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Campus Bike-Sharing Crowdsourcing Scheduling System Based on Spatio-Temporal

Distribution Dynamic Perception

SHEN Ruda', HE Wanyuan', XU Yifan’

(1. School of Information Science and Engineering, Southeast University, Nanjing 211189, China; 2. School of Cyber Science and

Engineering, Southeast University, Nanjing 211189, China)

Abstract: The bike sharing system (BSS) has become a significant component of implementing urban
intelligent transportation systems. This paper proposes a spatio-temporal distribution dynamic perception-
based campus bike-sharing resource scheduling system. To address the issue of sudden inventory changes
at shared bicycle stations leading to inventory shortages, the system first models the dynamic changes at
bicycle stations using the vector autoregressive moving average (VARMA) model, achieving predictions
of future inventory shortage events at stations. Secondly, to resolve the contradiction between bicycle
scheduling utility and cost in crowdsourced resource scheduling scenarios, it introduces a task assignment
method based on a binary optimal matching model and specifically optimizes the Hungarian algorithm for
efficient decision-making in task assignment. Simulation results show that the proposed method can
effectively improve the system utility of bike-sharing scheduling, reduce the service quality loss caused by
inventory shortages at bike stations, and effectively balance the spatio-temporal distribution of bicycles.
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R REACIE & 4t (Intelligent transportation systems, ITSs) 1, 283 3 [ 47 2 3 5248 g — Fhifi 47 19 Ji i
2238 J5 AT 2K R L R O R TR A Y = T3 i A AL 2 2 R 8 R0 S I R B A . —
MUl ARG LA AP 2E BIEE TS S M R A M R . R R R T R R
GEEFN R AR BTG I T — SRS Y 0] B, 451 i Bl B A5 A 1) R R e ) TR . TR i TSR
Ul B 2R G T R A R A ) A A R BN TS AR AT o 3K S8 R T B G B ) R (R I
AEA% 75 ALK 2 H 8 B AT 4

TSR i U AR R B AT R HE LR 2 AR © T IR fR L
BN AT TS S IR 55, &l 1 s o BB Y e mE S
TR K, S DA SRR TR R AT 07 20 Aok T
ZEM ER PR, B TR B R X, U R TR R AT
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AR SR 7 < A5 B th AT 0 3809 B S B0 T 36 7 86 % o s Al BEEELZRE
AN AS B | B A i B P, B X B A SR R Fig.1 Station free sharing bikes on campus
T 220 0] 32 8 0 AR B ax Fhits SR A8 Ak o Ay ik phe ik A i) Rt
C A I 58 AR SR 6% - 145 55w T AR B0y e 25 A A 2l 257 A AR o D 2SS 4 B R s
Chemla % V&R X [ 4T 42 34 B ) 8 1 NP-Hard Bk i, 32 11 7 45 A 39 BRI 2% 248 R 50 (0 5R 7 15 5 Raviv
A8 L SRR TR AR A R M ) 1) L Ak R TR IR B9 SRR A R AR 5 ) i
PR ot I B B A T A R 0 Al R B ML B A R T Y R UK (5 Markov 455 R
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NS A AR RN RS, A S E S T 2 BT AR Bl 0y B AT AV ik O
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TR ) SR A B L Bl A A Ak i sl L O AR TS e 3K ik EE R T AR EE R R C DT SR B B
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ing, HRP) , i1 431 15 3% Mid 45 A A 285 30 BB dil 2 1 2 () Bk o) 4l o Gao 25O 1 1 T30
17 72 5 B (Estimated traval distance, ETD) fl i 31 15 4= #f % &)
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PEMLATT A B Ar il R GE s P B R o Bk, i TP Z ARG EAT B &R e T AR I P 1R
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4T P A R AR R DA 45 A AT AR R RS S 1 g sk 008 ke I A e AT 4 A 8 8 G B, A
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T 3K A I IC A2 P 45 (Long short-term memory, LSTM) Fil &3k A 17 &M/, JF BE#— 25 Ll A 17
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TR IR S AR IR AN AL A AT A AU P BB/ A5 A G O T E T ELA P B AT A B s
I R R, AR o DU B L TR TR B 2 W O vk O A AR Gt HL AR R R I B0 7
AT ARG A S A s SRR IR A S OO T, 35 21 R B[] 55 10 7 0 808, .

