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Automobile speed prediction based on BP-LSTM combined neural network model
WANG Weiqgiang, YU Jinquan, ZHOU Yihe, YAN Yunbing
( College of Automobile and Traffic Engineering, Wuhan University of Science and Technology, Wuhan 430065, China)

[ Abstract] Accurate vehicle speed prediction is of great significance to vehicle energy distribution and road traffic management. In
view of the high time-varying properties of the vehicle speed and the limitations of single model prediction, the paper proposes Back
Propagation Neural Network—Long Short—term Memory Network (BP-LSTM ) combined neural network model. First, the BP
neural network is used for training. The collected data and the obtained prediction output and residual are input into the LSTM neural
network optimized by Adam algorithm for training the LSTM model. Combining the advantages of simple BP network structure,
short prediction time and high accuracy of LSTM, the model is built and verified through the deep learning framework Tensorflow to
realize short—term vehicle speed prediction based on the BP-LSTM combined neural network model. The results show that the
prediction effect of the combined neural network is better than the two single models of BP and LSTM, and the prediction accuracy
is improved.
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Fig. 1 BP neural network structure
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Fig. 2 LSTM neural network structure
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Fig. 3 BP-LSTM combined neural network structure
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Tab. 1 Parameters table of combined prediction model

NS SHi
BP fa Z i 36
LSTM 3 & =t 2otk 24
Dropout 0.2

T R sigmoid
LA 60

22 EAXEFEE

BP 28 M 45 BRI 37 ok F I 2R B2 B i A
Mo BT R VA AN TEA AR 0o, RV B, , OB
Y d5 o i o0 T00I 45 51 o, ROFRIN AR 25 1, 3 3k
[l4a A B )5 v LSTM A Hh LSTM -F- %) g A #4731
Yk, Horp LSTM B AL YA H 365 07 A 3 ( Adaptive
moment estimation Adam ) B35 4.0 Bl S AL 11 B AE
Bk, Adam 38 52 TH AR BE 09— B AR Al T A
T IAEAG TS AN R B S EOR Tl ST Y 3 R A
ROEFBERAR AT,

1. 20K e A E N 0.001

2 HEAN TR BRI p, Flp, 4351 E R 0.9
F10.999

3 HTHERER/NEE w KE N 1070

4 PR —B M B i AR s =0,r = 0

S WEREES R ¢ = 0

6 :while A 1525 1EARME do

T MINGEREMET m DREAR {7 e x™



5 6 1]

TAing, 4. FET BP-LSTM ZHA #4845 A 10 i 5 4 4 S T 57

IR X80 AR 5
$BBIL: & = VO X L(Ce 0) )
9 HUB A i — B Al T s <= pys + (1 - p))g
10%*%%ﬁ4ﬁi—l‘ m, = blmt,l + (1 - bl) *g

B e m =
12; ’T}ﬁ:m%ﬁ /fﬁ i+ v, = bz”t—l
by) *g*m'

+ (1 -

13 BT IR o = —

1-b,

1408 EH. 0, =0, - m'

15 W FHTEH . 60— 6 + 6,

16 . End while
2.3 EERTENFERE

LR TR FE 003 (LIS AT IR o) 7
FHHZ, % 18 BP #2845 1 LSTM #1228 W 25 4%
e, 2T BP—LSTM 4 A il 28 ¥ 45 455 70 512 B9,
P T, B AR A 4 frR . XFRE, SCHR g
AR TER AT,

| BdhRg —feibn |

|ww%%wa%\

Adam B AL
[ IE G B

!
[ Rt s |

4 TNREE
Fig. 4 Prediction flow chart
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Tab. 2 Decoded information table

timestamp Original data Speed/(km + h™!)
27 075.1 00000154C 34
27 271.5 SEC25C29E 34
27 475.1 00000154C 34
27 675.2 00000154C 34
27 875.8 SEC25C29E 35
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Fig. 5 BP neural network prediction results
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Fig. 6 LSTM neural network prediction results
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Fig. 7 BP-LSTM neural network prediction results
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Tab. 3 Comparison of prediction results of the three models
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LSTM 0.602 84 0.432 42 70
BP-LSTM 0.489 25 0.399 76 74
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Tab. 4 Percentage reduction in combined neural network predictors
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Fig. 9 BP-LSTM neural network prediction loss results
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