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a b s t r a c t 

This paper addresses a special vehicle routing problem, which extends the classical problem by consid- 

ering the time window and synchronized-services constraints. A time window is associated with each 

client service and some services require simultaneous visits from different vehicles to be accomplished. 

This problem has many practical applications such as caregiver scheduling problem encountered in the 

home health care industry. The synchronization constraints in this problem interconnect various vehicles’ 

routes, making the problem more challenging than standard vehicle routing problem with time windows, 

especially in designing neighborhood search-based methods. A mixed-integer programming model is pro- 

posed for the problem. Motivated by the challenge of computational time, an efficient Adaptive Large 

Neighborhood Search heuristic is proposed to solve the problem. The approach is evaluated on bench- 

mark instances acquired from the literature and new large-scale test instances first generated in this 

paper. The numerical results indicate that our solution method is able to outperform existing approaches. 

© 2018 Elsevier Ltd. All rights reserved. 
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1. Introduction 

The vehicle routing problem (VRP) is a practical and central

issue in a broad range of application systems, including distribu-

tion, transportation, healthcare, and supply chains. The classical

VRP can be simply defined as the problem of designing least-cost

delivery routes from a depot to a set of geographically scattered

customers, subject to side constraints. In practice several variants

of the VRP exist because of the diversity of operating rules and

constraints encountered in real-life applications. In this paper, we

focus on a particular variant of the VRP, the vehicle routing prob-

lem with time windows and synchronized visits (VRPTWSyn) . In this

problem, many vehicles start from one depot and go to service a

set of geographically scattered customers such that each customer

is visited only once within a given time interval (time window).

More importantly, differs from the classical VRP with time win-

dows, some customers need synchronized services, which means

such customers must be served by two or more vehicles simulta-

neously at the same start time. Such customer is called “synchro-

nized services customer ” in this paper. Clearly, the synchronized ser-

vice interconnects the routes of the vehicles; it makes this special

vehicle routing problem more challenging to be tackled. 
∗ Corresponding author. 
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The VRPTWSyn has many practical applications. For example,

ome Health Care (HHC) is a fast-growing medical service in-

ustry, which provides medical and paramedical services for cus-

omers at their homes. Each day the HHC company schedules the

aregivers to visit and serve customers who need HHC services.

he service routes for caregivers to complete services is similar to

he vehicle routes in the VRP. Note in some HHC services, for ex-

mple, transferring a customer with a lift between the bed and

he wheel chair, the operations require more than one caregiver to

e accomplished. Therefore, in such case the HHC crew scheduling

roblem can be formulated as the VRPTWSyn. 

Clearly, the VRPTWSyn can be seen as an extension of the

RP with time windows (VRPTW). Because the VRPTW is a fa-

ous NP-hard combinatorial optimization problem and only rela-

ively small instances of the VRPTW can be solved optimally within

hort computing times ( Desaulniers et al., 2008 ), we focus on de-

ising a heuristic to address the VRPTWSyn. However, the syn-

hronization constraints make the problem extremely difficult to

olve using traditional neighbourhood search heuristics. As noted

y Rousseau et al. (2013) , if the insertion of a special customer

nto a route would delay a synchronized-services customer i , all

ater customers involved in the second route (who also visits cus-

omer i ) will also be delayed. This high number of interconnec-

ions between routes means that to insert a customer one might

ave to recalculate the visit time of every customer already sched-

led. Constraint programming-based heuristics have been designed

https://doi.org/10.1016/j.cor.2018.08.002
http://www.ScienceDirect.com
http://www.elsevier.com/locate/cor
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N  

s  

n  
o solve this problem because constraint programming provides

n easy way to express the synchronization constraints ( Rousseau

t al., 2003, 2013 ). With the goal of obtaining a high quality solu-

ion in a short time, in this paper we design special methods to

ddress the aforementioned difficulty. Then, based on these meth-

ds, we build an Adaptive Large Neighbourhood Search (ALNS) al-

orithm to efficiently address this VRPTWSyn problem. Numerical

xperiments show that the ALNS algorithm proposed in this paper

an produce satisfactory solutions within an acceptable execution

ime. 

The rest of this paper is organized as follows. Section 2 intro-

uces the relevant literature. A mathematical programming formu-

ation for the VRPTWSyn is developed in Section 3 . Section 4 pro-

oses an ALNS algorithm to solve the problem. Computational

esults are reported in Section 5 . Finally, conclusions are presented

n Section 6 . 

. Literature review 

Compared with the standard VRP that have been the subject

f intensive study for more than fifty years, there are much fewer

orks on the VRP with synchronization constraints. Rousseau et al.

2003, 2013) study a synchronized VRP with time windows, in

hich a twice-visited customer specifies precedence constraints

n two visits provided by different vehicles. Constraint Program-

ing is used in these two papers to model and solve the problem

ecause this method provides an easy implementation path for

pecifying synchronization constraints. Eveborn et al. (2006) first

ncorporate synchronization constraints into the HHC caregivers

cheduling and routing model. The synchronization defined in this

ork requires two caregivers to visit and service some patients at

he same time. The Master’s thesis by Thomsen (2006) also con-

ider the same synchronization constraints in their HHC worker

cheduling problems. Bredström and Rönnqvist (2008) extend the

ynchronization constraints to temporal precedence constraints be-

ween customer visits. The authors present a mathematical model

or the problem and propose an optimization-based heuristic.

gain, HHC is taken as an application area and three optimization

bjectives are considered: the first is to minimize the total travel

ime; the second is to maximize the sum of preferences, this is

ue to the fact that each client may like or dislike being served

y a specific caregiver; and the third is to minimize the differ-

nce between the longest and the shortest service times among

he caregivers in order to optimize the workload balance. The au-

hors generate benchmark test instances and test their heuristic on

uch instances. The same authors ( Bredstrom and Rönnqvist, 2007 )

lso propose a branch-and-price algorithm for the same problem.