B S 3 5 B A B A0 A TR R ), AT AT R 200 &R G iE AT AL, ) A0 25 0 A AT 400 A 2
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S8 I U E AT 5 A R A I T TR R AR Sy [ — A BRI S S . R AR SO R T
A BT B I 25 4 A B 25 8B A B 1 B TR I (Spatial temporal dynamic aware crowdsourcing scheduling
strategy, STDCSS) . M FRGL 45 G 3 A I 7y B0 AT 55 53 WE WA J5 T8 o — 57 T, 3 25 B 7 38 00 ATL o) AR 41
O A Y e 5 B il oA g S B Kb T ) R B AL D5 Sl M AR A B T SR AS R R i 2 Ak B
Ze Sl ) PEAF AR AR o O — D7 I, AE TI0I I PR BN 9 R A A T AR R B A AT 55 R R R
A2 5 SR B DT AR Y AR S B 8] 2 R A ) it P A A O 0 g O BERL, DL R B2 A AT 4 BT
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P, o r 45 AN B ) 2 AT REAE G , Rak ok
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m,, = argmax, U(x) (6)
s.1. U(n):zzn(ui,s/)ﬁ(u,,sﬂl) (7)
w,eUs;€S

. B(u,s;t)
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Blups, )= {0 ) (9)
0 Hofte

fGs)=F(s)—fi(s) 4ET,5€S (10)
m(u,s;)€{0, 1}, u,€W (11)

A (6) R F AR 7., LA B AR IR fie AR 10 SR 5 5 (7) s AL Ak B AR AT LLSE 2o % i A7 4
% 2 5 W T A AL 55 I AR e SR A7 21 5 50 (8~10) 3R 1 ¢k 2045 ARALAT: 55 5, 3 TE 28 I e, WO R8O JE
A FIR R AE B — DX T R— D PR B S 55/ 0-1 [ 4.

3 BEHSSARANXSAE

R T SRAFIEAAT: 55 53 BE R W | Z2 58 5 S ML 4> H P T 68 5¢ i AT 55 BT Al R 1Y 2R 8 38R 1 4 1 IX
W HEATAE S5 53 B o X T — A ATAT A B 28 B R e 5 L B S ORI A AT Al RS R SR
A0l R R PR AR L AT P AR R R RE A8 e KA RS RUT G 45 0 — D EL 2 A 8 B AT
ForBCaA AT X ORI IE T AR S I T 2 SE Z0 AR ST IR SR A T, I IR R 1 AN I 220 35 B 9 E B 24
SRR AT I FAT 4R A SR Sl SR AR R
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O B U AT 55 3 L DR o
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TR S I 3ty R A IR 220 JE A K - 8 T, R R T O 25 R AT ROW B AR 55 0 . R 1R T
BVER MRS . TEREAS I 7 N e SR T A Y g sl AR A L i FitPredictionModel 75 25 Il 2k
VA TR0 ] AR 5 e, R T AR A T N () g 1T P S A R A S AR O L 38 3 FindOptimal As-
signment J5 i R ATAT P ARG 5 AR OR /) Z B B AR DR, O A s PTG A T P AR S . A
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(1) W,<{}

(2) fort<=1to Tdo

(3)  model < FitPredictionModel (f;)
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(4)  fr+w < Predict (model, t+w) ( }TJEEFH*F'%(% ] E%QPEE’%% ]

(5) x < FindOptimalAssignment (W, S, f;-+w) BRm
‘ BEFR AR ( msBiaE
(6) append Wemrto W, []

(7) end U A PR R
FEXFI 2 4 FBEBOR S B B0 2 g fy | i)
4 I 3 SR T R0 AR A S S o | CEREE ) || CERER )

