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—— Abstract

We study a routing problem for delivering and picking up multiple commodities with different

priorities, motivated by the need to provide basic services to people in depopulated rural areas
with a driver shortage. We define our problem as a generalization of the team orienteering problem
with time windows, with additional constraints motivated by real-world applications. We develop
constraint programming (CP) and mixed-integer programming (MIP) models to solve the formulated
problem. In addition, we propose an incremental warm-starting strategy, which obtains an initial
solution by solving a problem considering only a subset of commodities. In our experiment, CP
outperforms MIP, and incremental warm-starting improves the performance of both approaches.
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1 Introduction

In depopulated rural areas where people lack access to public transport, providing mobility
is necessary for those unable to drive their own cars, e.g., elderly people, to access basic
services [14]. Previous work has studied applications of vehicle routing problems to provide
last-mile delivery services in rural areas [26, 7, 6]. With a similar motivation, we consider
a home-delivery and pickup service in rural areas. In particular, considering the driver
shortage in such areas, we define a multi-commodity delivery and pickup problem in which
one driver simultaneously provides multiple services with different priorities, e.g., delivering
food, delivering packages, and collecting packages. Our objective is to maximize the weighted
number of served requests considering priorities, so our problem can be viewed as a variant
of the orienteering problem [25]. In addition, motivated by our prospective real-world
application, we incorporate multiple features: time-window constraints, heterogeneous vehicle
fleets, multiple visits to distribution centers, a maximum time between pickup and delivery
for perishable goods such as food, and drivers’ shifts.
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To solve the formulated problem, we develop a constraint programming (CP) model
and a mixed-integer programming (MIP) model. Furthermore, we propose an incremental
warm-starting strategy for solving, where we solve a problem considering only a subset of
commodities at each step and incrementally add a new commodity while using the current
solution for warm-starting. Our experimental evaluation demonstrates that CP outperforms
MIP, and incremental warm-starting improves the performance of both approaches.

2 Related Work

As far as we know, our problem setting has not been studied before, while it can be viewed as
a hybridization and generalization of existing routing problems. Maximizing the (weighted)
number of visited locations under time constraints is known as the orienteering problem [25].
As we have multiple vehicles and a time window at each location, our problem is particularly
related to the team orienteering problem with time windows (TOPTW), to which CP was
successfully applied [8]. While Baklagis et al. [1] studied a combination of TOPTW and
pickup and delivery, they focused on pickup and delivery between customers with a single
commodity. In contrast, we have multiple commodities, and each commodity is picked up
from or delivered to a distribution center and is delivered to or picked up from each customer.

In the vehicle routing problems (VRP) literature, dealing with multiple commodities is
actively studied [11]. As we allow each vehicle to visit a distribution center multiple times,
our problem can be viewed as a VRP with multiple trips [5]. For a commodity such as
food, we may specify a time limit for transportation after it is picked up, and problems
with such constraints are called VRPs for perishable goods [24]. We have multiple vehicles
with different capacities and available time windows. With this feature, our problem can be
viewed as a heterogeneous vehicle routing problem [27]. We also need to assign a driver to
each used vehicle while respecting drivers’ shifts. Such problems were studied as VRPs with
drivers’ working hours [9]. Developing CP models for various VRP variants is an active area
of research [15, 8, 22, 2, 18, 13, 17, 20], but the problems studied in such prior work do not
involve multiple trips or perishable goods.

Our work can be placed in a research line that has investigated realistic VRPs by
incorporating different types of constraints, some of which are mentioned in the previous
paragraph. Such problems are called general VRPs [10] or rich VRPs [3]. In particular, our
work shares a similar motivation with previous work on VRPs for rural and less populated
areas. For example, existing work studied healthcare applications [4], cooperative pickup
and delivery [26, 7], and the coordination of trucks and drones [6] in rural areas, while their
problem settings are different from ours and do not use CP to solve the problems.

3 Problem Definition

In our service, we deliver commodities from distribution centers to customers or pick up
commodities from customers and deliver them to distribution centers. We have multiple
groups of commodities with different priorities, and each group is associated with a single
distribution center. We consider service requests from customers consisting of the following
parts:

Service type, either delivery or pickup.

Commodity group.

Priority score to serve the request.

Demand for delivery or pickup.
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Figure 1 Tllustrative example with two commodities, one for the delivery of perishable goods
(meals) and another for pickup (packages). A solution with two vehicles and drivers is shown.

Time window to arrive at the service location.

Service time spent at the service location.

Maximum transportation time that can be specified for the delivery of perishable goods.

We want to fulfill service requests as many as possible using a heterogeneous fleet of
vehicles and drivers, where vehicles can have different depots and capacities, and drivers

can have different shifts. In addition, drivers may not be able to use some of the vehicles.

Figure 1 presents an illustrative example.

We summarize our notation in Table 1. We have a set of commodity groups Gdetivery
for delivery and another set GP'"P for pickup, and we use G = Gdelivery | gpickup  For
each group g € G, a set of requests R, and a distribution center is associated, and we use
Rdetivery — Ugegdcumy Ry, RPickup — Ugegpackup Ry, and R = Rdelivery (j Rpickup - We have
a set of vehicles V, and for each vehicle, we may construct a tour that starts and ends at
its depot, sequentially serves requests by visiting the corresponding locations, and visits
distribution centers. Each service request r € R has the priority score p,, and the objective

is to construct a set of tours maximizing the sum of the priority scores of the served requests.

When a vehicle serves a delivery request 7 € R, the units of the commodity in group g
loaded in the vehicle is decreased by the demand g,. When a vehicle visits the distribution
center of group g, it can load arbitrary units of the commodity in group g. When a vehicle
serves a pickup request r € R, its load is increased by the demand g,, and the vehicle must
visit the distribution center of g afterward, where the load for group g becomes 0. The total
load of a vehicle v € ¥V must fall in [0, Q,] at any point, where @, is the capacity of v.

We use the term location to represent either a depot, a distribution center, or a service
request. If a location j is visited immediately after location ¢, the travel time ¢;; is incurred.
Here, we use ¢,j/c;,, to represent the travel time from/to the depot for vehicle v and c¢4;/c;q
to represent the travel time from/to the distribution center of group g € G. We assume that
the travel time satisfies the triangle inequality, i.e., ¢;j + ¢jr > ci; for any 4, j, and k. A
request € R has the time window [a,., b,]: if a vehicle serves a request r € R, it needs to
arrive at the location by the deadline b, and waits until the ready time a, if arriving earlier.
Similarly, the distribution center of group ¢ has the time window [ag, by]. Serving request r
requires the service time s,., and visiting the distribution center of group g requires service
time s;,. We assume that the service time is positive.

For a delivery request r, the maximum transportation time 7). can be specified. In such
a case, if the commodity for r is picked up at time ¢, it must be delivered by t 4+ T,.. By
gperishable  gdelivery o denote the set of such commodity groups.
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Table 1 Summary of notation used in the problem definition.

