®13% F5H 2 B8 it E M5 M A 202355 A

Vol.13  No.5 Intelligent Computer and Applications May 2023
XEHS: 2095-2163(2023)05-0181-06 FE s ES TP391 XERARERD . A

ETH#HLGERHES IR FIMNARRKRIEIRS

F5PABA, EiFA
(LBIEFAKXE BFERIESMk, i 201620)

& E: HXDEARIIF PN IO AR IBER TG RRE , DL S — R AE S U I AR U 5 B =E 5 55 [n) L, 2 1 — b il 5 0
e E T (VIT) 5 E0H R B 25 Rl 9 R R AE RIS . 12Xt Rl S5 R AT B0 | 76 THEARAE SR T8 22 () 4B 814
£, A B, X 2R EUG A A SR R AT PR BUR FRRRAE , [FIR K 31 506 A S8 E BRI T i RS
S BT RS B LRI SRR SRR SR S AR R R TRl A SRl A R AE I Softmax xR G702, @il
TE CK+5 Oulu—CASIA $fli 4 Fabf7s8s, 40 BB T 97.4% 5 87.6% RN MER %, Z5 KM, AR SO ik RE R R B A
J B BEA THI SR , 5 b 5 vk A L B AR B B s A U R

KA EURACEL; RN, TR APUE; FREm A

Facial expression recognition based on improved texture
feature and transfer learning

JIAO Yangyang, HUANG Runcai
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[ Abstract] Aiming at the problem that small sample expression recognition cannot effectively extract expression features and the
information extracted by a single feature extraction method is not rich enough, a facial expression recognition algorithm that
combines visual attention ( VIT) and improved local graph structure features is proposed. Firstly, the local graph structure is
improved, more neighborhood pixels are sampled when calculating features, the weight allocation mechanism is re—optimized, and
local features are extracted by using texture descriptors for expression images. At the same time, the facial expression images are sent
into the visual attention model, and the global features are obtained through the transfer learning method. Finally, local texture
features and the global features are fused to obtain fused features and use Softmax to classify expressions. Through experiments on
the CK+ and Oulu—CASIA datasets, the recognition accuracy rates of 97.4% and 87.6% were obtained, respectively. The results
show that the method in this paper can accurately identify the basic facial expressions of human faces, and can obtain higher
recognition accuracy compared with other methods.
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Fig. 1 Facial expression recognition model
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Tab. 1 Results of ablation experiments
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Fig. 6 Experimental results of texture features
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Tab. 2 Comparison of recognition rate with other algorithms
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