TN SRR T S P O AT TAL B, HE R T by s 8 A B3 s A AT [ AT 46 oo 8
VARMA B JE 47 5l 5 28 A7 W0, 8K I 3 2k = 4 ] g R DG L 3 ik Fig.3 Spatial-temporal aware crowd-
SRAS P AT S5 VL , e 2877 oA 55 A Bl e o3 sourcing bike scheduling
3.1 ETmEEEEEBRRENMSEFKERM
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A 1 T PR e AE X R (B AR A BAT ZEANRE TR BN ) , 01 AN B2 M A iy £ a5l s (%) AN ] Bsf 20 22
FEKAELEAR DG, HRE % 55 A el PN U AR (9 H 55 3% 3l B0 A X6 07 A A, 56~ 6T Fsf ) 7R 2 TR R DG A WL ¢
A SCR F VARMA BRI 22 3% 85 A AT E PEAE K P 0T A . VARMA 7 532 1 1] U535 43 Fn i 8l °F
843 o R0 U 43 T A A Sy sk 2 — B (] PN g B 0 B 0 2 AL G, D s 8 A SR R D
AL B PR, FATIT X T T A Sk R R AR 1] i, 2 I 20 0 A T AR R

f=A i T Afi o+ FAf e+ Me,  +Me, ,+ - ++Me,_, (12)

o, O T I (] ¢ 2R A I 220 ST A Sl 5 AR I o 1] B e, S o IS 20 A R A (L Y R
I AN T T A AR A R BE AL AR Ak . S B p F g 43 0 A (RS TR 5 2 T[] i A 8 Y s [E]
AR AR AL BB, p g B R /A S T R R AE 32 Dy S0 (B 52 Wl 1) 70 10 9 B

TEC A Dy S8R I 00T, AT LUAR 48 il 50 P A7 B84 oK ) VARMA BRI RELA M. H1 T VAR-
MA C 45N AR 2 o048 8 i 7 BB Y, B O A REWAIFR TAEM TR SRS th TR i H R %
CRPRE R 25 ) (10 i ok 7 28, 40 AR AL 8% Al 31 (Maximum likelihood estimation, MLE) Fl Yule Walker J5
o A SCHE % BN BB BB AL I SRR TR B SR ] & A 1 MLE 5. :4E R FitPredictionModel.,
TR N S S PEAE Dy S R R AT AR AR pRERCTE IR RS R/ M Y R ECA LM, Fe 2 B L T
R, 25 R £ I 20 45 il s5CPEAF I, HU SO T p R4 D s B AR AR gl mT LA 3 7 20 )
RN