n the root node, the synchronization constraints are relaxed and

he linear model is basically a set partitioning formulation. During

he solving steps, the constraints are strengthened with a branch-

nd-bound. The algorithm is test on the benchmark instances of

redström and Rönnqvist (2008) . Dohn et al. (2009) also propose

 branch-and-price framework to solve the VRP with synchroniza-

ion constraints. In their work the HHC is taken as an application

ackground, but the test instances originating from airport opera-

ions are used for numerical experiments. Rabeh et al. (2011) ad-

ress planning and scheduling two caregivers’ visits in the con-

ext of HHC services, in which one patient may require separate

isits from both caregivers but in a predefined order. The prob-

em is formulated as a mixed integer programming model and is

olved by the Lingo solver. Dohn et al. (2011) present a general-

zation of VRPTWSyn, which is called the vehicle routing problem

ith time windows and temporal dependencies. In addition to the

tandard synchronization, more general temporal dependencies are

onsidered, such as the maximum difference and minimum differ-

nce between the starting time or ending time of two visits. A
ophisticated branch-and-cut-and-price algorithm is proposed to 

olve the generalized problem and is tested on a set of in-

tances derived from the well-known Solomon VRPTW bench-

ark. Later on, Rasmussen et al. (2012) study the routing prob-

em under the background of HHC, in which synchronization is

lso extended to five types of temporal dependencies. The authors

odel the problem as a set partitioning problem with side con-

traints and develop an exact branch-and-price solution algorithm.

he algorithm is tested both on real-life HHC problem instances

nd on generated test instances inspired by realistic settings.

addadene et al. (2014) address the HHC routing problem with

ynchronization constraints using a Greedy Randomized Adaptive

earch procedure, in which the search is limited in the feasible so-

ution space and time window constraints can be checked in O(1)

ime by keeping some additional variables in memory. Fikar and

irsch (2015) introduce a solution procedure for daily planning of

HC providers that operate multiple vehicles to deliver nurses to

lients’ homes and pick them up after service has been provided.

he interdependencies, the possibility of walking to clients’ loca-

ions, time windows, and assignment constraints are considered

imultaneously. Afifi et al. (2016) also study the VRPTWSyn de-

ned in this paper. The authors propose a Simulated Annealing

SA) algorithm to the problem and test their algorithm on the stan-

ard instances of Bredström and Rönnqvist (2008) . Their algorithm

btains the highest quality solutions in a shorter time compared

o previous approaches ( Bredström and Rönnqvist, 20 07, 20 08 ).

edjem and Marcon (2016) address the HHC caregivers routing

nd scheduling problem, in which the visits to a patient are per-

ormed simultaneously and possibly in a predefined order. The au-

hors design a two-stage heuristic, which sequentially tasks un-

il all temporal constraints are satisfied. Fikar et al. (2016) pro-

ose a flexible discrete-event driven metaheuristic for the dynamic

outing and scheduling problem with synchronization constraints

f HHC operations. The algorithm efficiently solves HHC routing

roblems, facilitating trip sharing and walking in dynamic environ-

ents. Drexl (2012) presents an exhaustive survey of applications

f VRP with various synchronization constraints, in which general

erspectives of temporal constraints for vehicle routing problem

re analysed. 

In addition to the VRP and HHC-related applications, synchro-

ization requirements are also studied for the arc routing prob-

em (ARP). Salazar-Aguilar et al. (2012) investigate synchronized

RP for snowploughing operations in Canada where some street

r road segments have multiple lanes and must be ploughed si-

ultaneously by several snowploughing vehicles. A mixed integer

rogramming formulation and an adaptive large neighbourhood

earch heuristic are proposed for this special problem. For more

elated synchronized ARP studies, interested readers are referred

o Laporte (2016) . 

To summarize, some exact and heuristic algorithms have been

roposed for the VRP with synchronization constraints and even

ore generalized temporal dependencies constraints. Because of

he challenges of problem size and computational time, neighbour-

ood search-based methods have great potential as competitive

pproaches for real-life scale problem. However, only a few neigh-

ourhood search-based methods are designed for the VRPTWSyn.

otivated by the potential applications, in this paper, we propose

n efficient and effective ALNS algorithm to solve the VRPTWSyn

nd test its performances with existing algorithms. 

. Mathematical formulation 

The VRPTWSyn is defined on a directed graph G , where

 1 = {1,…, n 1 } is the set of nodes representing customers with a

ingle service requirement, N 2 = { n 1 + 1,…, n 1 + n 2 } is the set of

odes representing customers who require synchronized services,
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and N = N 1 ∪ N 2 representing the set of all customers. The graph

G = ( V, A ) consists of the nodes V = {0, n 1 + n 2 + 1} ∪ N and arc set

A = {( i, j ): i, j ∈ V, i � = j }, in which nodes 0 and n 1 + n 2 + 1 represent

the origin and destination nodes, respectively. Each customer i ∈ N

requires a service time τ i . For each customer i ∈ N a time window

[ a i , b i ] is defined, which specifies the earliest and the latest possi-

ble start service time for customer i , respectively. Each arc ( i, j ) ∈ A

is associated with a travel time t ij . We define t ii = ∞ for all i ∈ V and

define t 0 , n 1 + n 2 +1 = 0 . 

Let K be the set of vehicles. The service route of each vehicle

k ∈ K initially starts at node 0 and ends at node n 1 + n 2 + 1. Each

vehicle can execute one service route and has a service duration H

due to maximum work hours. We also give a unified time window

[ a 0 , b 0 ] to nodes 0 and n 1 + n 2 + 1 with b 0 –a 0 = H . This represents

the earliest and latest times when the vehicle may leave from and

return to the depot. 

A fixed cost ζ k is incurred each time a vehicle leaves depot

to serve customers. When a vehicle does not work on a particu-

lar day, the company will not pay its fixed cost. In terms of the

travel costs between different nodes, it is assumed to be equal to

the travel time between nodes. The total operating cost of a vehicle

equals the sum of the fixed cost and travel costs. The VRPTWSyn

consists of determining a set of routes that minimizes the operat-

ing costs of all the vehicles such that, (1) each customer is served

by one or more synchronized vehicles according to his/her require-

ments, and (2) each route satisfies the time window constraints on

each node. 

To simplify the problem and the mathematical model, the

VRPTWSyn is transformed into an equivalent problem as follows.