Notation Description

Gdelivery the set of commodity groups for delivery

gpickup the set of commodity groups for pickup

gperishable  the set of commodity groups for delivery with the maximum transportation time
g the set of all commodity groups (G = Gaelivery y grickup)

lag, bg] the time window for the distribution center of a commodity group g € G

Sg the service time for the distribution center of a commodity group g € G

Ry the set of service requests for group g € G

Rdelivery the set of all delivery requests (RIelvery —= Ugggdclivcry Rg)

Rpickup the set of all pickup requests (RP<P = Ugegpickup Ry)

R the set of all service requests (R = RIelvery |y Rpickup)
Dr the priority score of service request r € R

qr the demand for service request r € R

[ar, by the time window for service request r € R

Sp the service time for service request r € R

T the maximum transportation time for a delivery request r € R
Cij the travel time from location i to location j

% the set of vehicles

Vg the set of vehicles that can be assigned to driver d € D
Qv the capacity of vehicle v € V

[Qv, by] the time window for vehicle v € V

D the set of drivers

D, the set of drivers that can be assigned to vehicle v € V
[ad, bd] the time window for driver d € D

Ta the maximum working time for driver d € D

We have a set of drivers D, where each driver d € D has the time window [ag, bg] and the
maximum working time Ty. For each vehicle used for a tour, a driver d must be assigned,
the tour’s starting and ending times must fall within the time window [ag4, bg], and the tour
duration must be less than or equal to T,;. A driver cannot be assigned to multiple vehicles.
We use D, C D to denote the set of drivers that can be assigned to vehicle v, and V; C V to
denote the set of vehicles that can be assigned to driver d.

4 Constraint Programming Model

We present our CP model. We first describe the decision variables used in the model. Then,
we show the full model with the objective function and constraints.

4.1 Decision Variables

In our CP model, we use three types of decision variables:
Boolean variable whose domain is {L, T}.
Integer variable whose domain is a finite subset of integers.
Optional interval variable, consisting of three variables: an integer variable representing
the length of the interval, an integer variable representing the start of the interval, and a
Boolean variable representing the existence of the interval.
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We consider vehicle tours as network flows in a graph where nodes are locations. We
use a Boolean variable z;; to represent that edge (4, 7) is used in a tour, i.e., location j is
visited immediately after another location i. In a tour, a vehicle may visit a distribution
center multiple times. Therefore, we duplicate the distribution center of group g € G for each
vehicle v € V, introducing a set of locations O,y = {ng’ e
number of times the distribution center of group g can be visited by vehicle v in a tour. We

k . .
ovg’ }, where kg is the maximum

compute k.4 in the following procedure, given that the minimum time for vehicle v to visit
the distribution center for g, serve request r for g, and return to the distribution center is
Sg + Cgr + Sy + Crg-

1. kyg < 1 and t < max{a, + cyg, ag}-

2. Select r € Ry minimizing s4 + cgr + 5, + ¢y and not selected before.

3.t t+ 84+ cgr + 5+ Crg-

4. If t < min{b, — cgo, by}, then kg < kyg + 1 and go to 2.

We use O, Ugeg vg> Og = Upey Ouvg, and O = Uvev,geg O,g. For each 0 € Oy, we
use a, = ag, b = by, 5, = sy, cw = cig, and c,; = cg;. Given this extension in notation, we
define the set of edges A as follows:

o W) G ERIR ULl [ g€ GOy 0y ey <BYU
Y {(4,0) |4 € RAetvery y {01 | g € GPIkPY g+ 55 + ¢y < by}
A ({(Z,)|Z€RUO]E(RUO)\{}a1+$l+C,J<b}UUU€V )\
({(T, g) | g€ gdchvcry rERyvE V} U {( by ) | veV,ge gplckup’T c Rg}) .

We do not include infeasible or useless edges considering time windows. In addition, serving
a delivery request before visiting the corresponding distribution center is impossible, and
visiting the distribution center before serving any associated pickup request does not have
any benefit. Without loss of generality, for a delivery group g, we assume that only one
copy of the distribution center o can be selected as the first location, and we exclude each
edge (r,o} g) forr e R We also exclude edges related to pickup requests in a similar way,
assuming that only o can be selected as the last location for a pickup group g.

To handle the time wmdow constraints, we represent visiting location i € R U O using an
optional interval variable d;. The location is visited if the interval is present. The start of the
interval corresponds to the arrival time at the location, and the end of the interval corresponds
to the departure time. We use a Boolean variable Pres(d;) € {L, T} such that Pres(d;) =T
indicates the presence. The length of the interval is fixed to s;, and the start Start(d;) falls

in [a;,b;], denoted by §; : optintervalVar(s;, [a;, b;]). We also use End(d;) = Start(d;) + s;.

In addition, we define an optional interval variable A, : optlntervalVar([0, b, — a.], [av, by]),
representing the tour for vehicle v € V. The vehicle is used if the interval is present; it leaves
the depot at the start of the interval and returns to the depot at the end of the interval. The
length Length(\,) of the interval is an integer variable in [0, b, — a,], and the start Start(\,)
falls in [a,, by]. We use End(),) = Start()\,) + Length()\,). To link 4, for request » € R and
Ay for vehicle v € V, we also use a Boolean variable y,., representing that r is served by v.

To handle other constraints, we use Boolean variable z4, indicating that driver d € D uses
vehicle v, integer variable [ ; representing the load of the vehicle that arrives at location 7,
and an integer variable 74; representing the transportation time of the commodity of group g
loaded in the vehicle that arrives at location ¢. We summarize the decision variables in
Table 3. We present the CP model in Objective (1)-Formula (45). We partition the model
into different parts and explain them one by one.
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Table 2 Summary of additional notation used in the CP model.

Notation  Description

vg the set of distribution centers for vehicle v € V and group g € G

the set of distribution centers for vehicle v € V (O, = Ugeg Oayg)
the set of distribution centers for group g € G (04 = Uvev Oayg)

the set of distribution centers (O = Uvev,geg O.ug)

the number of times vehicle v € V can visit the distribution center of group g € G

<

[~
Q

2T 0000

the set of directed edges connecting two locations

Table 3 Summary of the decision variables in the CP model.

Variable Description

Tij Boolean variable indicating location j is visited directly after i for (i,5) € A

s optional interval variable representing visiting location i1 € R U O

Ay optional interval variable representing the tour of vehicle v € V

Yro Boolean variable indicating request r € R is served by vehicle v € V

Zdv Boolean variable indicating driver d € D uses vehicle v € V

lgi load of group g € G when arriving at location i € RU O

Tgi transportation time of group g € GPPaPle when arriving at location i € R U O

4.2 Objective and Tour Constraints

Because we use an optional interval variable §, to represent the visit to the location of
request r, Objective (1) maximizes the total scores of the served requests, where a request
r € R is served if Pres(d,) = T. We use the indicator function 1 such that 1(T) =1 and
1(L) =0.

We use a Boolean variables x;; for each (7, ) € A, representing that a vehicle traverses
an edge (i, 7). Each tour starts from the depot with a particular vehicle v using an edge (v, j)
and must return to the depot with the same vehicle using an edge (4, v). Constraints (2) and
(3) ensure that at most one tour starts and ends with each vehicle, where AtMostOne({z,; |
(v,j) € A}) is equivalent to >, . 4 1(zy;) < 1. Constraints (4) and (5) ensure that at
most one incoming edge and at most one outgoing edge are traversed for each location.