Wi E AL T VARMA S8 Y 2 8 4 B i 2 8018, LA S B DU KR 40 19 B I T i, ] AR H e
B BB R ALK Al 11 J7 2, I kA0 BE b Y O SUAE A 2 AU BRI TR S B Al DL KA
SRPRE . TER B BT B AR AL 11 30T 2 8 T 9 1 0 R X T VARMA B8, HAAR eR 80 f
B 1m0 I W R I S 4y, e 1 RS TR TSR R R R A A B I R D AT AR B R m B ) R
T , HMBHEEH pAMAMBE R, NI FRETZESHOEILER O(pm). B B IR
€l 1y e, R ZICIER AT, 2R 3 T 85 K B (Expectation-maximization, EM) (% J5 ¥ X ¥4 {H 35 |
PO 22 5 B LA R MR I R R R i AT AL 1. EM Bl E 2 (Expectation step) f1 M 4 (Maximization
step) A . TE E D, 20K i 22 70 1E 25 sR B 0 WE R 9% B AT B B B 24 B X T g + 1A m 4E 1E
A AT AR B VT O BOLR BRI B B B O R AT S ECE R IR S AR B O (g )s 7E M BE T E 2B Ak
THA 2 9 BE A (B e R AL ST X R 22 TR EIM , My, -, M, I RLSR R KR, S ARU , F A 28 B0 vy i ) 52
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SOHBH P XA R ] U2 R 1A AR R R . HARTT S B 4 P AR 40 3 B0 3 A8 1 DL &2 5%
— B A L 28 o AW E A T) 18)  J8EAE 55, [R) B - 5K i R A9 BRI £, 3 A [R) 8 i 9% 2 ) SR 55 48 UR
7] & ( General assignment problem, GAP) B — L6l o 25 5 A 1AM 55 I RRER RS 00, 75 22 T 45 FH P
HRke 4 P SE AT 55 L B T RBE IR B oo R . B ARAR SCAY IA) U A T AT X AT 45 T
A3 B Y P B0 A BR A {H R AR AR AT S5 S A AL 25 Rl ) 2R AT i O R IR LA O, R I
AT LLHR 29 0 A7 AE AT 55 23 0 %50 R A, b e J In] 280 5 56 A0 T 1A O-1 5 A2 [n) A, 3 A ] 8 2 28 L 1)
NP-Hard [R]85, JG 3 5 7E & 75 A7 75 22 301 20 I 18] 9 B9 R 3 o 30 309 A0 O 8 Al O 35 3 5% T o A2 29200 R ok
S R A Ty R A e 2 AL 4 2L Al TR BT 33X 6 T 9 N A W R SR B s, SR i ad AR AR A BE AL
A SOR AT 55 4 B ) U A R — A~ — 43 R B R DE B [A) R, I 4 18 T 14N 38 1 g 20 R 33092 i D /e 7 3k
SRR T AT 55 A T e s 2
(1) T\ KR, EX 1D 0K G=(W,S, &), Hd WH S /W RmH P EE M SES
B BT R, E N T B, R R AE (I R P RE AT 5 A B 5. MRYESE 270 4 s I B AT
SO R, 1A H AT B vl s T REAFE R T 1 TR, BV 2 A 1A P AR FH O ol 4 R 8 AT 45, X
1A~ B Z2 X6 — DR EC R A8, Sk T B8 06 7E 5 22 A B 3% T & 28 I 3803k 1 O ik R AT DS B0 19 v 50K i, o 28
Xt A AT EA (AR A B B S B AR AN TR 2 R A ER S, REE AT
P77 KK T 0, B 7.(s.)=7.(s.) — £i(s,)= O B 3 A5, T A % 1 17 76 P 77 28 A% 1003 45, 90 N' =
(SSESNS(s)= 0} X T N o554 3l 45 5, 15 H AR 45 ceil (f,(s) ) A BEAE 7R Sk 1 i B 47 1, oo
ceil Ay ] LR pREL . 200, 5 A A b s 09 I B TR SR O L5 40 A AT 4, WK R4 2 AT L 3F
B B R s — s AN EGE N
[N = ceil(fi(n)) (13)
neN'

XF T a3 R e 8 P TR A S o 6 S ) B T R A P NS RS W R B Sl s T
SUBCRE AR AR R 2 A4 R Z R 1 A e GT=(WL N €D Bl R IW = N 4 B E R Sk
WAL 2R .

Hik2o ZrEIEMEDL

B TN Z0 2, 0 )T 1w, JH P WL S, B A BN R

i G

(1) W'={}

(2) N'<{}

(3) &'<—empty sparse matrix { }

(4) for time < ¢ to t+w do

(5)  Nywwa < {2] fiime (n)=>0}

(6) for n=<- J\]demand dO

(7) Nyummy < ceil(fme(n) )dummy nodes
(8) append Ny ppy to N’

(9) W 4 ={ u| destination of u is n }

(10) for u to W, do

(1) append & (u,n) to &

(12) end

(13) end
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(14)  append enough dummy users to W’

(15)  construct G' with W', N', &’

