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Abstract

) o TR MZEE/IET OB A B A L 7-Chance Constrained DARP(CC-DARP) #3122
Presenting a mechanism for accepting/rejecting user requests called Chance constrained
DARP

RBE/AEEDOREICEVWTCARY y FETIITERINEFBENBZZER

considering of users’ preference written by a Logit Model
BAiERAZR—XE Ltk 2a—URT 40 RICKDKRE

Solution Method based on a local search based heuristics
CC-DARPETIAAEZER XV A Y MZBIFTBFT-AERARAEY — N ERK DB T &R
Indicating that the CC-DARP model can be a new decision-support tool to inform on
revenue management



Novelty, Usefulness, Reliability

Novelty
ﬂ%%X/%Fwﬁm CHAEEFZEALCL

Introducing users’ preference for accepting/rejecting mechanism
Usefulness

s FELEST BEFRNICTRTIBERNMGoONTLE R TERELS
Useful in that results can infer the optimal fare

Reliability

e ba2a—URT 4 VR TRKOIELEBEZFEMILPY L AN—ZFBWTROT-BEZBE LR L TW 5
Comparing approximate solution with exact solution, which is solved by commercial MILP

solver

- B EOHEEREET — X 2B VWHEER S CREROBERIMEONTWS
Similar results were obtained from numerical examples both in theoretical experiment and in

real data experiment



1. Introduction



Dial-a-ride problem (DARP)

#nx5TERIEE / Vehicle Routing Problem (VRP)

B OEMZ AW TEROBER ICHY = Ehix

9 5 [ARE (B4 2020)

Carrying baggage with designated pair of Originl

origin and destination \ ﬂ
ﬂ Destinaion?2
Origin?2 \

=

Destinaionl
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Dial-a-ride problem (DARP)

#nXETEERE / Vehicle Routing Problem (VRP) %after 11:00 J
EHOBEmE AL CEMOBREICRY & B ﬂ

9 5 BIRE (B4 2020) [ Arrive by 11:40

Carrying baggage with designated pair of ﬂ

origin and destination
Destinaion?

Dial-a-Ride Problem (DARP) Origin? \

Door-to-door transportation for people
« Time window constraints (##9) mépa\rtafter 11:15 J

e Maximum ride time constraint Destinaionl

user’'s inconvenience system routing cost [ Arrive by 12:00

Originl

Need to consider service quality \ﬂ




Purpose and proposal

— &R 72 R BY / classic principle

ETOYIITRAEZESR R A2 RIF D AE R
Serve all requests Users’ preference not considered

LEZERLIICIL—FPRT Y1 —-ILERBEL
Optimise the routing and scheduling to serve all

|

System routing cost down 2% / proposal
Overall service quality down FMBREEF~ S L/-DARPET L
l DARP model integrated with users’ preferences

from DRT operators’ perspective

FEROICFIAEHPRLT 282N
Unstable future ridership Relative utility for DRT is low — requests rejected



7. Literature Review



DARP

standard definition of DARP (cordeau & Laporte 2003)

l

Challenge: trade-off between operational cost and user inconvenience
1 objective fundtion: Users’ inconvenience not emphasized

Minimise system cost

« Minimise total distance travelled
 Maximise vehicle occupancy rate
« minimize fleet(EEf) size

' Revenue and Profit
— requests are allowed to be left behind
 Maximise total system profit

« Constraints regarding customers’
inconvenience could be transferred into
penalty terms in the objective function

* One weighted-sum objective function

_______________________________________________________________________



DARP with profits

Traveling Salesman Problems (&[E]t —JL X < > [E&E), VRPs with profit have studied many

DAI\RP with profit has hardly ever explored ﬂﬁaﬂerlfilvjbylmo ]
« Pickup and Delivery Selection Problem (Schenberger et al., 2003) Origin
 Pickup and Delivery Problem with Time Window(PDPTW) ﬂ
+ accept decision of the requests ﬂ Destinaion?
« DARP with Split Requests and Profits (Parragh et al. 2015) Origin? \
l - Requests can be rejected by DRT(7 ¥ > F33#) operators | dépa\rtafterll:15 | ﬂ
Destinaionl
)7 T X bxH/IESICHEBRAOSMELAIAZEEIATLELAL | Amveby1200 |
Requests accept/reject decisions are based on supply-side features PDPTW

<— | Our work: Chance-Constrained DARP (CC-DARP)
accept/reject mechanism for user selection (FIJFH#&EiR)
— preferences of utility-maximizing users in the long run



;% / Solution methods

DARP: GE&) E#HEtBEMRE / (Mixed) Integer Linear Problem (MILP)

