% 46 %% 4 FRRXFFHR Vol. 46 No. 4
2023 4 A Journal of Chongqing University Apr. 2023

doi: 10.11835/j.issn.1000-582X.2021.118

LT DK R RN 2 100 BE 1 i) 2%

EESCEES SN A S S
(1. ERXF WREERIRLFR, TR 400044;2. TR Z P AR AFLA RG], TR 400054)

W . & 4k TR AR A 37 4t ﬁ/mié’mz BRI T L0 AT B T A M TR F ik
EiH S AN, ASLIRZERIL FMERFo 2 3k B & E S AL R MIE A 4 & o0 m FHe
A, T —A A T DK(DTW-based K-means)%%ﬁ%& % % T oLk B % i o 28 i DK

BTk I AT TR 5, HFES — L ERNZ M A fe kAT IAZE WA TRM & T T &
Ak Fik, AT AT G 6T m,ﬁ T R 6N R 9] K E R R A BT Z AN B e F R, F AR
TERMNEL Ly AR R, SREAW, ZAMNELAEIFY S &R TR L
AR F 3,

KB £k RE; S T, — AR ERNL KEMITILAZN L

PESES U279 XEERE A XEHES:1000-582X(2023)04-001-12

A multi-condition speed predictor based on a DK clustering model
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Abstract: Vehicle speed prediction provides important information for the energy management strategy of new
energy vehicles, but accurate vehicle speed prediction is challenging. In order to overcome the interference of
deterministic or stochastic factors, e.g., the driving condition, driver’s intention and vehicle type, in this paper, a
multi-condition speed predictor is proposed based on a DK (DTW-based K-means) clustering model. The speed
predictor splits the vehicle speed sequences into different driving conditions by the DK clustering model, and the
future vehicle speeds under different driving conditions are predicted by the sub-predictor which combines one-
dimensional convolutional neural network (conv1D) and long short-term memory neural network (LSTM). Based
on the proposed predictor, the effects of different input-sequence lengths and the number of clusters on the
predictor are discussed. Moreover, the performance of the proposed predictor is compared with other commonly

used models. The results show that the proposed predictor has better adaptability to multiple driving conditions,
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and the prediction accuracy is higher than other models.
Keywords: vehicle speed prediction; clustering; multiple driving conditions; one-dimensional convolutional neural

network; long short-term memory neural network
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Fig. 1 The speed curve of the test set
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Fig.2 The structure of multi-conditions speed predictor based on the DK clustering model
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Fig. 8 Scatter plots of predicted speed against actual speed of models
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