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Parking Space Prediction Based on NB-IoT Technology and GA-BP Neural
Network

LI Wei, LIANG Ruijun, SONG Dan
(College of Mechanical and Electronic Engineering, Nanjing University of Aeronautics & Astronautics,
Nanjing, 210016, China)

Abstract: The paper aims to effectively integrating city parking resources and increasing the utilization of
existing parking spaces. An intelligent parking prediction system based on NB-IoT technology is constructed.
The system uses NB-IoT technology for information collection and transmission to realize the sharing of
parking space information; The real-time changes of the parking space status information is considered, and
the historical parking space occupancy data is used to establish the parking space prediction model, so as to
infer the future short-term parking space change trend. Genetic algarithm (GA)-back propagation(BP) neural
network parking space prediction model is established to improve the accuracy of parking space prediction. We
take the historical data of an underground parking lot as an example, and the simulation results show that the
predicted value of the prediction model is similar to the actual value and their trends are consistent, which can
effectively and accurately predict the change of parking space state and has high precision.

Key words: intelligent parking system; NB-ToT technology; genetic algarithm (GA ) -back propagation(BP)

neural network; parking space prediction

B AL SV R R R IR AR E A 28 SEEMNCE RG24 1:0.8, /N 258
g M H P % 2 e ) R L 428 A T 4 3k R R 1:0.5, I T RIBEZEM1:1.3Y, i 5 LA, i
A Z 00 0 1), T R R O R R ok, BTk T AR BN G A RO A MR, ki i A AR 7 &
Bl 45 ZE e 11 5 5 000 5 A, Hop Kkl /MR REIFEGRA S REMWE . XA T

E&WMAB:HEK AR HA4 (51575272) BB W H .
%5 B #A: 2019-03-08; & 1T H #7 : 2019-12-26
BEEE PER o, B8, 44 300, E-mail : lrujjun@nuaa.edu.cn.

SIAENK B, BER KA. T NB-IoT B AR GA-BP #1248 W 45 19 42 I 2 40 [T ], w5t i 25 i R R 2F 2% 3k,
2020,52(3) :454-459. LI Wei, LIANG Ruijun, SONG Dan. Parking space prediction system based on NB-IoT technology
and GA-BP neural network[ J]. Journal of Nanjing University of Aeronautics & Astronautics, 2020, 52(3) :454-459.



5 3 ML, BT NBToT HRFI GA-BP #4925 (1) Z AL FUil R 42 455

T F AR AL ], TSI Hon R T 22 58 Y b
FE IR TR R 2B RN o i e 4 4o it
25 N R TR, AR S 1GNNS 1Y
T 22 M R B A RO G R RO AR
JENRE Y =B SR D E il I

T KRB =B AR AR,

WF 58 N DL B X8 BB A5 45 R LB T4 B i ok Oy
Fo W EEFELR T IERET ZigBee HER
FIRFID £ AR AEH7 . SR H sk 22 77 1k 52 3 IX B Py Bk
D) 47 5 A o ) O A A L ELJR A A A G A AR 25
S A, 3L 2 45 T R IR [R] IS 23 1
Ao KT RS R 2 Il S S Y ), 5
NG T — 5 T NB-ToT (424 P76 ) £ R 11
VREVS ZE RGME T 25", NB-ToT A # %
T 4 ARNA ARIIARAEIL AL, AT T N T
2kl R EUK S B AT B AR
OB EEES,