We use an optional interval variable A, to represent the tour duration for vehicle v.
Constraint (6) ensures that if an edge (v, j) is used, vehicle v is used (Pres(\,) = T), and
location j is visited (Pres(d;) = T). Constraint (7) is analogous to Constraint (6) for the end
of the tour. Constraint (8) ensures that if edge (i, j) is used, the locations ¢ and j are visited.

Constraints (6) and (9) ensure that Pres(),) = T iff there exists an outgoing edge (v, j)
such that z.; = T, where AtLeastOne({z.; | (v,j) € A}) is equivalent to /(, ;e 4 @v; = T.
Similarly, Constraints (7) and (10) ensure that Pres(A,) = T if and only if there exists an
incoming edge (i,v) such that x;, = T. As a result, there exists an outgoing edge (v, j) with
x,; = T if and only if there exists an incoming edge (i,v) with z;, = T, ensuring that a
vehicle must depart from and return to the depot. Similarly, Constraints (8) and (11) ensure
that Pres(d;) = T if and only if an incoming edge is used, Constraints (8) and (12) ensure
that Pres(d;) = T if and only if an outgoing edge is used, resulting in the flow conservation.

Constraint (13) ensures that the arrival time at the first location i is greater than or
equal to the start time of the tour plus the distance from the depot, and Constraint (14)
does similar for the end of the tour. Constraint (15) ensures that the arrival time at j is
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distant from the departure time at i at least by the travel time. Because the service time
is positive, the arrival time at j is larger than that of 7, and a tour cannot be a cycle that

starts and ends at the same location in R U O.

max Z pr1(Pres(d,)).
rER
AtMostOne({z,; | (v,j) € A})
AtMostOne({z;, | (i,v) € A})
AtMostOne({z;; | (i,j) € A})

AtMostOne({z;; | (i,7) € A})

Zy,; = Pres(A,) A Pres(6;)

iy = Pres(d;) A Pres(\,)

xi; = Pres(d;) A Pres(6;)

Pres(\,) = AtlLeastOne({z,; | (v,j) € A})
Pres(\,) = AtLeastOne({z;, | (i,v) € A})
Pres(d;) = AtLeastOne({xz;; | (i,)) € A})

Pres(d;) = AtLeastOne({x;; | (i,)) € A})

x,; = Start(d;) > Start(A,) + cy;

Ty = End(\,) > End(5;) + ciy

x;; = Start(d;) > End(0;) + ¢;;

xz;; €{L,T}

d; : optintervalVar(s;, [a;, bi])

Ay @ optintervalVar([0, b, — a,], [ay, by])

Yv eV

YveV
VjeRUO

Vie RUO
Y(v,j) € A,v eV
Y(i,v) € A,v eV
V(i,j5) € Ayi,j €V
Yv ey

YveV

Vi eRUO

Vie RUO
Y(v,j) € A,v eV
V(i,v) € A,v eV
V(i,5) € Ayi,j €V
V(i,j) e A

Vie RUO
Yv e V.

(1)

(

(11
(12
(13
(14
(15
(16
(17
(

)
)
)
)
)
)
)
)
10)
)
)
)
)
)
)
)
18)

The constraints defined so far are insufficient to construct valid tours; a tour may start

with one vehicle v with z,; = T for some j while ending at some 7 with x;,, = T, where

v £ v'. We explicitly define a decision variable y,., in Constraint (26) representing request r

is served by vehicle v and ensure consistency with the tour. Constraint (19) ensures that at

most one vehicle is assigned to a request, and Constraint (20) ensures that a vehicle must

be assigned to a served request. Then, the remaining constraints ensure that if edge (i, j)
is used, they must be served by the same vehicle. Constraint (21) ensures that y,., = T if

request r is served at the beginning of the tour, and Constraint (22) is for the end.

AtMostOne({y,, | v € V}) YreR (19)
Pres(d,) = AtlLeastOne({y,, | v € V}) VreR  (20)
Tor = Yo Y(v,r) € Av € V,r € RPIwP  (21)
Try = Yro Y(r,v) € Ayr € RV ey (22)
Tij = Yiv = Yju Yo eV, V(i,j) € Aji,j R (23)
Tro = Yro Yo eV, V(r,0) e A,r e R,oe O, (24)
Tor = Yro Yo e V,V¥(o,r) € A,o€ O,,r € R (25)
Yro € {L, T} Vre R,YveV. (26)

These constraints are defined only for RPIKUP or Rdelivery a5 an edge (v, 0) or (o0,v) for a
vehicle v € V and a distribution center o € O is defined only if 0o € O,. Constraint (23) is
for edges between request locations, and Constraints (24) and (25) are for edges between
request locations and distribution centers.
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Alternative Model with the Circuit Global Constraint

As an alternative CP model, we implement Constraints (2)—(12) using the circuit global
constraint [19], which defines a Hamiltonian circuit in a graph. We use Google OR-Tools
CP-SAT [21] as a CP solver, where the circuit constraint takes a set of triples as input. Each
triple (i, 7, x;;) represents x;; = T if and only if edge (¢, j) in the graph is used in a Hamilton
circuit. To represent an optional visit, we can also add a self-loop edge (i, i, z;;), representing
x;; = 1 if and only if 4 is not included in the circuit. We represent a solution using a single
Hamilton circuit; we order vehicles and denote the next vehicle of v in this order by next(v),
introduce nodes «, and w,, representing the start and end depots for each vehicle v € V,
and consider edge (wy, Qnext(v))- If v is the last vehicle, then next(v) is the first vehicle. If
vehicle v is not used, edge («,,w,) is used. Overall, in the alternative model, we have the
following instead of Constraints (2)—(12):

{(iaja xij) | (Zaj) € Aaiaj g V} U {(szﬂ _'Pres((si)) | i€ RU O}
Circuit | U{(ow, ) | (v,7) € A, € VIU{(I,wy) | (i,v) € A, v € V}
U{(Wo, Onext(v)s T) | v € V} U {(aw,wy, ~Pres()y)) | v € V}

4.3 Driver Constraints

We use a Boolean variable zg, in Constraint (33) indicating that driver d uses vehicle v.
Constraint (27) ensures that each driver is assigned at most one vehicle, Constraint (28)
ensures that each vehicle is assigned at most one driver, and Constraint (29) ensures that a
vehicle v must be assigned a driver if it is used (Pres(\,) = T). Constraints (30)-(32) ensure
that the start, the end, and the duration of a tour must respect the assigned driver’s shift.

