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Intensive Scheduling Method of Ride—Sharing Based on Demand Density Prediction

GUO Yuhan'*, DING Wenjing'

(1. School of Sofiware , Liaoning Technical University , Huludao 125105, China;
2. School of Science, Zhejiang University of Science and Technology, Hangzhou 310023, China)

Abstract: An intense scheduling strategy for online vehicles based on demand density prediction is suggested to increase the order acceptance
rate and profitability of these vehicles as well as attain worldwide supply—demand equilibrium. The first step is to design a deep spatiotemporal
residual perception network structure based on a multilayer hybrid perception field using historical data. This structure divides historical spatio-
temporal data based on demand frequency and separates different types of spatiotemporal data using a convolutional exponential linear network
and residual units. Accurate demand density prediction is achieved by combining the fusion and summation fusion methods based on gating
mechanisms to dynamically aggregate temporal, spatial, and external variables. This method also predicts the advantage of demand density
clustering of online cars. Second, a scheduling mathematical model is developed, and the sensing neighborhood is created to reduce the sched-
uling range and increase search efficiency. This is based on the economic benefits and demand density clustering benefits of online cars. To in-
crease the search capacity of the algorithm and prevent gene deficiencies, the genetic algorithm is combined with the Hungarian algorithm. Ad-
ditionally, the local random search capacity of the genetic algorithm is improved by enhancing the selection and variation operators to reduce
the risk of premature maturation and to achieve the best match between online taxi and passenger, which ensures the equilibrium of supply and
demand globally and overall profitability. Finally, using sizable real data sets, the performance of the prediction model and the efficiency of
the scheduling technique are confirmed. According to the experimental findings, the prediction model’s accuracy can reach 97%, and the
scheduling algorithm’s solution quality can reach 99% of the best possible result, which can be used to develop scheduling plans for online
taxi platforms and guarantee the stability of the transportation system.

Key Words: intelligent transportation systems; vehicle scheduling; ride—sharing demand density forecast; genetic algorithm; Hungarian al-

gorithm; deep neural network
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Table 1 Experimental data parameters
x1 ZREESH
28 it
IR A% KL (M, V) (32,32), (16, 16)

N

i B/min 30
HBREH 64
EAEDNAN (3,3)
BR2EHTT 8
LR 32
Ly, 1,2,3,4,5,6,7,8,9, 10
Ltuy 1,2,3,4
Luet 1,2,3
Lian 1,2

n

Shy 5 AR TR TN 25 5L, A SCHE DST-PN 5 LAt S 5E
WES R AT X HE 25 5000 2 B0 b o Ry e O TS 3
F T SOk 11 ]=-[ 16 ] sE Rl 55 A S rp (i FH 09 AR S B 3 A
TE2E 50, R PR X H A 2 S X Sk sp B R R AT T 8R40
B LURIE 5 28 SO B e A — 8. A SCRE
F iR 22 (RMSE) -394 % 1% 25 (MAE) 58 ZEU(R?) DL K
iRy 22 (EVSWE MR IEM 845 . XF Hglh SR L3 2,

Table 2 Comparison experiment results

®2 WLLLWLER

S h[#neEiTE S EAmE g S
it EVS R’ MAE RMSE EVS R’ MAE RMSE
LR 0.852 8 0.787 4 30.602 0 54.078 6 0.853 6 0.843 4 47443 9.523 8
DTR 0.898 7 0.834 0 24316 5 47.783 1 0.9300 0.9230 29752 6.678 0
KNN 0.9258 0.880 1 20.424 3 40.614 4 0.943 5 0.938 7 2.648 4 5.960 0
LST™M!!" 0.938 7 0.928 8 18.9315 31.306 4 0.8773 0.8719 42909 8.6153
GRU'™! 0.962 6 0.956 0 15.055 8 24.608 2 0.920 0 0.918 1 33171 6.886 9
RNN! 0.969 5 0.964 2 13.3892 22.186 6 0.936 3 0.9342 3.164 0 6.1742
CNN!4 0.9729 0.9653 12.907 1 21.847 4 0.9553 0.9536 2.6312 5.1852
DeepST!'3! 0.973 5 0.966 6 12.672 4 21.4265 0.953 8 0.9515 27352 53030
ConvLSTM''®) 0.973 6 0.969 3 11.633 1 20.068 1 0.9347 0.9322 3.092 4 6.2673
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Table 3 Instance parameters

®3 LOISH

e RAMHE U {E v R
. 500, 600, 700, 800, 900, 1 000,
[EEAE 1 000
1100, 1200, 1300, 1400
- 500, 600, 700, 800, 900, 1 000,
T AL 1 000
1100, 1200, 1300, 1400
i B X ek 28 / [110.144,110.696 ]
P X d5 45 / [19.685,20.131]
o 10, 20, 30, 40, 50, 60, 70, 80,
FIHERLARL Q 40
90, 100
10, 20, 30, 40, 50, 60, 70, 80,
v 90
90, 100, 110, 120, 130, 140, 150
@ 0.5 /
T 0.5 /
0/7C/km 1.8 /
b/7T/min 0.8 /

N 4 F 7R, T8 BOHE AR faf 386 A o o Lh 35 mT £
FEFE 99% LA L, d B ISA B30k AT AR A5 5 0 it i fi , UERA T
S A LA RS RSCE F ( T S IR ) L i 3 7 R A
(B IZ 8/ , B AR T 10% , 32 W1 ISA By i [R1SCR A0 T
KM B3 IE B T 253 7 A B R HLR 0 ot 0 e e o
KM 33925 A9 S 247 s i) i 3 75 A 348 Tt 1= T, TS A B4
st i) it 3 2 FUBE A 38 TN 8 1 T, HL SR T KMk,
A ISA T8 Ah B 35 R HUASECH B AR X A, AR As AT (]
HA M. 25 L, 5] AL BB A 7E 25 F #4045 6 ) 4

Table 4 Experimental results

F4 ZWHER

S s = KMﬁ{AﬂFﬁJ R WI% /N 1% S35 LI% T /%
(%% K S /Mg T fig » St fin _
fif[H) /s 5[] /s
1 500 335.6 335.4 3355 9.47 335.9 45.15 99.91 99.85 99.88 20.97
2 600 399.9 399.7 399.8 12.74 400.3 76.53 99.90  99.85 99.88 16.65
3 700 469.7 469.4 469.6 16.65 470.2 119.83 99.89  99.83 99.87 13.89
4 800 544.8 544.4 544.6 21.10 545.4 176.97 99.89  99.82  99.85 11.92
5 900 625.4 624.9 625.2 26.10 626.2 249.87 99.87 99.79  99.84 10.44
6 1 000 7113 7107 711.0 31.65 71222 340.46 99.87 99.79  99.83 9.30
7 1 100 802.6 802.0 802.3 37.75 803.6 450.64 99.88 99.80  99.84 8.38
8 1200 877.8 877.1 877.5 4438 878.9 582.33 99.87 99.80  99.84 7.62
9 1300 937.6 936.8 937.2 51.57 938.8 737.46 99.87 99.79  99.83 6.99
10 1 400 10123 1011.4 1011.9 59.31 1013.6 917.94 99.87 99.78 99.83 6.46
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