I 22 A 2 L i R 2 A v As A A il DA
TEXMEB R . T AR S AR Ak, 42 F 35k
15 R I 25 ) B0 A7 B P BE S R BT AR5 E R 4
A AN — B0, IS R RS TR E i — A B
D057/ S g 1 1 O o RO VAR 7NN e L N R
fE o Richter S5V AN [ 9 B 25 5 286 5 Wi 552 90 93
TUASEAY B oA P L AT 5 A 5% 2 BB HIE E A T oK g
PEAN, 25 R 0 s P 25 SR B 29 7000 By AR .
Stolfi S5 £ JL Ah T 5w (2 T 40 &, 1 5L et
PR, e YE RS RN 18] 3 51 ) AT 45 4 o FH SR S50
(9T 5% I8 FH A2 S50 U >k I 2R 3000 A8 4, fe 208
B JE) 5 30 T 00 A5 T B A4S S . Zheng 5l A
AN TR A BIL A 27 20 T 6 TH 4 Ll DA IR AR R A 3 T
FA) 5% A 5B AT TR0, 235 L I s e SRR AR kL
28 ) 2% RN 3 4 ) ] H 0T3S S 2E AT 4 AL 0 .
Amato FFHE T —Fs AT EF BEAH ML A R
125 D 28 1 2 S AR S A T T v L R BRAR PR 4R ]
1%, 3 B 25 M 2% (Convloutional neural networks,
CNNs) #4784l VI 25, 45 3 los 8 2o ) 4F
T R ) ABAER B 55 RS E R ULA . B XF
25 AR T TN 254 N A2 R R T X
SR 7 A IR A I Ty A R 2 )
AT 2 O 2 A R R st AL B AR L o
] 1% #& (Back propagation, BP) # £ [ 4 & 455 i FH
Rz, B AR AR Lk e S RE g L LT fE
i 38 30 BT A % 22 0 A Stk eR AL IR B i B AR R
1) H 2% 2 e, RE 4R B REAS vh iy Y A IR, A B
AR AL 115 5 5 (H 2 BP #4828 47 76 i S50k &
1 55 BN R IME Bl s AR SR R AR
#: (Genetic algarithom, GA) itk BP # £ W 2% | 72

el

SL GA-BP M 28 [0 28 BRI s AR T kA
e S8 R AR AT R A ] BP 2 W 26 AL
BORAE Ge o7 23 T3k, DA v 4 0 U A v 1 2

AT NB-ToT R Wi T — B/ GE 4L
W ARG . % R G0R A AR R AR RS
R B il NB-ToT 3l 5 £ AR R 4R 19 £ B 52 i 4
KB =G 6T 7R % i BE A% 52 i3 A 024
B ZR G BP M4 GA S5, E 4T A
RAS BT, 5] BE A BR B 42015 S

1 EFNB-IoTHEMBME S E

E I 8E

o Sk £ 4 I A S A 4 8 B R
G E B T LT IIRE.
1.1 EHRBEETHRE

K JH b TG 14 8% 88 R 4 4 A 45 B, 3 52 NB-ToT
6 2% 52 B (5 5 % 10T 2 4 9F #E A7 BOR A% . 3
ok R A A BT 45 % B Ak B AT IR L O B
A =0T A (AL APP 30 U 28 R i (3 /R
Fr 46 ) 48 S 7R 3 5
1.2 FEAORETN

TR Bl 1 R T 45 98 5o SR K 9 T o
LB %o FESE AT B 2 40 5 0 A T, T 5
RS B, L AT F P R AT 7 B R
iH T i 2 T T T A 5 4 T LA AR 4 R e
T 26 i IR 5 5 I 3 75 78 Al 1T 5 B0 R B 4 1Y
A

A HAE G 7R R G A SOTIR T R G LA
DLF 44 NB-To T 19 4% 1 5 5 8 38 17 7 0 45, 1
FHBUAT 10380 5 0 T G 5 30 2B I 6 25 06 1, Ok
A>T TR B 1 B v A RLE A ; L T
NB-ToT fii FH iz % B B0 BE , A5 50 800 3 m 22 4 5
167 ) 0 2 ) 4 26 R RSO0 0 A 2 3 925 9 DA T 5
B 2 (0 0k A i 2 4 BB 05 A RE b 1i) Y 3 7
£

2 REHEBRIT

P 1R 3T NB-ToT R 443 1 I 5 4t 45 4
Ko ZAGMEERER [FEMLHZ B Z M
B=Tr G AR H A B2 FR R fE
FREWNEE TR ER .

SR AR R B ARG A Hh M A R F NDB-
ToT 38 5 A6 R 20 B o Mt A% SRS D7 G 00 4 R
BIEE H W2 o il A% B BRI i, ol T 22 4
A E A BRTE Y 5, oh G 1 TR AR RE S AR A2 AR
B B NBToT B T i AR AEF B



456 Mow b

PNV S

o552 %

AfE %5 BIE%H,; .
% P % | I8
i 0 o Bl 1%
B B B B £
1 =
NB-IoT NB-IoT
ey i
*
T= ¥ & )%g
A
Y
wiepenm)
FE B
{ #
Bfs i =
|| e || s z
P2

Bl BT NB-ToT Ay 4= £ Bl 2 G4 4 14
Fig.1 Structure of parking prediction system based on NB-
IoT
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Fig.2 Smart parking lot operation
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Fig.3 Structure of BP neural network
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Table 3 MSE values of the prediction model
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