AtMostOne({zq4 | v € V4}) VdeD (27)
AtMostOne({z4, | d € D, }) Yo eV (28)
Pres(\,) = AtleastOne({zyq | d € D,}) Yv eV (29)
zdy = Start(\,) > aq Vd e D,Vv €V, (30)
2a = End(\y) < by Vd € D,V € Vy (31)
zdy = Length()\,) < Ty Vd € D,Vv € Vy (32)
zaw € {L, T} Vd € D,Yv € V. (33)

4.4 Capacity Constraints

We keep track of the load for commodity group g of a vehicle that arrives at location 7 by
lgi, defined in Constraints (41)—(44). For a service request r € R, the upper bound of Iy
is max,cy @» because the capacity of the vehicle that serves r is unknown. In addition, I,
must be at least d, for a delivery request r € R, and [y must be at most max,ey Qv — dy
for a pickup request r € R,. For a distribution center o for vehicle v, lg, is at most Q.
Constraints (34) and (35) ensure the capacity constraint when each request location or
distribution center is visited. The remaining constraints ensure the change of the load when
an edge is traversed. Constraint (36) ensures that at the beginning of a tour, the load for
each commodity group with delivery requests is empty, unless the first location visited after
the depot is the distribution center for that group; we explain this exceptional case below.
Constraint (37) ensures that at the end of a tour, the load for each commodity group with
pickup requests is empty, unless the last location visited before the depot is the distribution
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center for that group. Constraints (38) and (39) ensure the change of the load after serving
a request. Constraint (40) ensures that the load for group g is not changed after visiting a
location irrelevant to g.

Yor — Z lgr < Qv Yv e V,Vr e R (34)
geg

> o < Qu Yo € V,Yo € O, (35)
9€g

Tyj = lgj =0 Vg € GYNY (v, j) € A,v €V, j # o), (36)
Tiw = lgi =0 Vg € GPIRUP V(i v) € A,i # oil)g,v eV (37)
Trj = lgj = lgr — ¢y Vg € GINY V(r, j) € Ar € Ry, j EV (38)
Trj = lgj =lgr + gy Vg € GPRP Y(rj) € Ar € Ry, £V (39)
Ty — lngZgi VgEg,V(i,j)EA,igRgUog,jgv (40)
lgr € {qr, ey TAX Qv} Vg € giver wr e R, (41)

v

lgr € {Oa ey mea\?( Qv — qr} Vg € gpiCkup,VT' S Rg (42)
lgi € {0, ""mé‘é‘Q”} Vg€ G,Vr e R\ R, (43)
lgo €{0,...,Qu} Yv e V,Vg € G, Vo € Oy. (44)

We do not constrain [,; at location j immediately after visiting the distribution center
o € O4. Therefore, l,; can be arbitrarily increased or decreased under the domain and
Constraints (34) and (35), allowing a vehicle to load or unload an arbitrary number of
units of the commodity group g after visiting a distribution center o € O,4. A vehicle may
decrease the load for group g even though g € GI°1VerY or increase the load for g even though
g € GPIkUP while there is no benefit in doing so. In such a case, we can obtain a valid solution
by omitting the current visit to the distribution center and adjusting the load change in
the previous or next visit to the same distribution center. Similarly, in Constraint (36), we
do not constrain l4; at the first location j if g is a commodity group for pickup or j is the
distribution center o}jg for group g. If g is for pickup, starting with I/,; > 0 does not have

any benefit, and we can obtain a valid solution by assuming that /,; = 0 in postprocessing.

If g is for delivery and j = o}jg, then the load for g at the next location can be an arbitrary

value anyway, so the value of l,; does not matter. We also do not constrain /4; at the last
location i if g is a group for delivery, so l4; can be greater than 0. In such a case, a vehicle
should have loaded more than necessary at the last visit to the distribution center of group
g, and we can obtain a valid solution by decreasing the load change there.

4.5 Transportation Time Constraints

We use 7,4; to represent the transportation time for group g € gperishable £ the vehicle that
arrives at location i. At a delivery request location r € Ry, T4; is at most T as defined by
Constraint (47). For the request locations and distribution centers of other groups, the upper
bound is the maximum possible time ensured by Constraints (48) and (49). Constraint (45)
ensures that 74, is set to be 0 at the distribution center o € Oy of the group g. Constraint (46)
ensures that the transportation time is increased by the difference of the arrival times when
a location j is visited from another location i.
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Tgo = 0 Vg c gperishable’vo c Og (45)

Tij = Tgj = Tgi + Start(d;) — Start(d;) Vg € grerishable w5y € A, j £ O, (46)

Tgr € {0, ..., T} Vg € grerishable . e R 0 (47)

Tgr € {O, ey by — zninjl ad} Vg e gperishable . « \Ry (48)
€

Tgo € {0, ..., min{b,, b, } — a, } Vg € grerishable iy, ¢ Y Vo € O, \ Oy, (49)

We only maintain the transportation time since the last visit to the distribution center,
assuming that all units of the commodity loaded at a distribution center are delivered before
visiting the same distribution center again. When a solution violates this assumption, some
units loaded at the first visit remain in the vehicle after the second visit. Loading those units
at the second visit, rather than at the first, does not change the vehicle’s total load after
the second visit and does not violate the capacity constraints. Therefore, in postprocessing,
we can obtain a valid solution by reducing the number of units loaded at the first visit
and increasing the number at the second visit so that all units loaded at the first visit are
delivered before the second visit.

5 Mixed-Integer Programming Model

Our mixed-integer programming (MIP) model is based on a similar idea to the CP model.

5.1 Decision Variables

We replace Boolean variables in the CP model with binary variables with the domain {0,1}.
Instead of the optional interval variable §; for each location i, we introduce a continuous
variable ¢; representing the arrival time at 7. For the optional interval variable A, for each
vehicle v, we introduce continuous variables 54t and ¢4 representing the start time and
the end time of the tour, respectively. We summarize the decision variables in Table 4.

Table 4 Summary of the decision variables in the MIP model.

Variable  Description

Tij binary variable indicating location j is visited directly after ¢ for (¢,5) € A

t; the arrival time at location 1 € R U O

gstart the start time of vehicle v € V

gend the end time of vehicle v € V

Yro binary variable indicating request r € R is served by vehicle v € V

Zdv binary variable indicating driver d € D uses vehicle v € V

lgi load of group g € G when arriving at location i € RU O

Tgi transportation time of group g € GPePaPle when arriving at location i € R U O

5.2 Objective, Tour Constraints, and Driver Constraints

We consider a tour as a flow in a directed graph and the driver assignment to a vehicle
as a flow from the driver to the vehicle. Then, a flow goes through customers from the
vehicle and returns to the same vehicle. We use a binary variable zg, representing that
driver d uses vehicle v and a binary variable z;; for edge (¢,7). In Objective (50), we use
Z(”) c.4 Tir to Tepresent the visit to a request location 7. Constraint (51) ensures that a
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driver uses at most one vehicle. Constraint (52) ensures that a vehicle has at most one tour
starting at some location j and ending at some location 7 if and only if a driver is assigned,
and a vehicle is assigned at most one driver. Constraint (53) ensures that each location is
visited at most once, and only one incoming edge and only one outgoing edge are used if
visited. Constraints (54)—(56) ensure the arriving time at each location satisfies the travel
time and service time constraints. Here, M is a large enough value: M = b, + ¢,; — a; in
Constraint (54), M = b; + s; + ¢y, — a, in Constraint (55), and M = b; + s; + ¢;; — a; in
Constraint (56). Constraints (57)—(59) ensure that the tour respects the driver’s shift, where
M = b, — by in Constraint (58) and M = b, — a, — Ty in Constraint (59).