For each customer i ∈ N 2 with two or more service requirements, we

generate one or more fictive customers according to the number of

his/her requirements. For example, if customer i has two require-

ments, then only one fictive customer i ′ is generated to the origi-

nal customer i; customers i and i ′ have the same locations, service

duration and time windows. In such case, we define t i,i ′ = t i ′ , i = ∞ ,

t i ′ , j ′ = t i,j for all i, j ∈ N 2 and define t i ′ , j = t i,j and t j,i ′ = t j,i for all i ∈ N 2 ,

j ∈ V . If customer i has three requirements, then two fictive cus-

tomer i ′ and i ′ ′ are generated, the travel times are defined simi-

larly, and we additional define that t i ′ , i ′ ′ = t i ′ ′ , i ′ = ∞ . We refer the

set of all fictive customers to N 2 
′ . For notation convenience, we de-

fine V 

′ = V ∪ N 2 
′ to be all the nodes and define N 

′ = N ∪ N 2 
′ . Finally,

we denote the set of synchronizations P sync ; for each pair of syn-

chronized customers i, j ∈ N 

′ we let ( i, j ) ∈ P sync . The MIP formulation

for the VRPTWSyn is built as follows. 

• Decision variables: 

x ijk : if vehicle k visits and serves customer i and travels directly

to customer j, x ijk = 1; otherwise, x ijk = 0; 

u i : starting time of service for node i ; 

• Objective: 

Min 

∑ 

i ∈ V ′ 

∑ 

j∈ V ′ 

∑ 

k ∈ K 
t i j x i jk + 

∑ 

j∈ N′ 

∑ 

k ∈ K 
ζk x 0 jk (1)

• Constraints: 
∑ 

k ∈ K 

∑ 

j∈ V ′ 
x i jk = 1 ∀ i ∈ N′ (2)

∑ 

j∈ V ′ 
x 0 jk = 1 ∀ k ∈ K (3)

∑ 

j∈ V ′ 
x j, n 1 + n 2 +1 ,k = 1 ∀ k ∈ K (4)

∑ 

j∈ V ′ 
x j ik = 

∑ 

j∈ V ′ 
x i jk ∀ i ∈ N′ , k ∈ K (5)
u i + τi + t i j ≤ M × (1 − x i jk ) + u j ∀ i, j ∈ V ′ , k ∈ K (6)

a i ≤ u i ≤ b i ∀ i ∈ V ′ (7)

u i = u j ∀ (i, j) ∈ P sync (8)

x ijk ∈ { 0 , 1 } ∀ i, j ∈ V ′ , k ∈ K (9)

The objective function (1) minimizes the total operating costs

f all vehicles. The first term of (1) represents the travel costs of

ll vehicles, and the second term is the total fixed costs of vehi-

les. Constraint (2) ensures all customer services are covered. Con-

traints (3) and (4) guarantee that each route starts from and ends

t the depot. Constraint (5) ensures the flow balance of the vehicle,

.e., if a vehicle visits and serves a customer it must also leave this

ustomer. Constraints (6) and (7) impose the time window con-

traints for each customer and each vehicle. Constraint (8) ensures

he synchronized services. Constraint (9) guarantees that the deci-

ion variables x ijk are binary. 

As explained in Sections 1 and 2 , the VRPTWSyn is a highly

omplex NP-hard problem because it covers the classical VRPTW

s a special case. The above MIP formulation can be used only to

olve small-scale problems. For example, we found that when the

ormulation was implemented in Cplex 12.6 solver for some test

nstances containing only 30 customers, Cplex could not provide

 feasible solution even after running for 60 hours. For these rea-

ons, we propose a metaheuristic algorithm to address large-scale

roblems. 

. Solution method 

In this section, we describe the ALNS algorithm developed for

he VRPTWSyn. The ALNS starts from an initial solution. Then, a re-

oval method is selected to remove q customers from the current

olution and an insertion method is chosen to insert them back

nto the current solution. The removal and insertion methods are

ynamically selected by a roulette wheel mechanism according to

heir past performances. The new neighborhood solution yielded

y these methods is accepted as the new current solution for the

ext ALNS iteration if it satisfies a simulated annealing-based ac-

eptance criteria. The ALNS stops after a certain number of iter-

tions. Compared to previous studies, our ALNS algorithm allows

ntermediate infeasible solutions to enhance its searching abil-

ty. Furthermore, as noted previously, because the synchronization

onstraints make this problem difficult to solve using traditional

eighborhood search-based methods, we design special methods to

ackle the interconnections among vehicle routes. 

.1. Search space and initial solution 

In ALNS both feasible and infeasible solutions are allowed. A

olution s is evaluated by an augmented cost function: 

f (s ) = c ( s ) + αP 1 ( s ) + βP 2 ( s ) (10)

here c ( s ) is the operating cost defined by expression (1) , P 1 ( s )

nd P 2 ( s ) denote the total violations of the customers’ time win-

ows, the working duration of vehicles of solution s , respectively;

and β are penalization parameters. Two terms P 1 ( s ) and P 2 ( s )

re defined as follows: 

 1 = 

∑ 

i ∈ N′ [ u i − b i ] 
+ 

(11)

 2 = 

∑ 

k ∈ K [ B k − b n 1 + n 2 +1 ] 
+ 

(12)
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Fig. 1. Example of insertion operator evaluation in ALNS. 
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here x + represents max{0, x }, and B k represents the arrival

ime of vehicle k at node n 1 + n 2 + 1. If solution s is feasible,

 1 ( s ) = P 2 ( s ) = 0 and f ( s ) coincides with c ( s ). According to this defi-

ition, the ALNS search process contains a mix of feasible and in-

easible solutions to reduce the probability of becoming trapped

n a local solution. During ALNS search process, parameters α and

self-adjust to facilitate the search space exploration. They are

nitialized with α0 and β0 and are limited within intervals ( αmin ,

max ) and ( βmin , βmax ), respectively. The values of these parame-

ers are increased or decreased throughout the iterations. At the

nd of one ALNS iteration, if the incumbent solution is feasible,

arameter α is divided by factor 1 + ϕ1 . If the incumbent solu-

ion is infeasible, it is multiplied by 1 + ϕ2 while the time window

onstraints are satisfied, and 1 + ϕ1 otherwise. Parameters β is ad-

usted according to the same rules. 

.2. Evaluation of a solution 

The underlying operator of ALNS removes (destroys) and inserts

repairs) a number of customers from the current solution itera-

ively with the goal of improving the solution. The evaluation of

 new solution is critical to the complexity of the algorithm. In

his section we discuss the evaluation of a solution when ALNS re-

oves or inserts a customer from this solution. 

