RAFAR - Automobile Technology

AT E ST T EERAE R
RS R EY R

Mikge! KM AR KTE’
(LAPEBIE A I TR T B A PR A, KHE 300399; 2.8 11K% , Z#5L5) 066000)

b A

U ) % 30 4 75 P S W SR 9 P 0 4 ELA T8 T R 3 A 0 1 0 8 80 T — R LA 25 VL e 1
B 7507 e, IR IR BRI 2 [ 46 15 Transformer 4 it S AR JFAT 19 TAEBLIR DA% 40 S REM 2% L0, 44 $R IR B 75 4L
8 A8 0% 80 R O A T D47 00 4% 59 i A 458 £ B 80 B 56 730k T 2804 180 2 b i, ELASLESURSE 8 7 ik 4 1 T )
S Ik 98.319% 10 73 FRG B
FHi[ . RIIRG HFRMWEZMLE  Transformer DB FHITME ZMeTl] HiEigse
FESES:U461.4 ERFRIZAD: A DOI: 10.19620/j.cnki.1000-3703.20220196
Application of Data Expansion Method and Parallel Network

in Abnormal Noise Recognition for Passenger Vehicles
Chen Daliang', Zhang Bowen’, Hao Yaodong', An Zijun’, Deng Jianghua'
(1. CATARC (Tianjin) Automotive Engineering Research Institute Co., Ltd., Tianjin 300399; 2. Yanshan University,
Qinhuangdao 066000)

[Abstract] To address the problems of small dataset and low efficiency of artificial diagnosis method in the research
process of passenger vehicle abnormal noise recognition, this paper proposed an efficient intelligent recognition technique,
which applied data expansion method with high recognition accuracy and adopted the parallel working mechanism of
Convolutional Neural Network (CNN) and Transformer encoder stack to obtain the classification model. It is found that the
data expansion method can effectively improve the classification performance when the extracted Mel Frequency Cepstral
Coefficients (MFCCs) features of the augmented data are used as the input to the parallel network, and the proposed model
can achieve classification accuracy up to 98.31% on the testing dataset.
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