maprr Z Ty (50)

reER  (i,r)€A

>z <1 Vd € D (51)
vEVy

Z Zdy = Z Tyj = Z Tin < 1 Yo eV (52)
deD, (v,j)eA (i,v)eA

Soomi= Y wy <1 Vie RUO (53)
(4,9)eA (i,4)€A
ty > 5 ey — M(1 — zy5) V(v,j) € A,v eV (54)
t > 4 s 4 iy — M(1— 24) V(i,v) € A,y eV (55)
tj >t + s+ cij — M(1 —a45) V(i,j) € Ai,j €V (56)
9 > Gazde Yd € D,Yv €V, (57)
t < by + M(1 — zq0) Vd € D,Vv € Vy (58)
gond _gstart <0 4 M(1 — 240) Vd € D,Yv € Vy (59)
a, < tstart gend < g Yo ey (60)
ai <t; <b; Vie RUO (61)
x;; € {0,1} Y(i,j) € A (62)
zaw € {0,1} Vd € D,Yv € Vy. (63)

We use a binary variable y,,, that indicates whether request r is served by vehicle v.

Constraint (64) ensures that a vehicle serves a request if and only if the request location is
visited. With Constraint (53), at most one vehicle serves each request. Constraints (65)—(69)
ensure that the locations 7 and j are visited by the same vehicle if an edge (4, j) is used.

S =Y wir VreRr (64)

vey (i,r)EA

Yro = Try Vr e R,Yv ey (65)
Yro = Top YoeV,VreR (66)
Yjo > Yiw + 255 — 1 Yo e V,V(i,5) € Ai,j €V (67)
Yrv = Tro Yo e V,VY(r,0) € A,r € R,0€ O, (68)
Yro = Lop Yv e V,Y(r,0) € A,o€ O,,r€R (69)
yro € 10,1} Vre R, Vo e V. (70)
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5.3 Capacity Constraints

A continuous variable [,; represents the load of the vehicle that arrives at location i. Con-
straints (71) and (72) ensure the capacity constraint, where M = max, ¢y Q. — Q,. Con-
straint (73) ensures that at the beginning of a tour, the load of each commodity group for
delivery requests is empty, unless the first location visited after the depot is the distribution
center for that group. Constraint (74) ensures that at the end of a tour, the load of each
commodity group for pickup requests is empty, unless the last location visited before the depot
is the distribution center for that group. In Constraints (73) and (74), M = max, ¢y Q.

Constraints (75)—(78) describe the demand change by visiting each location, where
M =145 —1,, + ¢, in Constraint (75), M = Iy, + g, — L,; in Constraint (76), M = l,; — L,
in Constraint (77), M = lg; — [ ; in Constraint (78), and [y; and [ ; are upper and lower
bounds on I,; defined in Constraints (79)—(82). As we use inequalities, the load for group
g € GIelivery may decrease arbitrarily at any location, and the load for group g € Grickup
may increase arbitrarily at any location, while doing so does not have any benefit. If a
solution contains such a decrease or increase, we can obtain a valid solution by ignoring it
and adjusting the load change at the corresponding distribution centers.

> g < Qv+ M(1—yyy) YoeV,VreR  (71)
geg

D lgo < Qu VeV YoeO, (72)
geg

lyj < M(1 — x,j) Vg € G (v, j) e Av eV, j#oy, (T3)
lyi < M(1—z4) Vg € GPNP V(iv) € Aji £ oy vEY  (T4)
lyj <lgr —qr + M(1—2,5) Vg € I v(r i) € A,r €Ry, i€V (75)
lyj > lgr + qr — M(1 — 2,) Vg € GPIKP (r j) € A,r € Ry, j €V (76)
lyj <lgi+M(1—z5) Vg e Gl (i ) e Ai g R,UO,,j €V (T7)
lgj > lgi — M(1 — x5) Vg € GPHRW (i) € Ai € RyU Oy, 5 €V (78)
gr < lgr < max Qo Vg € glelvery wvr e R, (79)
0 < lgy < maxQy — d Vg € GV v e R, (80)
Oglgigr&aé{Qv Vge G,Vre R\ R, (81)
0 <14 <Qy Yv € V,Vg € G,Vo € Oy. (82)

5.4 Transportation Time Constraints

We use a continuous variable 7,; and Constraints (83)—(86) to ensure the transportation
time constraints. In Constraint (84), M = 74; + b; — a;, where T4; is the upper bound on 7y,
defined in Constraints (85)—(87).

Tgo = 0 vg c gperishable7v0 c Og (83)

Ty 2 Tyt — = M(1 - ) Vg € GreTee (i ) € Aj £ O, (84)

0 S Tgr § Tr vg c gperishable7v7,_ c Rg (85)

0 < 7gr < by —minag Vg € grerishable . e RA\ R, (86)
€

0 < 7yo < min{by, by} — a, Vg € grerishable i, ¢ Y o € 0, \ O,y (87)
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6 Enhancements

We introduce three enhancements in solving the MIP and CP models: preprocessing, post-
processing, and an incremental warm-starting strategy.

6.1 Preprocessing

We tighten time windows of vehicles, drivers, and locations given a problem instance,
considering the service and travel time (see Appendix A for details). Then, using the
tightened time windows, we compute k,q, the maximum number of times that vehicle v can
visit the distribution center for commodity group g, and the set of edges A, as described in
Section 4.1.

6.2 Postprocessing

After obtaining a solution, we perform postprocessing on it. As mentioned in Sections 4.4
and 5.3, we adjust the load change to obtain a valid solution if necessary. In addition, we
perform the following procedures to obtain a more natural solution for human while the
objective value is not changed.
Remove unnecessary visits to distribution centers. After visiting the distribution center
of group g for delivery, if no delivery request for g is served before the next visit to the
same distribution center, the first visit is unnecessary and thus removed. Similarly, if a
distribution center of group ¢ for pickup is visited twice, and no pickup request for g is
served in between, the second visit is unnecessary and thus removed.
Adjust the start time at each location as early as possible. If a vehicle leaves a location ¢
at time ¢, the start time at the next location j is updated to max{t + ¢;;, a;} unless j is
a distribution center for delivery requests with a maximum transportation time.
Adjust the tour start as late as possible. If a vehicle visits the first location j after the
depot at time ¢, then the tour start time is updated to ¢t — c,;.

6.3 Incremental Warm-Starting Strategy

While we have multiple commodities, a solution that ignores some of the commodities is still
valid because serving a request is optional. Therefore, instead of solving the problem at once,
we consider the following incremental warm-starting strategy:

1. Solve the problem considering only one commodity group and obtain a solution.

2. Repeatedly solve the problem with one more commodity group while giving the current
solution as an initial solution to a solver.