When a customer is inserted into or removed from the current

olution s , the change in generalized cost f ( s ) is computed to eval-

ate this operator. As shown in expression (10) , f ( s ) is the sum of

he operating cost c ( s ) defined by expression (1) and the penal-

ies of constraint violations P 1 ( s ) and P 2 ( s ). Clearly, a change to c ( s )

ue to an insertion and removal move can be computed in O (1)

ime. In terms of the time windows and working duration penal-

ies P 1 ( s ) and P 2 ( s ), in the classical VRPTW after inserting/removing

 customer into/from a route, only the start service times of the

ubsequent customers served later in this route should be up-

ated ( Cordeau et al., 2001 ). After determining the service time

or each customer, P 1 ( s ) and P 2 ( s ) are obtained. However, in our

roblem the insertion/removal of a customer into/from a route not

nly changes the subsequent customers in this route, but may also

hange other routes because of the synchronization constraints. We

ropose a simple method to compute the service times of cus-

omers and the total violations of P 1 ( s ) and P 2 ( s ), as follows. 

At the first step , for solution s we use a “sequence vector” g

o record the service order of all the synchronized-services cus-

omers. As illustrated in Fig. 1 , the top part shows a solution with

hree routes, k, k ′ and k ′ ′ , in which j, l and m are synchronized-

ervices customers. We assume their start service times are 9:00,

:30 and 10:00, respectively. Thus, their service order is “l-j-m ”. At

he second step , when a customer (single or synchronized-services

ustomer) is inserted into or removed from one or two routes, we

pdate the visit times in the modified route(s). For example, as

hown in the middle part, a single service customer i has been in-

erted into route k between the synchronized-services customers

 and j ; we update the visit times of customers in route k . Note

hat at this step, we do not consider the interconnections caused

y synchronized-services customers. For instance, customer j is vis-

ted by two routes: k and k ′ ; now we only postpone his/her visit

ime to 9:30 in route k . Then, at the third step , based on vector g

e check and adjust the visit times for each synchronized-services

ustomer, i.e., when the visit times for a synchronized-services

ustomer in two routes are different, we adopt the maximal one

s the synchronized visit time and update the following customers

n the adjusted route. For example, vector g is now “l-j-m ”; clearly,

ustomer l has the same synchronized start times (8:30). Next, cus-

omer j now has two different times (9:30 in k and 9:00 in k ′ ),
o his/her visit time in k ′ is postponed to 9:30 and the visit time

or customer m in k ′ is also postponed to 10:30. We move on to
xamine the last customer in g , customer m and find out that

is/her visit time in k ′ ′ must be postponed to 10:30. Now, all the

isit times have been adjusted and we have completed the viola-

ion of time window constraints. Note that when a synchronized-

ervices customer is inserted/removed into/from current solution,

he sequence vector must also be updated. 

For the first and second steps, clearly the computation is in

 (| N |) time. At the third step, given that there may be a maximum

f | N 2 | customers in the sequence vector and a maximum of | N |

ustomers’ visit times are adjusted for each customer in the se-

uence vector, we can compute the entire time window violation

n O (| N 2 | × | N |) time. Although the time complexity of the evalua-

ion of a solution is not high, we should point out that if an inser-

ion or remove move only changes a few routes, we do not have

o recalculate the other routes. One special case is when a move

hanges only one route, for example, inserting a single service cus-

omer when there are no interconnections among routes, we only

alculate the cost of this route. 

.3. Prohibiting cross synchronization 

Due to the synchronized-services requirements, in terms of an

nsertion operator, we must prohibit “cross synchronization” in the

esulting solution. For example, suppose vehicle k visits customer

 and then customer j sequentially, and vehicle k ′ visits customer

 then w in his/her route. Let us further suppose that customers

 and w represent the same customer who requires synchronized

ervices, and that z and j also represent a synchronized-services

ustomer. In such cases, it is impossible to visit customers i and

 at exactly the same time, even if time window constraints are

elaxed for customers. To avoid such cases, we use a | N 2 | × | N 2 |

quare matrix Ω to record the visit sequence among each pair of

ynchronized services customers. For example, as shown in Fig. 2 ,
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Fig. 2. Example of cross synchronization check. 

Fig. 3. Checking cross synchronization when inserting a synchronized-services cus- 

tomer. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Algorithm 1 

Construct matrix Ω . 

1 Set k = 0; 

2 While k ≤ | K | do 

3 Select each pair of synchronized-services customers ( i, j ) in route k ; 

4 If i is served before j then Ω [ i, j ] = 1; otherwise Ω [ i, j ] = 0; 

5 For each synchronized-services customers i in this route, set Ω [ i, i ] = 1; 

6 End while 

7 Do 

8 For each customer i ∈ N 2 do 

9 For each customer j ∈ N 2 , i � = j do 

10 If Ω [ i,j ] = 0 do 

11 For each customer l ∈ N 2 , l � = i and l � = j do 

12 If Ω [ i,l ] = 1 and Ω [ l,j ] = 1 then Ω [ i,j ] = 1; 

13 End for 

14 End if 

15 End for 

16 End for 

17 Until Ω is not updated 

t  

l

 

t  

t

4

 

r  

r  

a  

r  

t  

r  

r  

b

4

 

I  

s

4

 

t  

r  

c  

p  

n  

t

R  

w  

s  

m  

i  

N  

m

4

 

s  

p  

v  

a  

t  
in route k , customer i is visited before customer j ; consequently,

in matrix Ω , corresponding Ω [ i, j ] equals 1, otherwise it equals 0.

Note that such visit sequences can be transferred between various

routes. For example, in Fig. 2 , suppose customer j is also visited by

route k ′ , then customer h in route k ′ is also regarded as being vis-

ited after i despite the fact that they are not visited by the same

route. The corresponding value of Ω [ i, h ] equals 1. 

4.3.1. Checking for cross synchronization 

When a single service customer is inserted into the incum-

bent solution, we do not need to check for cross synchronization.

However, when attempting to insert a synchronized-services cus-

tomer into two routes simultaneously, we must ensure the inser-

tion does not cause cross synchronization. For example, as shown

in Fig. 3 , consider the insertion of a synchronized-services cus-

tomer l into two routes k and k ′ . Let us denote customer j as the

first synchronized-services customer in route k preceding the in-

sertion position of l , and h as the first synchronized-services cus-

tomer in k following the insertion position of l . Similarly, let us

denote z and w as the first synchronized-services customers be-

fore and after the insertion position of l in route k ′ , respectively.

We should check whether Ω [ h, z ] or Ω [ w, j ] equals 1. If either one

of them equals 1, this insertion is forbidden due to cross synchro-

nization. Otherwise, this insertion is valid. 

