23 5 5 M OO NI Vol. 23 No.5
2022 4F 10 A JOURNAL OF AIR FORCE ENGINEERING UNIVERSITY Oct. 2022

£ T DRNet HE M FEERBE & FF 5 F il 77 7%

Z m, BEH'", ARLES
25 B TR R A LR L VG4, 71005152, CEMIR & S G155 6 b0 R SCE L571300;
3. FSh I FE R E ST E P, 710043)

WE 4dAZNERNEERBOEAETREAANBEFEREAAENX R RETERZRNEN T

A BB RFAENNECEEMFINTRBEELTMN, g4, VBT EENERHMEREE7NRI AR EE, &

z«éﬂxmﬁféﬁﬁﬁfé’ﬁﬁ\/\%zw%Eéﬁrtﬂ%ﬁ%ﬂ’m#ﬁ;wﬁ\)\ T B B AR B Ok b R e KW
HREHHANBAO"ALZ INRZNH B EEEEE RN ANES R ENE DR EER£EFN %,

BREKEERZWNENA TEAHENEE B E R Sk s A fndE & M SEIRS # # | Logistic-Volterra £

A, ZREW,EHNE N 5000510000 9B EE L, FEREFNEAHEA NI S EBRZRA TN ERT

HRENE REAEFEHENEMEENE FHEEFLBERFA LN A REEZ TN /AR THEEA, X

AEEFEFHZNEN OB RAABA BT TN G HEE R, ERNKFEF N SY % FE, %

EREZNEXRABRFHRTHE.

KR KEFI;FEREWNEFF TN H# A E R

DOI  10. 3969/j. issn. 2097-1915. 2022. 05. 013

hESES TPI18;0175. 1 XHEFRERL A NEHS 2097-1915(2022)05-0083-07

DRNet for ODE model Approximation and Series Prediction

LI Yang"?,YANG Yali'" ,ZHONG Weijun’
(1. Fundamentals Department, Air Force Engineering University, Xi’an 710051, China;
2. Command and Control Center, Wenchang Space Launch Site, Wenchang 571300, Hainan, China;
3. State Key Laboratory of Astronautic Dynamics,Xi’an 710043, China)

Abstract In view of the low prediction accuracy of ResNet, a method of DenseResNet (DRNet) for ap-
proximation of autonomous systems and series prediction is proposed based on the relationship between ob-
served data and the system phase trajectory. Firstly, in order to strengthen the extraction and the circula-
tion of ‘feature information’ contained in the data, all the outputs of previous layers in each hidden layer
of feedforward neural network are concatenated as an input of this layer to form a dense block. Secondly,
to avoid the ‘degradation’ phenomenon occurs when the depth of neural network increases, the residual
mechanism is introduced to connect the input layer and output layer of the dense block to form the DRNet.
Finally, DRNet is applied to the linear model, Damped single-degree-of-freedom system and nonlinear

models, SEIRS model and Logistic-Volterra model. The results show that DRNet outperforms the Res-
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Net, Back Propagation Neural Network (BPNN) and DenseNet in terms of model approximation and pre-
diction accuracy on both datasets of 5 000 and 10 000. According to the four evaluation indexes on the non-

linear models, DRNet has high effectiveness on autonomous systems. The DRNet also shows good noise

immunity for its better performance on the data with 5% noise.
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