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Deep convolutional neural network fusing local feature and two-stage attention

weight learning for facial expression recognition

Zheng Jian, Zheng Chi, Liu Hao, Yu Xiangchun'
(School of Information Engineering, Jiangxi University of Science & Technology, Ganzhou Jiangxi 341000, China)

Abstract: Facial local detail information plays an important role in facial expression recognition( FER ). However, most of the
existing methods only focus on the high-level semantic information of facial expressions, while ignoring the fine-grained informa-
tion of local facial regions. To solve this problem,this paper proposed a deep convolutional neural network fusing local feature
and two-stage attention weight learning ( FLF-TAWL) , which could adaptively capture important facial regions to improve the
effectiveness of facial expression recognition. The FLF-TAWL model was composed of a dual-branch framework , one branch ex-
tracted local features from image blocks,and the other branch extracted global features from the entire expression image. First-
ly , this paper proposed a two-stage attention weight learning strategy. In the first stage, it roughly learned the importance weights
of global and local features,in the second stage,it further refined the attention weight,and fused the local and global features.
Secondly, the model used a region-biased loss function to encourage the most important regions to obtain higher attention
weights. Finally, this paper carried out extensive experiments on FERPlus, Cohn-Kanada( CK + ) and JAFFE datasets to obtain
accuracy rates of 90.92% ,98.90% and 97.39% respectively. The experimental results verify the effectiveness and feasibility
of the FLF-TAWL model.

Key words: facial expression recognition; deep convolutional neural network ( DCNN) ; fusing local feature; two-stage at-
tention weight learning; region-biased loss function
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Fig.2 Detailed architecture of two-stage attention weight learning strategy
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JAFFE 92.01 94.75 91.95 93.10 89.12

FERY 7 AE JAFFE I CK + $E 4 E iR BE L T FERPlus %¢
P , 3 B R4l R A JE R FERPlus B00% 88 2 — 1~ B ™)
IR REBRE AR, NS A KR B S R BT TN Y
FAEBARAE 56 MR Sk R 25 A B T 0 3l 4 45 0y Ty LAy 2
P, 3t I T PR AR S sk X G R AR P R A Sk

Tt —4 % FLE-TAWL A9 = AR 3547 3E Ak, A 3C
BT T —I0H AL SE S, B 58 WCE-loss | [ TR 71 28 J1 B I R
RSB = A BE AR R ERE R I, Z5 RN 5 iR, X
NiFE 5 T ZABLEHAE SR TG A5 R FE R 8 RS T HLRRE
ARREOIR IR, H, 5 T 7 SR B B R IRAR S FEAR
R RR 2 i e SR UM TR, 20 (6 AR U A5 R (L
FHR) o

#5  FLF-TAWL i = AMEH7E 46 B0 4E 1 PRIl

Tab.5 Performance evaluation of three modules of
FLF-TAWL on each dataset
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Tab.4  Comparison of recognition accuracy on baseline model /%
Tk FERPlus CK + JAFFE
VGG16 + SVM 81.24 91.67 89.70
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Fig.6  Visual presentation of comparison results
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Fig.7 Confusion matrixes on different datasets
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Fig. 8 Experimental results of specific sample cases
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Tab.6 Comparison of accuracy on FERPlus dataset /%
X by % NIRES X by i NIAGES
Rest18 + VGG1619] 87.40 STSN[23] 89. 66
SENet-5014] 88. 80 KTNL23] 90.49
SCN-( ResNet-18) [9] 89.35 FLF-TAWL( VGG16) 87.89
GCN +DCN * [24] 89.39 FLF-TAWL( ResNet50) 90.92
#T T CK+ BREE RN L
Tab.7 Comparison of accuracy on CK + dataset /%
X BT % MR X by % R
Khor-Net[27] 91.25 C-LetNet526] 83.74
Em-AlexNet[22] 94.25 MDSTFN[14] 98.38
CNN +DBN[25] 95.73 FLF-TAWL( VGG16) 94.51
FN2EN(4] 98.6 FLF-TAWL( ResNet50) 98.90
#8  fE JAFFE $iR 4 LR =X
Tab.8 Comparison of accuracy on JAFFE dataset /%
X by i HiRIES Xty ik R
C-LetNet526] 94.37 Em-AlexNet[22] 93.02

LogGabor + HOG + DBN[2]  96.30 FLF-TAWL(VGGI16) 93.10
Mob_Inc + DenseSIFT[2!] 96.51 FLF-TAWL( ResNet50) 97.39
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Fig.9  Effect of ratio y between RR-loss and
WCE-loss on expression classification results
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