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Fig.2 Construction of road noise prediction model based on CEEMD-GRU
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Fig.3 CEEMD-GRU neural network structure diagram
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FE . EMD-GRU HE7 73 51l FEAIG 41.4%. 34.9%. 23.4%, R2% BP 7%, GRU #% . EMD-GRU 7 53 BT} 89.1%. 47.9%-
18.4%.

%2 AWM BP. GRU. EMD-GRU BT IITEAN $8FR4T EL
Table 2 Comparison of prediction and evaluation indexes between this model and BP and GRU and EMD-GRU models

TR A Y Ena Erus R?
BP 0.0492 0.0526 0.3115
GRU 0.0425 0.0473 0.3982
EMD-GRU 0.0329 0.0402 0.4976
AR 0.0191 0.0308 0.5892
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Road noise prediction model with CEEMD-GRU combination

FENG Zeng-xi',CUI Wei',HE Xin',ZHAO Jin-tong!,SUN Xin',ZHANG Mao-giang',YANG Yun-yun',WEI Na?
(1.School of Building Services Science and Engineering, Xi’an University of Architecture and Technology, Xi’an 710055, China;2.Academy
of Arts, Xi’an University of Architecture and Technology, Xi’an 710055, China)

Abstract: A road noise prediction model (CEEMD-GRU) based on the combination of complementary ensemble empirical mode
decomposition (CEEMD) and gated recurrent unit (GRU) was proposed to reduce the requirements on the convergence performance of the
filtering algorithm in the traditional active noise control method and solve the secondary acoustic feedback in the control process, provide
more adequate preparation for the subsequent active noise control. Firstly, the model decomposes the input noise signal sequence into
multiple eigenmode function components and a residual component based on the CEEMD algorithm to deeply mine the fluctuation
information implicit in the data.Secondly, the multiple input noise sequence eigenmode function components decomposed by the CEEMD
algorithm and the output noise sequence were used to construct the CEEMD-GRU neural network noise prediction model.Finally, based on
the noise data collected from a road section in Xi'an, the validity of the model is verified and analyzed, and the prediction effects of various
models are compared.The experimental results show that the average absolute error E, of the prediction results of the model is 0.0191,
which is respectively 61.2%, 55.0% and 42.9% lower than that of the BP neural network model, the GRU neural network model and the
EMD-GRU combined prediction model; the root mean square error Egys is 0.0308, which is respectively 41.4%, 34.9%, and 23.4% lower
than the BP neural network model;the R? of the prediction results of the model is 0.5892, which is respectively 89.1%, 47.9% and 18.4%
higher than that of the BP neural network model, the GRU neural network model and the EMD-GRU combined prediction modelthe GRU
neural network model, and the EMD-GRU neural network model.Therefore, this model can show better prediction effect than BP neural
network model, GRU neural network model and EMD-GRU combined prediction model, the predicted acoustic signal can replace the actual
primary acoustic signal of the adaptive controller in active noise control, which is an active The control execution process of the noise control
provides a more sufficient response time and effectively avoids the secondary acoustic feedback phenomenon,which provides more sufficient
response time for the control execution process of active noise control, and effectively avoids the phenomenon of secondary acoustic
feedback.
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