4.3.2. Construct and update matrix Ω 

For a solution s we must initialize the corresponding matrix Ω .

First, we let Ω be a | N 2 | × | N 2 | empty matrix. Then, we construct Ω

with Algorithm 1 . In steps 1–6, we address each vehicle route in-

dependently, and in steps 7–17 we check the visit sequence among

each pair of synchronized-services customers who may depend on

two different routes. The computation time of the construction of

matrix Ω is O (| N 2 | 
3 ). 

After a synchronized-services customer has been inserted into a

solution, matrix Ω must be updated. For example, after customer l

has been inserted into routes k and k ′ , we update matrix Ω as fol-

lows. First, because in route k the immediate synchronized-services

customer following customer l is h , the customers visited after h

must now be visited after l . Thus, we update line l of Ω , i.e., for

each column i of Ω , if Ω [ h, i ] is 1 we set Ω [ l, i ] equal 1; otherwise

Ω [ l, i ] equals 0. Similarly, due to the visit sequence in route k ′ , for

each column i, if Ω [ h ′ , i ] is 1 we also set the value of Ω [ l, i ] equal

to 1. Next, because in route k the immediate synchronized-services

customer preceding l is j , the customers visited before j must now

be visited before l . We update column l of Ω , i.e., for each line i of

Ω , if Ω [ i, j ] is 1, we set Ω [ i, l ] equal to 1; otherwise Ω [ i, l ] is set
o 0. Similarly, considering the visit sequence in route k ′ , for each

ine i if Ω [ i, j ′ ] is 1 we also set Ω [ i, l ] equal to 1. 

When a removal operator has been selected and some cus-

omers are removed from the solution, we update the matrix using

he construction procedure for matrix Ω . 

.4. Initial solution 

We use a simple procedure to generate an initial solution. We

andomly select a customer and insert this customer into the cur-

ent solution at the position that minimizes the increase in the

ugmented cost function (10) . This cheapest insertion procedure is

epeated until all the customers are inserted into the solution. Note

hat at each step the customer can be inserted into a non-empty

oute or inserted into an empty route if a free vehicle (empty

oute) is still available. Obviously, we cannot guarantee the feasi-

ility of this initial solution. 

.5. Customer removal methods 

We now present the customer removal methods used in ALNS.

n each removal method q customers are removed from the current

olution. 

.5.1. Related removal 

Our related removal is based on the “Shaw Removal ” opera-

or used by Ropke and Pisinger (2006) . The core idea of related

emoval involves removing a given number of somewhat similar

ustomers, because reshuffling related customers may improve the

robability to generate feasible and better solutions. The related-

ess measure of two customers i and j in this paper depends on

he distance and their current visit times: 

 (i, j) = ψ d i, j + ω| u i − u j | (13)

here u i and u j are the visit times of two customers in the current

olution; ψ and ω are weight parameters. The full related removal

ethod is shown in Algorithm 2 . A determinism parameter p > 1

ntroduces randomness in the selection of the customers (line 7).

otice that after q customers have been moved from the solution,

atrix Ω and vector g are then updated. 

.5.2. Worst removal 

This method tries to remove customers from the current

olution s whose removal results in the greatest savings. The

robability of customers being selected increases with the saving

alues. The saving value is defined as the deviation between the

ugmented cost f ( s ) when the customer is in the solution and

he cost when this customer is removed. We use vector g and
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Fig. 4. Example of approximated evaluation method in worst removal. 

Algorithm 2 Related removal. 

1 Randomly select a customer i 

2 Let set D = { i } 

3 While | D | < q do 

4 Randomly select a customer j from D 

5 Set the temporary customer set L to be all customers in the current 

solution not in D 

6 Sort L according to the relatedness to j 

7 Choose uniformly a random number y in [0,1]; set E = y p × | L | 

8 Select customer L [ E ] from set L and insert it into set D 

9 End while 

10 Remove the customers in D from the current solution 

11 Update matrix Ω and vector g 

Algorithm 3 Worst removal. 

1 While q > 0 do 

2 Set L represents the customers in s , sorted by the cost reduction 

obtained by removing the customer from s 

3 Choose uniformly a random number y in [0,1]; set E = y p × | L | 

4 Select customer L [ E ] from set L 

5 Remove customer L [ E ] from solution s 

6 q = q–1 

7 End while 

8 Update matrix Ω and vector g 
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he evaluation method described in Section 4.3 to calculate the

aving values of each customer. The worst removal method is

hown in Algorithm 3 . Similar to the related removal method, this

orst removal method also has a parameter p that determines the

egree of randomization in the method (line 3). 

Notice that since the saving value of each client should be

alculated, and once a customer is removed from the solution

any other routes may also need to be evaluated again because

f the synchronization constraints, we use an approximated evalu-

tion method to limit the synchronization interconnection in the

omputation of worst removal. For example, as shown in Fig. 4

hree routes, k, k ′ and k ′ ′ , are interconnected by two synchronized-

ervices customers l and m . When we remove one customer j from

oute k and try to exactly compute the corresponding saving value,

he augmented costs of both routes k ′ and k ′ ′ should be recalcu-

ated due to the arrival times to customers l and m and subse-

uence customers are changed. To reduce the computation time,

ur approximated evaluation method only computes the routes

hat are interconnect directly with this modified route k , i.e., we

nly update the augmented cost of routes k ′ and ignore the influ-

nce to route k ′ ′ because k ′ ′ is not directly interconnected by route

 . Clearly, this approximated evaluation method cannot ensure an

xact solution cost saving value, but it is quick and simple. Fur-

hermore, since the customers are not strictly selected based on

he saving values (a parameter p introduces randomness in the se-

ection of the customers), such approximation does not reduce the

ccuracy of the whole ALNS, this observation also has been con-

rmed by our preliminary numerical experiments. 
.5.1. Random removal 

This method randomly chooses q customers and removes them

rom the current solution. Similar to the related and worst removal

ethods, at the end of the step based on the incumbent solution

e update matrix Ω and vector g . 

.5.2. Synchronized-services customer removal 

This method is specially designed for the VRPTWSyn. It re-

oves all the synchronized-services customer from current solu-

ion, and empty the matrix Ω and vector g . 

.5.3. Route removal 

The route removal method randomly selects a route and re-

oves all the customers in this route from the solution. When

he number of customers in this route is less than q , an addi-

ional route is randomly selected and removed. This procedure is

epeated until the number of removed customers is greater than

r equal to q . 