— Z I FE TCOKREL R E A NP-hard

F“ ik / Exact solution method

o A% / A branch-and-cut algorithm (Cordeau,
2006)

o FEREDHIA / column generation
technique

T Mﬁﬁiﬁ / Approximate solution method |

TEWEEZ DI WETE IR FTROD S

'+ Time-sequential insertion heuristic Uaw et al.,
. 1986)

« To better escape local optima(BFrfE),

« Tabu Search framework for DARP
(Cordeau & Laporte, 2003)

« Neighbourhood Search (QRfEIEER)

EE_L_

~ Increasing time

N
—y
| i l {
l | ]
Ny N Sl s
Pl BN ZIN rd A Zi<
| | ! {
schedule  slack schedule block slack period schedule
block period block

Fig. 1. Part of the work schedule of a vehicle j.

Jaw et al. (1986)

'« Our work: CC-DARP model

« MILP formulation
« Customised local search(BFTIEZR)
based heuristic and a matheuristic



3. Mathematical formulation



Utility functions

2 travel modes choice: DRT service & private travel (B3R HEL &)
— introduce a logit-based model to capture users’ utility

Utility for private travel (request i)

A A

—— Travel cost of private travel

Travel time between pick-up node and drop-off node




Utility functions

2 travel modes choice: DRT service & private travel (B3R HEL &)
— introduce a logit-based model to capture users’ utility

Utility for DRT service (request i)

—{ER L E % X5 / distinguish between inbound and outbound
Inbound trip: HRERFXDEEEH A Z L / have preferred departure time
Outbound trip: EIERFZ DEEE DK = L / have desired arrival time

Inbound trip
Vi==PpF — prL; — bs(B; — ¢)),
fare ‘

T— Waiting time at pickup locations

Outbound trip Travel time (ride time)

I/l. = —ﬂFF - ﬂTLi - ﬂS(ln+i - Bn+i)’

T— BLEZTT EDS / Amount of time that user arrives earlier than expected




Chance constraints

Difference in utilityAU; = (V; = V;) + e = AU; + ¢
— random variable(Z%#%) following a logistic distribution (A~ X7 1 v 7 9%) AU;~(AU;, s)

[EREEPpTAU; <0] ZERT 2SN ZEA

Introduce the chance constraints to ensure that AU; < 0 holds with a confidence level of p

Pr(AU; <0) 2 p, w Qau,(p) is the inverse cumulative distribution function }
REDHEROFEEEE) of AU;
< 0 > QAUi(p)a —\_ (_?i;l‘g /] /'_/_Elglaﬁ& L_FS%#&) i
27T P

Chance constraints hold(#&=H#9A Y V) 32 D) when DRT is selected
— with binary variable(Z{EZ %) y; which equals to 1 when DRT is selected, very large const. W

AU; — (1 — y)W < —Slog(—) <[Only when y; = 1, (*) holds J




Class based fare structures

Group by socio-demographic characteristics

b §

y 2

users various classes
Utility for private travel (requesti, class m): l
A n Parameters: defined for each class
Vi = —=B1t; nri — Bréi

Utility for DRT service (request i, class m):
Vi==PBpfim— B7Li — Bg(B; — e)), Vme M,Vi € IBNP,,

Vi =B fim— BL; — B7(Us; — B,si), Ym € M,Vi € OBN P,

Chance constraints (request i, class m): 2 fare structures

- Dim « Distance based
AU; — (1 —y)W < —sppy log(7— > ) .« Zone based
m

3. Mathematical formulation 16



Chance-constrained DARP formulation

Based on the classic DARP model by Cordeau (2006)

Decision Variable CREZ %)

ok =
Y 0 otherwise

7|0 otherwise

1 if vehicle k moves from node i toj

_ {1 if request i is accepted

KETLPTILIYILZLYEBRELI-ZVLAR
Cordeau & Laporte (2007)IC LB L 12— %
R2E, BOETFTILEDHEDL TETRWTT,
X For more study, please read the review paper
by Cordeau & Laporte (2007)

Objective Function (B#IES%%): Profit maximisation (FlZZ&K1t)

max z = Z Z f,-m@yz'— Z Z Z Ciszl‘cj

meMieP,,
load

AN
oA

ke ieN jeN

w2 2k



Chance-constrained DARP formulation

Constraints
subject to:

Classic DARP constraints:

k koo_
Z Xij ~ Z Xnij = O

JEN JEN
k _
Z Xo; =1
JEN
k —
Z Xiome1 = b
ieN
k k _
Z Xji Z x;; =0,
JEN JEN

k k

k
B; > (B +d, +1;) ) xk,

kex

BY > (Bi+d;+15,,)xF

2n+1

,2n+1’

VieP, ke K,

Vk € K,

Vk € K,

ViePuD,k e K,

Vie N, kek, |

Vi,j € N,

Vie N, ke Kk,

—

Pick-up and drop-off nodes for each request
are visited by the same vehicle.