(16) end

FABBT I REMNYRGE, A 34
AREL P w0y ws g FUAS U 51500550500 AR

ol PR AEZKOF O B33 25 th B A5 L s, AAFAE IR Pl 4 G el oAy s A £
TFWHEGER, s WEAT R A2, 555, TR KA Fig.4 An example of bipartite graph reconstruction
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AOAEE AR IC R O, B8R 3G 1 P X L8 1 A 2l ARSI i o DRI, 90 B o 36 ) AR LU A o i 1 B 5 —
73 P D e 1) et

max, 2 B(u,,nj)n(u,-,nj) (14)
() €E
s.t. Eﬂ(ui,ﬂj):l u, € W,n,€ N’ (15)
ZN(M,-,nj):l, u, € W'neN' (16)
1 ‘
- u, ¢ dummies, s, €S,5,€S
e(upn)=1d(s,,s;) (17)
0 HAth
w(u,n)€{0, 1} w,€ W', €N’ (18)

K e RRG T Z 0 B EA G LB, 2 PR P 23, W03 i A - 43 w0 ik e 3R 0] 8 2
Blu,s;.t), B H 0,

(2) FFq F R 53 0 40 DT D . %F 215 A 20 R die K DR E ) B, ) 2F I vl LA O () Y B}
[F1) 52 2% B SR it 5 80 45 A D P 235 517, Ho v S 0 PR — M G Y R R T SR B R B R A SO
Sewnhn Ak L2 AT A7 TAR A 1AM A 718 G B BRI R DEE 7o, SR 5 226 A b 45 T DG J5c Ao A 75 3 e 1
e P VC P B3k 1y DA AR An B30k 3 T

"3 orEIEARIR

BN 5B G'=(W' N, &)

g i - e AR PEE o

(1) Initialize =,/

(2) while =« is not perfect do

(3)  Pick an unmatched node n € N*

(4) X<~ {nhY<~T;NX)={m|VnEX:(n,m)Ee}}

(5)  while True do

(6) if N(X)=Y then

(7) Improve the labeling / to //
(8) d=min, ey, ¢y {{(w)+ {(n)— e (w,n)}
(9) ['(v) < l(v)+ forveX

(10) ['(v) < l(v)—0forvEY
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(11) else

(12) Pick a node m € N(X)\'Y
(13) if m is free then

(14) Flip the augmenting path from n to m
(15) Break the current loop

(16) else

(17) Assume m is matched with %
(18) X<XU{k}

(19) Y<YU{m}

(20) end

(21) end

(22) Update N(X)

(23) end

(24) end

(25) return «

EX1ATIAR X F ISR G, K B 7 Bhs e YV (w,n)eé, (u)+1(n)=
e'(usm;)o

EN2HETFE 14MMETHERG=(W N, EHYRBAGHIANTE, B & ={(u,n)€E
ENCu)+ U(n)=e(u,n;) fo

ACVC R i E B AR s 24 2D BR
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WA WAL B T R DE I
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Fig.6  Changes of inventory with time
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FHAHE 250 p F g 3 $5 75 B 005 #0256 B8 8 (Auto correlation function, ACF) Fil{i H A7 5% B %L (Partial auto

correlation function, PACF) [ . 2 ¥ {5 J& & i U] (Akaike information criterion, AIC) 1 DU -3 {5 & v U]

(Bayesian information criterion, BIC){F B #EW , DL & MA% R 55 . A SCEEX BUR A ALC {5 8 W 478
SHEAENE . BRI, ATC HE W E 38 S 508G 2 A KA SRE L e & B

AIC=2k—2InL (19)

S v T PR IE AR R A LA B AR TR e R R BIR T R A (RIS 5 £2) i a]
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5 N B K JL AL &, S BT X I A o AT

Table 1 AIC value of different combinations of p and ¢
in VARMA model

e : BT £ %
K B9 VARMA #8935 3k 47 8 09, WA T 5 ]iiqu 1 . Emﬂ;"ﬁp ; -
WAICHH., RIAMTARRAMSHp R gl —2 Y >

1 2819.36 2794.06 2795.31 2795.10 2797.20

™ VARMA B R sl 50 P A7 5[] 75 471 ) [l )9
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Fig.7 Changes of system utility with user count and station count
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Fig.8 Changes of running time with user count and station count
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