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Research on the HHT-LSTM-based operation trend prediction method of
temporary facilities for the Winter Olympic Games
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CHANG Mingyu ~, TIAN Le *, GUO Maozu
(1. School of Electrical and Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044,
China; 2. Research on Intelligent Processing Method of Building Big Data Beijing Key Laboratory, Beijing University of Civil Engin-
eering and Architecture, Beijing 100044, China)

1,2

Abstract: For the safety and availability of temporary facilities in the Yanqing area of the Winter Olympic Games, by
sufficiently combining signal processing algorithm and deep neural network, this paper proposes a brand-new model that
consists of two parts: Hilbert-Huang transform (HHT) used for signal decomposition and extraction of signal feature for
time-series data, and long short-term memory (LSTM) for prediction of the operation trend of temporary facility. Based
on the real vibration and tilt angle data measured while it is affected by a series of exogenous factors such as grandstand
vibration induced by severe cold weather and heavy passenger flow, the model realizes effective prediction for facilities,
so as to avoid safety problems and solve the problem of low prediction accuracy due to the interference of some irrelev-
ant feature factors in the data. By comparing with such operational trend prediction methods as recurrent neural network
(RNN), gated recurrent neural network (GRU), bi-directional RNN and bi-directional GRU, the feasibility and effective-
ness of the method was demonstrated. The experimental results also show that the proposed model performs very well in
such tasks.

Keywords: time series; Hilbert-Huang transform; long short-term memory network; signal processing; temporary facil-
ities; temporary facilities; prediction methods; data analysis; natural language processing
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Fig. 3 Empirical mode decomposition
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[i5] A A SC A5 1 21 1 22 M 2% (recurrent neural
network, RNN), K J #1012 M 4% (long short-term
memory, LSTM). ['T# 1 2 M £ (gated recurrent
neural network, GRU), XX [a] i ¥5 fift 5 ) 2% (bi-direc-
tional recurrent neural networks, BIRNN ) | X 1] 1 48
1012 M 2% (bi-directional long short-term memory,
BiLSTM) ., X [i] [ 45 1 24 W 2% (bi-directional gated
recurrent units, BiGRU) Z54% 4t 7 I 4% 7 A Sy 55 4+
BER AT T IO, W8 T 599k HHT 2% ) 5Tk,
8T HR Ay se A A EAE HHT 7E R o8 il vE g,
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Table 4 Comparison of prediction model results

o VIR FHHT VIR
R R HAT IR 2%

RNN 0.0050  0.0032 77.80
GRU 0.0051  0.0038 50.60
BiRNN 00114  0.0105 23430
BiLSTM 0.0086  0.0074 176.10
BiGRU 0.0045  0.0025 47.30
HHT+RNN  0.0053  0.0040 12.59
HHT+BiRNN  0.0064  0.0045 3.70
LSTM 0.0037  0.0018 26.60
HHT+BIiLSTM  0.0097  0.0075 2.60
Informer™ 01843 02477 27.20
HHT+LSTM  0.0015  0.0011 4.40

AH L3 F RNN, GRU, A [a RNN, X [i] GRU
I LSTM 45354+, HHT+LSTM f RMSE 43 %]
TFET 0.003 5. 0.003 6.,0.009 9, 0.003, 0.002 2;
MAE FF& T 0.002 1. 0.002 7. 0.009 4. 0.006 3. 0.000 7;

MAPE F & T 73.4%. 46.2%. 229.9%. 42.9%. 22.2%.
ARSI 5 Informer 4T T 5250 X7 e, {H 2 M
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Table 5 Ablation experiment

Sk ESE I SOl PO N SOENOY

WE RE HINHIRE%
LSTM 0.0037  0.0018 26.60
EMD+LSTM 0.0018  7.8433 446.29
EMD+Hilbert+LSTM  0.0015  0.0011 4.40
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