Each route starts at the origin depot
Each route ends at the destination depot

TEREE| / Flow conservation

FrfEl—& % / Time consistency



Chance-constrained DARP formulation

Constraints

Q; Z(Qg+qjm)x§j, VmeM,je N, ke,

Q; 2 (Q; +qjm)kg;cxfj’ VieEN.meM,jEN,, L TEE AN DO—E M / Load consistency

05,1 2 (O + Dy )Xl 51 Vie N,keK, _

L; =B, —(B;+d,), Vi e P, Ride time

By . —Bf<T, Vk € K, EEEHTHORS & TORMOEM
Duration of routes

e, < B; <1, ViePUD, Time window constraints

tinsi < L; < L, Vi e P, Ride time boundary (BR5R)

max {0,¢;,} <Q; <min{Q,0+q,,}, VYme M,i€ N, k€eK, |HE A DOEIK / Capacity constraints

x; € {0,1}, VieN,jeN,keK,

y; € {0, 1}, Vi e P,

V.<V, <V, Vi € P,



Chance-constrained DARP formulation

Constraints

Utility for DRT service (request i, class m):
Chance constraints (request i, class m):

— p
AU; = (1= y)W < —sp log(; _"; )
m

Accept/Reject constraints
Y Y=y, vier. FMEAHEZUIANDEE, HIZE@EH/ — NIFET S

jEN kEK



4. Solution methods



Overview of LS-H algorithm

Proposal: a local search based descent heuristic (LS-H) algorithm

‘ St

1

Algori

S0

| ggﬁ%ﬁwiﬁJ
ithm 1:

QBIFIANDI—Y—DIEER

| ocal search of user selection

|

ol . . . . A
Generate initial solution sq 4{\
ithm 2:

Algori

Local Search on y

S1

Algori

Local Search on x

thm 3:

_ﬁoma»—raW@;

Local search of routing optimization

|

So

— S9

(DR DB H
updating

/

Solution

Sbest < S2 /

|

‘ St

terminating

@E%éﬂ@ﬁﬂ@%?}

op ’

4. Solution methods
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Generation of initial solution

l.e " RELBDBEDICU IV IZR M 2P EZTHEAIEY X MnOr& 4%
Sorting requests as e; increases and set that list as Inserting Order list ‘InOr’
X e; is left side of time window

2.Time windowZz & Y g L < 9% / Tighten time window

1+ B
i . P ERERZ
B <lyi —tinyi — 4 Vi€ OB, = BEEE L 80 OBHISE
B, > e,y — L —dj. W\-O’C“@;‘%EH%FQ
e e =REEA
B, <li+d,+L, Vi € 1B, %Eﬂﬁaﬁwﬂﬁ
' -0 CDEIERL

B, >e +d +1,,.., VielB



Generation of initial solution

3. Calculate decentralization index D; and direct travel time index TT;

Zje./\f\{in+i} tij + ZjeN'\{in+i} tn+ij
Zl 'ep Z]GN\{: n+i! } + ZI'EP zJGJ\/'\{I n+i’ } Ensi! J

M

D. =

1

, VieP.

Total distance of pick-up node of request i from all other nodes + that of drop-off node of request i

DFDOEY 7T X MZOWTOFEH (sum of numerator for all requests)

DiRMBOY ST b HSBATOAESVERT
V%D# WEEBLICIL— FIZAND DAKRE |
> DB WIEERICRICAND R E 5

Pick-up node of i Drop-off node of i

[Numerator: sum of the link %
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Generation of initial solution

3. Calculate decentralization index D; and direct travel time index TT;

ti,n+i
Zi’eP ti’,n+i’

ST

1T, =

l

, VieP.