Typically, CP solvers and MIP solvers can take value assignments to decision variables as
hints. Given a solution, for each visited location, we can extract the arrival time, the previous
and next locations, the vehicle visiting it, the load of the vehicle, and the transportation time

erishable Tn our CP models, these values are used as hints

of each commodity group g € GP
for x5, 8iy Yrv, Zdv, lgi, and 74. For each unvisited location, we use Pres(d;) = L, z;; = L
Yro = L, and assign the lower bounds to the other variables. Similarly, for each vehicle v
used in the solution, we extract the start time, the end time, and the driver and use them as
hints for A\, and z4,. For unused vehicles, we set Pres()\,) = L and z4, = L and assign the

lower bounds to the others. We do a similar initialization for our MIP model.
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7 Experimental Evaluation

We evaluate the models with and without incremental warm-starting on a computer with two
Intel(R) Xeon(R) Silver 4214R CPUs (24 physical CPU cores in total) and 128 GB memory.
We use Gurobi 13.0.0 [12] for MIP and Google OR-Tools CP-SAT 9.14.6206 for CP with
their Python interfaces. For each instance, we run a solver using 24 threads and a 15-minute
time limit. The code and benchmark instances are attached as supplementary material.

7.1 Benchmark Instances

While we plan to apply our method to real-world problems, real data is confidential. Therefore,
we generate synthetic problem instances based on the prospective real-world application. We
provide a detailed explanation in Appendix B and show an overview in this section.

Our motivation is to use optimization for remote rural areas. We assume that there
exists a central area in which the single depot for all vehicles and distribution centers are
located. Then, we place rural areas, each of which has multiple locations. For each location,
we randomly assign a request for each commodity group. We highlight some of the instance
parameters (full details are presented in Appendix B).

There are three commodity groups, where groups 1 and 2 are for delivery, and group 3

is for pickup. Group 1 is for delivering meal, group 2 is for delivering packages, and

group 3 is for collecting packages. Group 1 is prioritized over group 2, and group 2 is
over group 3. Each delivery request for group 1 has a maximum transportation time of

30 minutes plus the direct travel time from the delivery center to the request location.

The road network is in the mesh topology, where remote areas are connected to several

neighbors. We observe similar trends in the models’ relative performance under the star

topology, in which remote areas are aligned along a line, and traveling to an area on a

different line requires passing through the central area (see Appendix C).

The number of remote areas is in {4,8,12,16}. The expected number of service requests

in each area is 11, resulting in approximately {44,88,132,176} requests in total. In

each area, the number of locations is uniformly sampled from [5,15]. For each location,

a request for group 1 is generated with a probability of 0.5, a request for group 2 is

generated with 0.5, and a request for group 3 is generated with 0.1 (multiple requests with

different groups can be assigned to the same location). Each service request in group 1

has a demand of 2 or 4, and each service request in groups 2 and 3 has a demand of 5.

The number of drivers is the number of areas times a factor in {%, %, 3}. The number of

vehicles equals the number of drivers. We have a six-hour planning time horizon, divided

into five-second intervals (4,200 intervals in total). One-third of the drivers can work for
any consecutive four hours, another one-third for the first three hours, and the remaining
one-third for the last three hours. All vehicles are available for all drivers throughout the

entire horizon. One-third of the vehicles have a capacity of 70, and the others have 40.
For each number of areas, we randomly generate five instances and consider three variants
with different numbers of drivers, resulting in 4 x 5 x 3 = 60 instances in total.

We consider the priority hierarchy between different groups: serving a single request
in group 14 is prioritized over serving all requests in group 7 + 1. All requests in the same
group have the same priority score. In incremental warm-starting, we first solve an instance
considering only group 1 using a 5-minute time limit. Then, we solve an instance with
groups 1 and 2 with a 5-minute time limit and the original instance with all commodity
groups with a 5-minute time limit. If the first or second iteration finishes before the time
limit, we extend the last iteration’s time limit by the remaining time.
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Table 5 Comparison of the two CP models in the average ratio of served requests for each
commodity group. “Warm” refers to a configuration using incremental warm-starting. For commodity
group 1, we bold the highest value among the evaluated methods. For commodity group i > 1, we
bold the highest value only if the method also achieves the highest values in each group j < i.

Circuit Circuit Warm No Circuit No Circuit Warm

F#areas #drivers 1 2 3 1 2 3 1 2 3 1 2 3

4 3 082 090 0.50 0.93 0.78 0.34 0.89 0.84 0.46 0.93 0.85 0.43
8 6 0.57 075 0.29 0.75 0.68 0.10 0.58 0.80 0.50 0.73 0.69 0.03
12 9 050 059 0.18 0.69 0.44 0.00 0.56 0.57 0.22 0.67 0.50 0.07
16 12 0.40 0.31 0.16 0.57 0.19 0.02 041 0.38 0.12 0.62 0.28 0.01
4 6 099 100 086 1.00 1.00 0.96 1.00 1.00 0.94 1.00 1.00 0.94
8 12 091 087 047 099 0.8 0.28 091 094 0.60 1.00 0.94 0.41
12 18 0.70 0.62 0.25 0.98 0.50 0.07 0.81 0.69 0.25 0.98 0.60 0.17
16 24 048 0.36 0.09 084 0.17 0.05 064 0.38 0.06 0.88 0.29 0.03
4 12 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
8 24 097 095 0.75 1.00 0.99 0.65 1.00 0.98 0.89 1.00 0.98 0.88
12 36 081 0.74 0.27 1.00 0.67 0.05 094 0.79 042 1.00 0.71 0.21
16 48 049 031 0.11 097 0.14 0.02 0.61 0.27 0.06 1.00 0.26 0.03

7.2 Experimental Results

We evaluate the ratio of served requests for each commodity group, which we are interested
in for our prospective application. This metric is proportional to the objective value for each
commodity group, and having a higher value in a higher priority group (e.g., group 1) is
better even if having lower values in lower priority groups (e.g., groups 2 and 3). We take
the average over the five instances with the same parameters.

Table 5 compares the two CP models: one with Constraints (2)—(12) (No Circuit) and
another with the circuit global constraint instead (Circuit). Without warm-starting, No
Circuit is better than Circuit, serving more requests in higher priority groups. Incremental
warm-starting almost always improves the performance, except for No Circuit with 8 areas
and 24 drivers. Comparing the two models with warm-starting, Circuit outperforms No
Circuit in four out of the twelve settings: 8 areas with 6 drivers, 12 areas with 9 drivers,
4 areas with 6 drivers, and 8 areas with 24 drivers. With 16 areas, Circuit is consistently
outperformed by No Circuit, possibly due to a longer time for constraint propagation.

Table 6 compares No Circuit and the MIP model. Incremental warm-starting is always
better for MIP. With or without warm-starting, No Circuit outperforms MIP, almost always
serving the same number of, or more, requests across all commodity groups on average.

Table 7 shows the number of optimally solved instances. In these instances, all requests
are served. Circuit without warm-starting solves one instance with 8 areas that is not solved
by Circuit with warm-starting. Otherwise, iterative warm-starting solves the same or more
instances. The CP models are better than MIP with or without warm-starting.

8 Conclusion

In this paper, we defined a variant of the team orienteering problem with time windows, exten-
ded with multiple commodities and realistic constraints motivated by a real-world application
in a home-delivery and pickup service for depopulated rural areas. We developed constraint
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Table 6 Comparison of MIP and CP (No Circuit) in the average ratio of served requests for
each commodity group. “Warm” refers to a configuration using incremental warm-starting. For
commodity group 1, we bold the highest value among the evaluated methods. For commodity group
i > 1, we bold the highest value only if the method also achieves the highest values in each group
7 <.

