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Prediction of aircraft cabin energy consumption based on
IPSO-EIlman neural network

LIN Jiaquan' * , SUN Fengshan', LI Yachong', ZHUANG Zibo?

1. Institute of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China
2. Flight Technical College » Civil Aviation University of China, Tianjin 300300, China

Abstract. To improve the prediction accuracy of cabin energy consumption whe{\the aircraft cabin uses ground air condi-
tioning for refrigeration, an aircraft cabin energy consumption prediction model‘{%sea on the Improved Particle Swarm Opti-
mization (IPSO) Elman neural network is proposed. The main procedu O(}}he‘IPSO is as follows: the convergence domain
analysis of the inertia weight and the learning factors is used to obtain?}asonable range of these two parameters; the range
of the two parameters and the distance from the particle to the‘glbpal 'optimal position are combined to dynamically adjust the
two parameters; the dynamic adjustment function of the in rﬁg {yeight and the learning factors are then constructed; a varia-
tion factor is introduced and a strategy proposed to prg\k tﬁé PSO from being trapped in the local optimum. The IPSO-EI-
man is applied to the Boeing738 aircraft cabin eng}g& ofsumption prediction and compared with PSO-Elman and EIman. The
simulation results show the effectiveness, of theféabih energy consumption prediction model based on IPSO-Elman in impro-
ving both the prediction accuracy an tH c&]}ar’gence rate. The research results establish a theoretical basis for the aircraft
cabin energy prediction model and Rr ide\further support for the energy saving of ground air cgn\aiti'oning and the reasonable

allocation of airport electrical.endrgy » 4
\ x\{“% \\;"
Keywords: aircraft cabir‘&\grc’fund air condition; energy demands prediction; par?'&g«swarm optimization; Elman neural
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network {‘\ s
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