Total distance between pick-up and drop-off node of request

DFOEY TR MIDOWTORH (sum of numerator for all requests)

-

TT; i3ttt ODEREDTR S DEGWERT
o TTAEVEE R AL — R IZARB &
U IRMNOREREATRICAED

o TT A ENE PRI RIS AN D R E 5 ﬁ

Do oo e Pick-up node of | Drop-off node of i

Numerator: length of orange link
Denominator: sum of all links

4. Solution methods 25




Generation of initial solution

4. Calculate indexaG;
G, =w(l-D,))+ (1 —wo)TT,.
The shorter G; is, the more priority to be inserted request i has

b. Replace the first K requests in InOr with the smallest G;
K: the number of vehicles

Adjust the remaining InOr by swapping i-1 and i, if the following inequation holds

G, -G, >é. \
1 BEIBEABEY 10 >< ViBE>T B EDICDONT
1%, BERIBUIASWIEICKE S L) ICHVEZ S




Generation of initial solution

6. Do following procedure for each request in InOr
D Try to insert into every vehicle

@ If all insertion is infeasible, add that request into the unvisited request pool v
HLEDEALERITAAERD, ZOV IR [RKFMV IR bv] ITANS

Else, insert that request to vehicle where additional cost is the lowest
and add that request into visited requests pool v

ZHTHRITINIE, R/NNOOIXRNTHEATEI2EHICCOEMAEAN, DY III %
[FFEIEA AU 7T X by ] ICAND

FERfE D SERK!
Initial solution is generated!



Local search on user selection

3DDiE{E / 3 operator

« ADD
- Add a request into vehicle work-schedules and the best insertion is adopted

« REM
« Remove a request from vehicle work-schedule and return the remaining work schedule

 The rest of the routing sequence does not change

« SWAP
 Removing one existing request and adding one request from the unserved requests pool v
« ADD and REM executed simultaneously([EIBFIZ)



| ocal search on user selection

Algorithm

@ for every request in unserved requests pool:

Record obtained vehicle work-schedules
REM Vehicle work-schedules
@ for every request in visited requests pool /

Apply REM
Record obtained vehicle work-schedules

Vehicle work-schedules

ADD

® find best vehicle work-schedules obtained in @ and @
update unserved requests pool and visited requests pool

4. Solution methods 29



| ocal search on user selection

Algorlthm <SWAP>

@ for every combination of i in visited requests pool
and j in unserved requests pool

Apply SWAP
Record obtained vehicle work-schedules

ADD Vehicle work-schedules

REM

®) find best vehicle work-schedules obtained in @

update unserved requests pool and visited requests pool

® repeat until no update

4. Solution methods 30



Local search on routing optimization

2 DMDEE / 2 operator

« RA
 Inter-tour exchange
* Re-Assigns request to another vehicle

P

request

e RI
 Intra-tour exchange
« Re-Insert request into its originally assigned vehicle

« |f RA fails, Rl is applied



Local search on routing optimization

Algorithm

@ for every request in visited requests pool f ﬂ
If feasible, Apply RA ﬂ

_ _ request
Record obtained vehicle work-schedules

\ If infeasible---
Else, Apply RI

Record obtained vehicle work-schedules request

@ find best vehicle work-schedules obtained in @
update

® repeat until no update



Overview of LS-H algorithm

Proposal: a local search based descent heuristic (LS-H) algorithm

‘ St

1

Algori

S0

| ggﬁ%ﬁwiﬁJ
ithm 1:

QBIFIANDI—Y—DIEER

| ocal search of user selection

|

ol . . . . A
Generate initial solution sq 4{\
ithm 2:

Algori

Local Search on y

S1

Algori

Local Search on x

thm 3:

_ﬁoma»—raW@;

Local search of routing optimization

|

So

— S9

(DR DB H
updating

/

Solution

Sbest < S2 /

|

‘ St

terminating

@E%éﬂ@ﬁﬂ@%?}

op ’

4. Solution methods
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MATH-H algorithm

LS-H algorithm

‘ Start ’

l

MATH-H algorithm

REHEIN— P DIER

Algorithm 1:

Generate initial solution sq

S0

Algorithm 2:
Local Search on y

S1

/

Algorithm 3:
Local Search on x

Local search of routing optimization

Substitute

Commercial MILP solver

or Algorithm3

v

73U X L3%
BAMILPY JL/X—T

So

—

KT 3

/ Solution Spes; < S2

‘ Stop ’

4. Solution methods

Start

S J

Algorithm 1:
Generate ini-
tial solution sg

S0 l

So < 83

Algorithm 2:

Local Search on y

sll

MILP:
Solve for x
(with UB cut)

So
/\ Integer solution? > So — S2
No [ $1
Algorithm 3: //~(s ) > 2(s0)? _
z\ 852 <\ < . B
Local Search on @ \\ - 0 Yes
S3
No
- —
Yes - T
% z(s3) > z(s0)? > Sbest <= 52
=
~_
No
Sbest € 83

34




h. Numerical experiments



Outline of Numerical Experiments(#UExEEx)

Experiments design

 Requests: 16-96

« Number of vehicles: 2-8

« Vehicle capacity: 3

Experimental Environment

« PC with 16GB of RAM, intel i7 processor at 2.9GHz
« CPLEX 12.10 is used as commercial solver

What experiment?

