
OIRRHIERL G CEEIRTER) 98.46 82.96
IR R R T A A

87.12

[ SRR
3.3.5 ANk mrERE AL

5 i T ASONE S E A T LR PEREXT
lb, 7E X 26 2 4 J7 ¥, DTAGN ( deep temporal
appearance-geometry network ) i i3 J&y # f4 JR B9 @A
T3 AR U A 9 265 2% 2] 3] 1 I SR AiE A
JUARTHRAE ( Jung %% ,2015) . PHRNN-MSCNN i 3 7
SR Rl 14 7 OB AN ] I 265 252 2] B R A I 28
5B (Zhang 55,2017) . ANF 5 AJLIFA il B 1A
T AR SCHR S 1 Rl 5 I 2 SR i 18 A IR 175 17
LS TR R R T, RS HE—DAHNT
PHRNN-MSCNN H i 50125 SRR AIE 1 199 28 25 1 119 3%
THIRBITERE, WTLAFR 1) AH LT MSCNN F [ 2,
$EH Y DMF 28 BURFAE 1 46 7E 3 D 122 1
T ARPERESR T 2) 2 A LTCNN if SR AR
T RZE IS T 5 PHRNN - 00 £ S50 42 30T 1) 303 531
AE, (R 1 26 T CNN B I 2% 45 #4362 T RNN
W 265 25 4y ] e AT O 1 RO 28 I 2R xS, el LBV C-
NN (local binary volume convolutional neural network )
2 SRS A A A B b 2 I 2% T LA 4 Y
3 AN IE A I A f 27 2] Horp s 238 Jmy S0 A L (K-
mawat 55 ,2019) | 5 2Z A0 Eb , A SCHE S AR IR 25 il T
2L T TR 7 W 28 0 1) T T2 2 I U5 2 0 2 3
GRS AT BN IR T R U

PERE
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x5 AREFAERNRNEE
Table 5 Recognition accuracy of different methods
/%

KT ERXFiEE MMI HIEE EHRESER
Table 7 Confusion matrix of this method on MMI dataset
/%

; Oulu-

i CK+ MM
3DCNN( Liu %, 2014) 85.90 53.20 N/A
3DCNN-DAP( Liu %5, 2014) 92.4  63.40 N/A
DTAGN (Jung %, 2015) 97.25 70.24 81.46
ot 1 Moo, 2017) 5.5 1.2 VA
MSCNN ( Zhang %5, 2017) 95.54 77.07 77.67
PHRNN ( Zhang %, 2017) 96.36 76.17 78.96
fgﬂzgﬁ% 98.50 81.18 86.25
[2-sparseness( Xie %, 2019) 97.59 78.54 82.92
G2-VER( Tanguy %5, 2019) 97.4 N/A  N/A
LBVCNN( Kumawat 45, 2019) 97.38 N/A 82.41
DMF 97.86 78.09 83.54
LTCNN 96.16 75.46 81.88
RO AL 98.46 82.96 87.12

T I AR FIR B I I AR5 N/ A 7R TERS R

F6—3K 8 il T I TR ARG @l A 1 B
SIGEHE 3 AR EAEE L IRE M, T LA
7R CK + B4R b AR SO B TR B
AP ERE . X T B E PR AR R A MMI £
4, i FRYME S W PR AT AL, e ATTXE R Y
T #5038 2 25 ) 45 R A e, AR 9 24K
T YRR A R U R, e A R R R
BRI R B, % Oulu-CASIA B4, Ay
BAEPTA 20 U T B B U Mg OF B
FEA SRR PR U T e i BRI %

K6 AXFEECK +HIBE LHIREER
Table 6 Confusion matrix of this method on CK + dataset

/%

AR FHR DRE RE mx B4 BT
H5 9813 1.87 0 0 0 0 0
HAM 0 100 0 0 0 0 0
KE 0 0 100 0 0 0 0
BE 0 0 0 95 2 0 3
X% 0 0 0 0 100 0 0
M 348 0 0 0 0 96.52 0
wiF 0 1.98 0 0 0 0  98.02

T VRPN AR SO TEAE A ARG I B e e RS

AR RE RME Ex¢ B
SR 76.16  7.05 6.22 832 225
R 13.54 77 9.46 0 0
HUH 7.03 0 50.73 13.67 10.25 18.32
1% 0 2 2 96 0
P 412 7.51 5 4.05 179.32 0
51 0 0 2 2 0 96

T L A AR SO EEAE A ARSI ) e AR

R 8 IR R Oulu-CASIA HiiRE LR B HEK
Table 8 Confusion matrix of this method on
Oulu-CASIA dataset

AR BRE S RME wm B BF

>
R 92,5 1,25 1.25 275 2.25 0
% 10.75 80.25 4.5 4.5 0 0
R 5 1.25 8  1.25 4 2.5
% 0 0 6 89 5 0
EH o 675 1.5 4.5 0 8125 0
50 R 0 0 8 0 0 92

TE IR AR SO A R IEN ) Fre iR RUIPRS 2

4 & it

B X6 R AL 370 11 NG 155 TR 01, AR SCHR:
TRl A B A SRR IR S WA M %,
B AR T R T S rH MR E R A BOR
1SR AN R =0 40 918, DA S 2 17 0 TR v
BB ZAANF R IR RN IS ENA s
TE— R RZIC I T — 80 B By Re T ny %
TS BURRIE" L BRI, FE T AT 510 o () NG S
SRR R (58 FH T ) 2 i B 22 2 24 )
R EHEIR RG22 5 B s “ B ERE” . A,
P HH — L T AR B 1 ) 45 5 SR, IR T e
e ERY R Sl A R 2 el A £ R R

3 ANATFR Iz A R IE RS CK +
MMI H1 Oulu-CASIA | 38 UE T A SCH vE 0 A 2k,
SCEGEE SRR AR SO RIS T WA R RE ST 7
3 ANERE AR 1 IR SO B T Y T A A R
BUNPERE . EASCT B — SR 2 4b, Rk AT
PLidad AR L7 e — A . 1) 31 05 0%
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