.6. Customer insertion methods 

We present two insertion methods in ALNS algorithm. These

ethods are inspired from the ones presented by Ropke and

isinger (2006) , based on best insertion and regret principles, re-

pectively. 

.6.1. Best insertion 

The best insertion method performs q times because it inserts

ne customer for each iteration. Each iteration consists of two

teps. The first step computes the change in f ( s ) for each previously

emoved customer when (1) inserting this customer into each pos-

ible position of current routes and (2) assigning one/two new

ehicle route(s) to serve this single or synchronized-services cus-

omer if there is one/two vehicle(s) not been assigned to any cus-

omer. At this step, matrix Ω and vector g are used to compute the

nsertion cost. If we cannot insert a customer into a position due

o cross synchronization, we set the corresponding insertion cost

qual to + ∞ . Then, at the second step, the customer with the low-

st insertion cost is inserted at the best position. Note that once

 synchronized-services customer is inserted into the current solu-

ion, matrix Ω and vector g are updated. This method repeatedly

nserts each previously removed customer until all customers are

outed. 

As stated in above Section 4.2 , computing the change in

 ( s ) to evaluate each customer and each insertion position

eeds O (| N 2 | × | N |) time. Therefore, for single and synchronized-

ervices customers, respectively, computing the first step requires

 (| N 2 | × | N | 2 ) and O (| N 2 | × | N | 3 ) time. We use an implementation

echnique to speed up this step. Because at the first step we search

or the minimum insertion cost for each removed customer, we

an record a “best insertion cost ” from the beginning of each re-

oved customer, which is initialized as + ∞ and is updated when

 smaller insertion cost is found. For a possible position, before we
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3  
complete the calculation of insertion cost, as soon as we find it

has been larger than best insertion cost , we can directly move on

to consider the next customer or position. 

4.6.2. Regret insertion 

The regret insertion method has been adopted by Ropke and

Pisinger (2006) in their ALNS algorithm to solve the pickup and de-

livery problem with time windows. The basic regret method sorts

the removal customers according to their regret value s. The regret

value of a customer equals the difference in cost of insertion be-

tween that customer’s best insertion position and his/her second-

best position. In other words, the basic regret method selects the

insertion that will be regretted mostly if it is not inserted cur-

rently. The regret- k method extends the basic method by selecting

the customer i such that i = argmax i εU[ 
∑ 

k 
j=2 

(
 f 
j 

i 
− 
 f 1 

i 
) ] , where

U is the set of un-routed customers, and 
 f 
j 

i 
denotes the insertion

cost of customer i in the j th cheapest insertion position. Notice

that different from Ropke and Pisinger (2006) , we calculate the

insertion cost of each customer at all possible positions within a

given route, whereas Ropke and Pisinger (2006) only considered

one best position within each route. Similar to the best insertion

method, after a synchronized-service customer is inserted, we up-

date matrix Ω and vector g and re-compute the insertion positions

of unplanned customers. 

4.7. Selecting a removal and an insertion method 

One removal and one insertion method are selected to destroy

and repair the current solution. Each method i is associated with

a weight w i and a score π i . At the beginning of ALNS, all meth-

ods have the same weights equal to 1 and scores equal to 0. Each

time a removal or an insertion method is selected and a new best

known solution is found, its score is incremented by the value of

σ 1 . When the new solution is better than the current solution and

has not been accepted before, the score of this method is incre-

mented by σ 2 . If the new solution is accepted as new incumbent

solution but is worse than the current solution and has never been

encountered before, the score of this method is incremented by σ 3 .

The whole ALNS search process is divided into a number of seg-

ments, each of which consists of 100 ALNS iterations. At the end

of each segment, the weights of the neighborhoods are updated

as w i + 1 = (1 −ϖ) w i + ϖπ i / φi where φi is the number of times the

neighborhood has been called during the last segment and ϖ is

a reaction parameter controlling the inertia of the weight adjust-

ment. During each segment the removal and insertion methods are

selected independently, based on a roulette wheel selection mech-

anism. The probability of the i th removal/insertion method being

selected is w i / �j ∈ �w j , where �is the set of methods. The values

of parameters σ 1-3 and ϖ are given in Section 5 . 

4.8. Acceptance and stopping criteria 

A simulated annealing-based acceptance criterion is used in

ALNS. More specifically, if the neighborhood solution generated by

the removal and insertion methods is better than the current so-

lution it is always accepted. Otherwise, this neighborhood solu-

tion is accepted with a probability of e − ( f ( s ′ ) − f ( s ))/ T where T > 0 is

called the temperature, s and s ′ are the current and its neighbor-

hood solutions, respectively. T is initialized as T start and linearly de-

creased after each iteration using the expression T = T ×ς , where

0 < ς < 1. From preliminary experiments we find that ALNS may

become trapped in a local minimum solution when (1) the tem-

perature T decreases to a relatively small value and (2) the solution

is infeasible and has a cost less than the cost of the best known

feasible solution. Therefore, when the ALNS is trapped in an infea-

sible solution and cannot break free during the next θ iterations,
he next neighborhood solution is accepted as a new incumbent

olution even if it is not an improvement. 

. Computational experiments 

In this section, we conduct several sets of experiments to as-

ess the performance of the ALNS in terms of solution quality and

omputation time. We generate tuning instances and discuss the

etting of algorithmic parameters. We further test and compare

LNS with existing algorithms from the literature on benchmark

nstances. All the algorithms presented in this paper are coded in

 ++ . The algorithm is tested on an Intel E5-2670 CPU clocked at

.6 GHz and 2 GB memory running a Linux system. 

.1. Tuning instances 

First, we derive various scaled of tuning instances from exist-

ng VRPTW benchmarks ( Solomon, 1987; Gehring and Homberger,

999 ). We select 6 Solomon’s VRPTW instances. For each one we

hoose 30 customers as our customers. Among 30 customers we

elect a % × 30 as synchronized-services customers. For each in-

tance we set a = 10, 30 and 50 to achieve three test instances.

f the basic Solomon instance is C102 and a = 10 then it is de-

oted as C102-30-3. All such instances are called small-scale in-

tances. Based on a similar procedure, we selected 6 instances and

sed all 100 customers. We let a = 5, 10 and 20 to generate 18

otal moderate-scale test instances. Finally, we select 6 instances

rom benchmarks of Gehring and Homberger (1999) , each of which

as 200 customers. Such instances undergo above procedure (using

 = 5, 10 and 20) generating 18 large-scale instances. 