MIP MIP Warm No Circuit No Circuit Warm

#areas F#drivers 1 2 3 1 2 3 1 2 3 1 2 3

4 3 069 079 022 089 070 0.14 0.89 0.84 046 0.93 0.85 043
8 6 036 035 029 0.63 044 0.04 0.58 0.80 0.50 0.73 0.69 0.03
12 9 0.11 0.07 0.03 0.58 0.06 0.00 0.56 0.57 0.22 0.67 0.50 0.07
16 12 0.03 0.04 0.01 0.41 0.02 0.00 041 0.38 0.12 0.62 0.28 0.01
4 6 0.87 092 075 1.00 0.99 0.75 1.00 1.00 0.94 1.00 1.00 0.94
8 12 0.46 0.38 0.14 094 0.31 0.09 091 094 060 1.00 0.94 041
12 18 0.16 0.09 0.10 0.88 0.07 0.00 081 0.69 0.25 0.98 0.60 0.17
16 24 0.04 0.03 0.00 0.60 0.00 0.00 0.64 0.38 0.06 0.88 0.29 0.03
4 12 097 099 092 1.00 1.00 090 1.00 1.00 1.00 1.00 1.00 1.00
8 24 059 0.44 0.24 1.00 0.63 0.15 1.00 0.98 0.89 1.00 0.98 0.88
12 36 0.22 0.15 0.05 1.00 0.02 0.00 094 0.79 0.42 1.00 0.71 0.21
16 48 0.00 0.00 0.00 0.77 0.00 0.00 0.61 0.27 0.06 1.00 0.26 0.03

Table 7 Number of optimally solved instances per configuration. “Warm” refers to a configuration
using incremental warm-starting.

#areas Fdrivers MIP MIP Warm Circuit Circuit Warm No Circuit No Circuit Warm

4 4 0 0 0 1 1 1
4 6 1 3 2 4 3 3
4 12 3 4 5 5 5 5
8 24 0 0 1 0 1 1

programming (CP) and mixed-integer programming (MIP) models and demonstrated that CP
outperforms MIP in our experimental evaluation. In addition, our incremental warm-starting
strategy improves the performance of both approaches. This strategy is potentially useful to
solve optimization models for other routing problems involving multiple commodities. For
further performance improvement, we are considering using large neighborhood search [23],
where we fix a subset of a solution and solve the remaining part using our CP model.

While our current CP model maximizes the total weighted number of requests served, it
does not explicitly minimize the total travel distance. Considering multi-objective CP models
or minimizing the travel distance of each route in post-processing is worth investigating.

We are currently working to implement our approach in a real-world application. We will
use our problem as part of a complex problem, where we also consider deploying doctors
and nurses for home healthcare, transporting residents between rural and urban areas, and
providing on-demand bus services. We want to use the idle time of drivers and vehicles in
these services to serve delivery and pickup requests, and thus, we will solve the CP model
extended with constraints defined by existing routes.
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A Tightening Time Windows

Given an instance, we tighten the time windows. First, we tighten the time window [a,, b,]
for each vehicle v € V and [ag, bg] for each driver d € D.

[ay,by] [max {av, min ad} , min {bv, min de Yo ey
deD, deD,

[aq, ba) < [max {ad, min av} , min {bd, min bv}] Vvd € D.
vEVq veEVy

For the earliest arrival time at a distribution center for delivery, we consider the earliest
arrival time of a location that can be visited next. We exclude distribution centers for pickup
from the next locations because the request locations for such groups must be reachable
earlier. In addition, we consider the earliest arrival time from the depot using any vehicle.
For the latest arrival time, we consider the latest departure time to serve a request.

: deliver;
ag%max{ag, ai—sg—cgi,melgav+cvg} Vgeg y
v

min
i€R yURPickup(Odelivery\ O )
i delivery
by <+ min {bg,;rel%x br—sg—cgr} Vg eg .
g

For each delivery request location, we consider the earliest arrival time from the distribu-
tion center and the latest arrival time at the depot.

ay < max{a,,aq + sq+ cgr} Vg € glelivery . ¢ Ry
b, < min {br7 max by — 8 — CM} Vg € gaelivery v ¢ Ry.
veE

For the earliest arrival time at a distribution center for pickup, we consider the earliest
departure time from a request location. For the latest arrival time, we consider the latest
departure time at a previous location, excluding distribution centers for delivery, and the
latest arrival time at the depot.
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ag < max {ag, min a, + s, + crg} Vg € gpickup
r€ERy
bg <= min b max b; + s; + ¢jo,max b, — s, — ¢ Vg € gpickup,
g 9 iER jURdelivery J(Opickup\ O, ¢ 4 v ey Y g gv g

For each pickup request, we consider the earliest departure time from the depot and the

latest arrival time to the distribution center.

B

a, < max {ar7 mi{}l a, + cw} Vg € GPickuP vy ¢ Ry
ve
by < min {b,,by — S, — ¢rg} Vg € GPikuP vy ¢ Ry.
Benchmark Instances

We explain the procedure to generate the benchmark instances.

B.1 Areas

We have a single central area and multiple remote areas. Each area is a circle in a 2-

dimensional Euclidean space, and we randomly generate request locations within the circle.

The travel time between locations in the same area is the Euclidean distance rounded up to

an integer. The travel time between locations i and j in different areas A and B is the sum
of the travel time between ¢ and the center of A, the travel time between A and B, and the
travel time between the center of B and j. The travel time between different areas depends
on the topology.

For the mesh topology, we generate remote areas as follows:

. Place the central area at the origin (0,0) of a 2-dimensional Euclidean space.
. Place a remote area at a randomly selected position so that its Euclidean distance from

any area is between [tmin, tmax], and its distance from the origin is at most torigin. Repeat
it until nyax areas are generated.

Construct a graph where each node is an area and is connected to its k-nearest neighbors
with the Euclidean distance, and the edge weight is the Euclidean distance between the
areas corresponding to the nodes rounded up to an integer.

The travel time between two areas is the shortest path cost between the corresponding nodes

in the graph.

3.
4,

For the star topology, we generate remote areas as follows:

. Maintain a list of road lines (L, ..., L, ), where each road line L; is a sequence of areas

(A0, Ai1y ooy Aim), and A;g is the central area. Originally, we have an empty list (n = 0).

. Create a new road line L, 41 = (Ap+1,0) with the probability of n%ﬂ where n' is the

number of existing road lines with less than my,x remote areas. Otherwise, select an
existing one L; with less than m,x remote areas with the probability of %

Add a new remote area to the created or selected road line.

Repeat 2 and 3 until ny,x remote areas are generated.