« Comparison between classic-DARP and CC-DARP
fit sk DDARP & 422 L 7=CC-DARP D L1

- The sensitivity analysis of flat fare and comparing of solution method
—EEETDRE DT & A D FHE
« Experiments with New York City taxi data



Comparison between classic-DARP and CC-DARP

CC-DARP: Users’ utility is considered [-10, 10]x[-10,10] D FE _F T=E

e o classic DARP

® CC-DARP @ Classic DARP ® CC-DARP @ Classic DARP
« Profitis propotilnal to fare

500 600

400 500

230 guo — unrealistic
‘szz Qfgg . l_ﬁ IZEEB) L TURESE AN EE N L T
) IERER
a2-24 a3-18 CC_DARP

® CC-DARP @ Classic DARP ® CC-DARP @ (Classic DARP

700
600

« Nonlinear pattern / FE#RTE

500

550 g o |f fare is too high, profit decreases
£300 ’lgzoo ¢ l__ﬁ '3_ g %) c‘:ﬂyﬁf? TEE—FTé

200

100 100

fmoR(s — BR5EAY

Fare (%)

Fig. 5. Profit trends for CC-DARP and Classic DARP formulations.

MBEAZAWIESFOBAT, YR X2 bAAIEEIS

Chance-constrained approach can inform on revenue management



The sensitivity of flat fare and comparing method

Comparison between LS-H and MATH-H |\/IATH HiZ80% W < O — X CREMR%
Table 5 FonTWns
Comparison between LS-H and MATH-H. l
LS-H MATHH F|FEEROBIRR 7L TV XL OB
Average profit gap (PG) 2.59% 0.17% MNRI NT-
% of optimal solutions found 17.04% 79.96%

proposed local search on user selection

is good enough to find the optimal selection

FREDT — X MATH-HIZEZREISEWEZEONTWDS
medium-sized instances: MATH-H is successful in reducing the profit gap
o KERDT—X:MATH-HLHLS-HELBZRRIOEWEEBS SN TWD
large instances: Both LS-H and MATH-H problem well
e BEBENNZIWIT—XTIZLS-HIFINET B DICEH L 7=
LS-H struggles to converge when a cheap fare is charged



Experiments with NYC taxi data (2006)

23’772 I\ ) 7075\ %’ HEE%&‘E%‘: ) Total No. of Requests Accepted
HEISATL B MR L BMME 160 — Touine, d
SCudeysTArEmAL W i o Rt e
BIEEERTITo T 120 M, No. of Requests Accepted
100 M, Ridership

fﬁi% 80",

B YmE Lt TCOEEEEE 60| 1200 '

RN —CEEBAD a0 — ot

t 7F| 7<7f) TEET—;_ %) . 20 w0l Routing Cost
« —FEE, BHRN—XDEE

, = R—ADEE %Hﬁx 2 ° 1(1)‘($) H o £ 600

3L, Y=UR—XNDEE 400

ARz, FIRESREBAL

I3
- —FEEETIIKEMEDCSWER(M,) D HMMIgE I EDL S %

(a) Profit, revenue and routing costs - f.



o. Conclusion



Conclusion

Formulation
 Introduction of chance-constrained DARP model that captures users’ preferences
e Captures users’ preferences via a Logit Model
Solution Method
 Local search based heuristic algorithm (LS-H) and matheuristic (MATH-H)

— performed well compared to the best integer solution by an exact MILP solver
Result

The proposed CC-DARP formulation provides a new decision-support tool to inform on revenue
management for DRT services.

Future Work
« Consideration of other alternative transportation modes
« Developing an efficient exact solution algorithm

e Improving the robustness of heuristics for low fare
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« DARPOEFALBMWICITHET L ZHAATDIZEEWE B 57,

« NREBIDOITENERERZ Y VT X P E LTERLL TWLWEDTIEAL,
MAZ DA E b L ICEFRFDPZITANAGZROTWVD,

s EMDBEIZCLDIKRBERDEBEARINTWEDT, (BN H 5

o —EBISABEREZRAWICRERICE 5T, 80RIREDEI S THEBEROONTWLWD Z LI
BT, REFICERELPT WERROMAUBEEEAVTKD S, LW o 2TETRIERE
CREMRTETHOTHNIEL, AL THATHIRIZS.

C V=V R—ZDBEBENARZ P AEEE o TVWBICL AN DT, EEERICL Bprofitdid
WEHB LS5 7DD o= DIFBRAICR LT,