.2. ALNS parameter setting 

The ALNS relies on a set of correlated parameters. The most pa-

ameters settings are summarized in Table 1 . In terms of parame-

ers T start and ς ( Section 4.8 ), we chose T start value such that the

rst neighborhood solution can be accepted with a probability of

0% if its cost is 5% larger than current solution. Parameter ς is se-

ected such that the temperature at the last ALNS iteration is equal

o 0.2% × T start . 

Among all the parameters q is a key parameter to both algorith-

ic speed and accuracy. We used another parameter q’ to control

: q = 
 q ′ × | N | � where q’ is the percentage of customers removed

n each iteration. In order to give a sensitivity analyze to this pa-

ameter, five different intervals are tested for q’ , namely [5%, 15%],

15%, 30%], [5%, 30%], [15%, 50%] and [30%, 50%]. At each iteration,

’ is selected uniformly at random in corresponding interval. ALNS

sing these intervals are called “ALNS-5-15 ′′ , “ALNS-15-30 ′′ , “ALNS-

-30 ′′ , “ALNS-15-50 ′′ , “ALNS-30-50 ′′ , respectively. Tables 2–4 dis-

lay the detailed results of these versions of the ALNS algorithms

or different scales of test instances, including the best and average

olution costs (sub-columns “Best ” and “Avg ”) and its average time

or one algorithmic run in seconds (sub-column “Time ” ). Boldface

ndicates the best known solution cost found in such experiments. 

As shown in Tables 2–4 , as parameter q increases, the run time

f ALNS algorithm also increases. For example, solving the same

est instance C106-100-5, the average solving times of ALNS-5-15,

LNS-15-30, and ALNS-30-50 are 17.3 s, 47.3 s and 102.1 s, respec-

ively. More importantly, we observe that the solution quality does

ot always improve as parameter q increases. For three sets of

nstances, the solutions of algorithms with relatively high values

f q , i.e., ALNS-15-30 ( q’ in 15–30%), ALNS-15-50 (15–50%), and

LNS-30-50 (30–50%), are better than those with small q values,

.e., ALNS-5-15 and ALNS-5-30. However, the solution quality does

ot increase with q among ALNS-15-30, ALNS-15-50 and ALNS-

0-50. For example, consider the third set of instances with 200
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Table 1 

Parameter setting in the experiments. 

Symbol Explanation Value 

α0 , αmin , αmax Initial, minimum and maximum values of α 10, 0.001, 10,0 0 0 

β0 , βmin , βmax Initial, minimum and maximum values of β 10, 0.001, 10,0 0 0 

ϕ 1 , ϕ 2 Parameters for updating α, β 0.1, 0.05 

ψ , ω Weight parameters in related removal 0.5, 0.5 

p Randomness parameter in related and worst removal 5 

θ Number of consecutive unimproved iterations to update the current ALNS solution 10 

σ 1 , σ 2 , σ 3, ϖ Parameter for selecting removal and insertion methods 33, 9, 13, 0.1 

Table 2 

Computational results on 30-customer test instances. 

Instance ALNS–5–15 ALNS–5–30 ALNS–15–30 ALNS–15–50 ALNS–30–50 

Best Avg Time(s) Best Avg Time(s) Best Avg Time(s) Best Avg Time(s) Best Avg Time(s) 

C102_30_3 287.12 287.12 0.3 287.12 287.12 0.5 287.12 287.12 0.6 287.12 287.12 0.8 287.12 287.12 1.0 

C102_30_9 373.01 373.01 0.8 373.01 373.01 1.0 373.01 373.01 1.1 373.01 373.01 1.5 373.01 373.01 1.8 

C102_30_15 391.21 391.4 1.5 391.21 391.21 1.8 391.21 391.21 1.9 391.21 391.21 2.4 391.21 391.21 3.0 

C203_30_3 301.47 301.47 0.3 301.47 301.47 0.4 301.47 301.47 0.5 301.47 301.47 0.7 301.47 301.47 0.9 

C203_30_9 345.15 346.79 0.6 343.1 347.35 0.7 345.15 349.33 0.9 343.1 348.41 1.1 345.15 350.38 1.5 

C203_30_15 423.17 448.36 1.0 422.74 450.64 1.2 422.74 442.48 1.4 422.74 435.08 1.8 422.74 434.38 2.3 

R104_30_3 519.15 519.15 0.3 519.15 519.15 0.4 519.15 519.15 0.6 519.15 519.15 0.8 519.15 519.15 1.1 

R104_30_9 666.71 666.71 0.8 666.71 668.37 1.1 666.71 666.71 1.2 666.71 666.71 1.6 666.71 666.71 2.1 

R104_30_15 740.33 747.18 1.3 740.33 743.92 1.5 740.33 744.99 1.8 740.33 741.74 2.3 740.33 740.8 3.3 

R205_30_3 530.64 533.62 0.3 528.17 531.22 0.4 528.17 531.38 0.5 528.17 531.95 0.7 528.17 530.4 0.9 

R205_30_9 687.83 688.96 0.7 687.83 688.02 0.9 687.51 687.97 1.0 687.51 687.8 1.5 687.51 687.8 1.9 

R205_30_15 745.36 771.68 1.2 747.01 765.5 1.5 745.91 757.67 1.7 745.36 757.02 2.1 745.36 755.89 2.7 

RC103_30_3 603.82 604.02 0.3 603.82 603.82 0.4 603.82 603.82 0.5 603.82 603.82 0.8 603.82 603.82 1.1 

RC103_30_9 757.05 757.05 0.7 757.05 757.05 1.0 757.05 757.05 1.2 757.05 757.05 1.6 757.05 757.05 2.3 

RC103_30_15 843.63 843.63 1.1 843.63 843.63 1.4 843.63 843.63 1.6 843.63 843.75 2.1 843.63 843.71 3.1 

RC207_30_3 552.45 556.17 0.3 552.45 553.05 0.4 552.45 553.46 0.5 552.45 552.45 0.7 552.45 552.45 1.0 

RC207_30_9 689.71 714.31 0.7 689.71 704.56 0.8 687.2 699.82 1.0 687.2 701.27 1.4 687.2 697.48 1.9 

RC207_30_15 800.18 815.52 1.0 796.92 805.84 1.3 796.92 803.89 1.4 796.92 807.31 1.9 796.29 802.26 2.5 

Avg 569.89 575.90 0.7 569.52 574.16 0.9 569.42 573.01 1.1 569.28 572.57 1.4 569.35 571.95 1.9 

Table 3 

Computational results on 100-customer test instances. 