The travel time between areas is defined as follows:

The travel time cj‘rje? e+l between two remote areas A;; and A; ;11 on the same road line
1%, 2,
.1 ) area __ narea
L; is sampled from [tmin, tmax|, and e = O

The travel time ik between areas A;; and A;; on the same road line L; with j < k is

k71 area area
1=5 Cilil+1s and cfy

The travel time ¢

area area
iji0 T Ciiirj-

p— Carea
ij — Cijik
S between different areas on different load lines L; and L, is
c
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We discretize time into five-second intervals, and the radius of each area is 60 (five
minutes). In the central area, we have the single depot for all vehicles and the distribution
centers for all commodity groups. For each remote area, the number of request locations
is uniformly sampled from [5,15]. We use nmax € {4,8,12,16} and [tmin, tmax] = [120, 240]
(the travel time between areas is 10 to 20 minutes). For the star topology, we use mmpax = 3.
For the mesh topology, we use torigin = 3tmax and k = 2.

B.2 Requests

For each request location, we generate a request for each commodity group ¢ with the
probability of p;. We use three commodity groups: group 1 for delivery with p; = 0.5,
group 2 for delivery with po = 0.5, and group 3 for pickup with p3 = 0.1.

Group 1 is for delivering meal. We consider the time horizon of six hours from 9 am (9:00)
to 3 pm (15:00). The distribution center is open for pickup from 10:00 to 12:00, and each
request location is open for delivery from 11:00 to 13:00. The maximum transportation time
is 30 minutes plus the travel time between the distribution center and the request location.
The demand at each location is uniformly sampled from {2,4}.

Group 2 is for delivering packages. The distribution center is open for pickup from 9:00 to
15:00, and each request is open for delivery for two hours, where the start time is uniformly
sampled from {09 : 00,09 : 30,...,12: 30,13 : 00}. The demand at each location is 5.

Group 3 is for collecting packages. The distribution center is open for delivery from 9:00
to 15:00, and each request is open for pickup for two hours, where the start time is uniformly
sampled from {09 : 00,09 : 30,...,12: 30,13 : 00}. The demand at each location is 5.

In all commodity groups, the distribution center requires a service time of five minutes,
and each request requires a service time of two minutes. The priority score for each service
request in group 3 is 1. The priority score for each service request in group 2 is n3 + 1, where
ng is the number of service requests in group 3. The priority score for each service request in
group 1 is na(ng + 1) + n3 + 1, where no is the number of service requests in group 2.

B.3 Drivers and Vehicles

We consider the following three drivers and three vehicles as one unit.

A driver available from 9:00 to 15:00 with a maximum working time of four hours.

A driver available from 9:00 to 12:00.

A driver available from 12:00 to 15:00.

A car with a capacity of 70 available from 9:00 to 15:00.

Two cars with a capacity of 40 available from 9:00 to 15:00.
Given the number of areas n, we consider a situation where % units are available, 5 units
are available, and n units are available, resulting in the number of drivers in {‘%", 37", 3n}.
All cars are available for all drivers.
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C Experimental Evaluation Under the Star Topology

We show experimental evaluation results using the instances with the star topology in
Tables 8-10. The overall tendency is similar to that of the mesh topology.

Table 8 Comparison of the two CP models in the average ratio of served requests for each

commodity group. “Warm” refers to a configuration using incremental warm-starting. For commodity
group 1, we bold the highest value among the evaluated methods. For commodity group i > 1, we
bold the highest value only if the method also achieves the highest values in each group j < i.

Circuit Circuit Warm No Circuit No Circuit Warm

#areas #drivers 1 2 3 1 2 3 1 2 3 1 2 3
4 3 0.73 0.86 0.45 0.84 0.74 0.33 0.70 0.85 0.69 0.83 0.73 0.38
8 6 059 0.66 0.22 0.79 0.58 0.05 0.66 0.68 0.22 0.76 0.61 0.00
12 9 048 0.53 0.18 0.70 0.49 0.03 0.56 0.60 0.20 0.72 0.47 0.05
16 12 041 0.38 0.13 0.66 0.26 0.11 0.53 0.38 0.05 0.72 0.23 0.00
4 6 097 1.00 0.89 1.00 0.98 0.80 098 0.97 0.92 1.00 1.00 0.92
8 12 0.82 0.86 0.34 0.99 0.83 0.17 0.92 0.89 0.54 0.99 0.91 0.36
12 18 0.74 0.60 0.25 0.97 0.48 0.10 0.83 0.63 0.20 0.98 0.69 0.11
16 24 0.52 0.37 0.13 095 0.26 0.01 0.69 0.36 0.07 0.98 0.33 0.04
4 12 1.00 1.00 0.96 1.00 1.00 0.95 1.00 1.00 1.00 1.00 1.00 1.00
8 24 097 094 0.60 1.00 0.96 0.40 1.00 0.99 0.92 1.00 0.99 0.69
12 36 0.76 0.64 0.38 1.00 0.65 0.17 0.96 0.66 0.25 1.00 0.81 0.20
16 48 0.39 0.31 0.19 1.00 0.23 0.01 0.58 0.26 0.07 1.00 0.43 0.11

Table 9 Comparison of MIP and CP (No Circuit) in the average ratio of served requests for
each commodity group. “Warm” refers to a configuration using incremental warm-starting. For
commodity group 1, we bold the highest value among the evaluated methods. For commodity group
i > 1, we bold the highest value only if the method also achieves the highest values in each group

J <.
MIP MIP Warm No Circuit No Circuit Warm
#areas #drivers 1 2 3 1 2 3 1 2 3 1 2 3
4 3 0.55 0.68 054 0.77 0.67 023 0.70 0.85 0.69 0.83 0.73 0.38
8 6 0.33 0.33 0.14 0.68 0.39 0.00 0.66 0.68 0.22 0.76 0.61 0.00
12 9 0.08 0.11 0.02 0.61 0.05 005 0.56 0.60 0.20 0.72 0.47 0.05
16 12 0.03 0.01 0.03 0.51 0.01 0.00 0.53 0.38 0.05 0.72 0.23 0.00
4 6 081 090 0.71 1.00 0.93 053 098 0.97 0.92 1.00 1.00 0.92
8 12 0.27 0.24 0.12 0.98 0.17 0.00 0.92 0.89 0.54 0.99 0.91 0.36
12 18 0.17 0.11 0.19 091 0.03 0.00 0.83 0.63 0.20 0.98 0.69 0.11
16 24 0.01 0.00 0.00 0.71 0.00 0.00 0.69 0.36 0.07 0.98 0.33 0.04
4 12 0.96 095 0.71 1.00 1.00 0.77 1.00 1.00 1.00 1.00 1.00 1.00
8 24 047 0.30 0.27 1.00 0.41 0.09 1.00 0.99 0.92 1.00 0.99 0.69
12 36 0.12 0.10 0.12 1.00 0.06 0.00 096 0.66 0.25 1.00 0.81 0.20
16 48 0.00 0.00 0.00 0.88 0.00 0.00 0.58 0.26 0.07 1.00 0.43 0.11
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Table 10 Number of optimally solved instances per configuration. “Warm” refers to a configuration
using incremental warm-starting.

#areas Fdrivers MIP MIP Warm Circuit Circuit Warm No Circuit No Circuit Warm

4 4 0 0 0 0 0 0
4 6 1 2 3 4 2 4
4 12 0 0 4 3 5 5
8 24 0 0 1 0 1 0
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