a5 B 3 2R A M S Vol. 45 No. 3
2018 4F 3 A COMPUTER SCIENCE Mar. 2018

ETRMA ST IEABRANKXME M AR A 7%

B M EER
(ET UV AFLETTHHRNRELS ZETREZATE PO LK 100124)
B OE ANEEMABEZSEFTTAIARANTAERXSABKEN @I EEAEREG PR RET —FF
AT CPU-% Himik B4 ML MG ITITATZ W& 4T ik AE R, RIGHBh 2 R0 9 M 7 ik s A 296 3847 4F 42 #2 IR
A TFAb % MG FHDN AT ZE RN AR FANZR S RIER P HRATHS R RANG TR, ZHreRLhER
M Zynq SoC #= Epiphany ) Parallella # AKX F4/7H H-FE&FRHATT 2AEAN., FHRMFEAN . Z 5 FERIERAE
RE—HHELT B RAEAST T Zynqg P49 ARM &3 % 84569 R A mik ik 7, £ S A XA R A mig 5 &
AHEENEA,
EEE ABIRA .S HAEE AE WL, TR H A, Parallella
FEENES  TP391 XHkFRIZAE A DOI 10. 11896/j. issn. 1002-137X. 2018. 03. 047

Embedded Neural Network Face Recognition Method Based on Heterogeneous Multicore Parallel Acceleration
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(Beijing Engineering Research Center for IoT Software and Systems, Beijing University of Technology, Beijing 100124, China)
Abstract Computing performance for massive face data is one of the key problems for face recognition on surveillance
device. To improve the performance of embedded face recognition systems,a novel parallel feed forward neural network
acceleration framework was established based on CPU-multicore accelerator heterogeneous architecture firstly. Second-
ly,a feature extraction method based on PCA algorithm was used to extract face features for neural network training
and classification. Thirdly,the trained neural network parameters can be imported to the parallel neural network frame-
work for face recognition. Finally, the architecture was implemented on hardware platform named Parallella integrating
Zynq Soc and Epiphany. The experimental results show that the proposed implementation obtains very consistent accu-

racy than that of the dual-core ARM.and achieves 8 times speedup than that of the dual-core ARM. Experiment results

prove that the proposed system has significant advantages on computing performance.
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Fig. 2 Parallel acceleration architecture of neural network
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