541 5 12 1) S

2020 4 12 H

¥k

Journal on Communications

Vol.41 No.12
December 2020

FEENNFIBGAL S A RFNEE R

IR, Bth, £, EHZ,
P2 TR T SR S 5 T s

O MRS AT AR (TS LD AT B i)

Z’J‘ékliﬁ PR \%ﬁ‘f
“lt, BRPE PHZE 710048)

PR T BRI HLBINAL S AT R T

P o I A B 90 445 3R A5 22 A i ) I TR A B R e WL ST RRER I Z, 2 STHFAEAR
FERTAR A i R 51 3 PO SR IR 2 B, R S DA B s S vo AT DG (AT AR AL T H AR P800 ] 22 2
SRR GBI A TN, DR R S BT R, PR D ACTA B 36 I XHIAAL A R A T A dis i 45

o Al F RS,

TRGIRS & e PEAR LE LSTM ¥ # &1,

ey =4 E N (05 2271 B S O S AT € e /1 P v - WA 1 vl B 2 E e 1 i

FES>ZES: TP391
EAFRIRAS: A
doi: 10.11959/j.issn.1000—436x.2020241

Research on berth occupancy prediction model
based on attention mechanism

WANG Zhurong, XUE Wei, NIU Yabang, CUI Ying’an, SUN Qindong, HEI Xinhong
School of Computer Science and Engineering, Xi’an University of Technology, Xi’an 710048, China

Abstract: To solve the problem that the berth occupancy prediction accuracy decreases while the prediction step was in-

creasing, a berth occupancy prediction model based on an attention mechanism was proposed, which was the multivariate

time pattern information obtained by convolutional neural networks (CNN). The characteristic information was learned

by the model training, and the sequence with higher correlation was assigned a larger learning weight, so that the highly

correlated features output from the decoder could be used to predict the target sequence. Data sets of multiple parking lot

were adopted to test the model. The test results show that the proposed model can estimate the real value well when the

step length of berth occupancy prediction reaches 36. The prediction accuracy and stability of the model are improved

compared with long short-term memory (LSTM) model.
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AL EBETAEWM T DI T —Fh = 20 i 1)
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LSTM A&, S THRER: B E R, BE
SRR RAIIE Bl 12 he

BILSTM Mot 1 frox, Hh
(X5, X,) HEINJTH], LSTM, AT LSTM,
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0, =00V, +U,h,, +b,) 5) X = (4.2, .,) (10)
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MEVASEER S LN ZAPR
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6) KJE TPA HLHIZ

7y H I gk 4 gR B T 0 B
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AR ¥ 7R iR % (RMSE, root mean
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PaKE Time_step 4 18,

% 1 sequence-to-sequence ;A TR 25
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IR B /A 1302
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B 24 s A 64
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RS 5/ 326
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FHER 2 B T 40, A = 0 AL i Tl £ 4 >
BIR7Eh 6.75, Joid 2 AL som £ 3 5t 2
A 17.75. XHLEIE 6 FIE 7 nTLLE H, HEHLEIE
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A P AL T ARk 36 AN H bR K
P ZE A A 2y, X N BB 194,
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SERRPINAE R B SR . 25 B AT el A, PR B D
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332 ZAMFEGEIEN AT

iR 28 MEFEIGEA L EAE, Hxr—4
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BT 2 3 JTANE AT R B N MAE, {7 T sequence-
to-sequence AL by A MR T DL & LSTM JHA Tl
MRS AR E R A B SRR . LSTM Tt A5 214 1)
TP KA 10, sequence-to- sequence T LK: Ay
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Fz2 FMRRBEGEEEANSSEEFEEANGIHNMMIMES EREX I (51H=36)
T FLSEE/A B IIHUEITAE A RZEIA T = I HUEITU A/ A RZEIA
1 181 172 9 95 86
2 197 192 5 171 26
3 196 200 4 172 2
4 200 197 3 172 28
5 203 198 5 172 31
6 196 197 1 173 23
7 186 182 4 172 14
8 175 167 8 169 6
9 149 155 6 164 15
10 131 129 2 134 3
1 105 123 18 109 4
12 1 2 11 90 79
13 14 21 7 15 1
14 26 21 5 16 10
15 39 39 0 34 5
16 63 65 2 54 9
17 87 85 2 83 4
18 113 119 6 105 8
19 126 128 2 132 6
20 148 143 5 136 12
21 161 167 6 154 7
2 172 170 2 161 11
23 177 178 1 166 11
2 170 171 1 166 4
25 165 162 3 160 5
26 149 145 4 155 6
27 142 128 14 135 7
28 106 127 21 125 19
29 95 86 9 90 5
30 1 39 28 82 71
31 1 2 1 15 4
32 b2 18 4 13 9
33 39 35 4 28 11
34 83 74 9 58 25
35 120 115 5 120 0
36 194 178 16 144 50
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BHMBCCMKTO1 0.008 6 0.010
BHMBCCPSTO1 0.024 0.021
BHMBCCSNHO1 0.037 0.035
BHMBCCTHLO1 0.028 0.030
BHMBRCBRGO1 0.033 0.036
BHMBRCBRGO02 0.078 0.059
BHMBRCBRG03 0.033 0.029
BHMEURBRDO1 0.025 0.021
BHMEURBRD02 0.012 0.012
BHMMBMMBX01 0.030 0.027
BHMNCPHSTO1 0.044 0.040
BHMNCPLDHO1 0.022 0.015
BHMNCPNHS01 0.019 0.012
BHMNCPNSTO1 0.015 0.016
BHMNCPPLSO01 0.019 0.017
BHMNCPRANO1 0.018 0.019
Broad Street 0.021 0.015
Bull Ring 0.035 0.035
NIA Car Parks 0.015 0.013
NIA South 0.014 0.011
Others-CCCPS105a 0.032 0.027
Others-CCCPS119a 0.018 0.016
Others-CCCPS133 0.015 0.013
Others-CCCPS135a 0.049 0.040
Others-CCCPS202 0.041 0.034
Others-CCCPS8 0.035 0.029
Others-CCCPS98 0.021 0.021
Shopping 0.028 0.029
7% (median) 0.025 0.021
¥ (mean) 0.028 0.024
I KfH (max) 0.078 0.059
Fe/ME (min) 0.008 6 0.010
FrifEfhzE (std) 0.015 0.011
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