Instance ALNS-5-15 ALNS-5-30 ALNS-15-30 ALNS-15-50 ALNS-30-50 

Best Avg Time(s) Best Avg Time(s) Best Avg Time(s) Best Avg Time(s) Best Avg Time(s) 

C106_100_5 1039.96 1041.36 17.3 1039.96 1040.05 32.7 1039.96 1039.96 47.3 1039.96 1039.96 71.2 1039.96 1039.96 102.1 

C106_100_10 1146.47 1146.96 30.7 1146.47 1146.47 53.0 1146.47 1146.47 74.6 1146.47 1146.47 108.0 1146.47 1146.47 150.1 

C106_100_20 1313.20 1319.20 66.7 1313.2 1315.82 106.5 1310.21 1315.14 139.4 1310.21 1314.35 196.4 1310.21 1312.19 287.6 

C201_100_5 773.11 773.17 13.8 773.11 773.11 21.4 773.11 773.11 34.1 773.11 773.11 57.0 773.11 773.11 75.2 

C201_100_10 850.81 850.81 26.5 850.81 850.81 38.6 850.81 850.81 56.7 850.81 850.81 87.7 850.81 850.81 111.8 

C201_100_20 940.99 940.99 43.0 940.99 940.99 69.1 940.99 940.99 81.4 940.99 940.99 119.8 940.99 940.99 152.5 

R110_100_5 1168.55 1182.50 11.8 1161.42 1172.51 23.5 1161.42 1170.72 35.3 1168.42 1175.47 58.2 1161.42 1171.20 76.1 

R110_100_10 1222.08 1237.21 26.5 1226.47 1230.59 45.0 1222.08 1230.26 62.2 1226.92 1241.87 99.4 1234.61 1244.49 131.0 

R110_100_20 1375.58 1409.67 55.1 1398.03 1414.25 81.8 1398.93 1407.72 119.2 1372.26 1413.10 176.4 1400.08 1419.21 237.0 

R209_100_5 945.48 961.62 13.5 939.60 949.46 26.4 937.40 951.64 35.9 937.40 945.42 54.8 940.67 947.16 77.1 

R209_100_10 1013.98 1022.73 16.5 1003.72 1014.49 29.6 1004.29 1013.39 41.1 1007.07 1016.56 63.8 1012.20 1015.58 92.5 

R209_100_20 1167.27 1182.08 30.3 1167.34 1181.98 48.0 1157.87 1179.76 67.2 1158.29 1176.11 99.1 1157.87 1178.99 142.6 

RC101_100_5 1762.22 1767.95 13.8 1762.22 1765.61 27.9 1765.06 1765.59 39.4 1763.69 1765.97 56.4 1765.06 1765.76 77.0 

RC101_100_10 1917.3 1919.89 35.3 1891.31 1910.84 59.8 1891.49 1905.44 81.6 1893.01 1901.74 119.4 1891.49 1900.28 160.6 

RC101_100_20 2103.62 2122.56 107.7 2103.62 2116.94 165.2 2096.26 2106.84 213.0 2101.43 2114.01 299.4 2102.59 2109.02 394.8 

RC205_100_5 1309.32 1321.47 15.2 1306.74 1318.27 29.6 1301.23 1315.03 41.7 1304.37 1313.96 63.2 1301.42 1309.86 77.8 

RC205_100_10 1378.27 1398.80 25.2 1376.32 1391.2 43.6 1376.32 1387.93 60.6 1376.34 1385.20 90.3 1376.32 1381.49 115.4 

RC205_100_20 1595.57 1627.02 38.7 1598.99 1622.21 61.1 1571.22 1602.68 83.6 1573.91 1603.30 121.3 1592.08 1608.44 169.2 

Avg 1279.10 1290.33 32.6 1277.80 1286.42 53.5 1274.73 1283.53 73.0 1274.70 1284.36 107.9 1277.63 1284.17 146.1 
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ustomers, as shown in Table 4 , ALNS-15-30 and ALNS-15-50 are

ble to find 8 and 6 best solutions out of 18 test instances respec-

ively, and ALNS-30-50 with the largest value of q finds 7 best in-

tances. In terms of the mean value of the best solutions found by

LNS-15-30, ALNS-15-50 and ALNS-30-50, out of these 18 test in-

tances the result of ALNS-15-30 (3264.04) is slightly better than

hat of the ALNS-30-50 (3274.31) and ALNS-15-50 (3265.69). We

lso have done the experiments in which the value of parameter q

s further increased; but the results indicate that better costs can-

ot be obtained whereas the algorithm gets much slower. There-

ore, to keep a balance for ALNS speed and accuracy we adopt
 a  
LNS-15-30 ( q’ is randomly selected in 15–30%) as our default set-

ing in the following tests. 

.3. Testing on benchmarks 

To further assess the performance of ALNS, we test the algo-

ithm on benchmarks from the literature and compare our re-

ults with solutions provided by existing algorithms. As stated

bove, Bredström and Rönnqvist (2008) study the VRPTW with

emporal precedence and synchronization constraints. They gener-

ted 30 benchmark instances to simulate the HHC staff scheduling
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Table 4 

Computational results on 200-customer test instances. 

Instance ALNS-5-15 ALNS-5-30 ALNS-15-30 ALNS-15-50 ALNS-30-50 

Best Avg Time(s) Best Avg Time(s) Best Avg Time(s) Best Avg Time(s) Best Avg Time(s) 

C1_2_6_10 3167.48 3172.13 504.9 3167.46 3168.43 873.1 3167.46 3167.5 1123.5 3167.46 3167.5 1630.4 3167.46 3167.47 2075.3 

C1_2_6_20 3544.63 3546.96 1074.9 3542.51 3544.09 1658.8 3542.23 3543.32 2037.3 3542.71 3543.79 3053.7 3542.69 3544.54 3729.4 

C1_2_6_40 3957.39 3971.8 2281.7 3960.16 3970.44 3533.4 3957.2 3968.52 4564.2 3959.26 3974.5 6735.3 3957.2 3971.43 8156.1 

C2_2_3_10 2087.55 2104.63 300.4 2068.23 2082.05 550.7 2047.15 2087.8 782.4 2056.48 2078.97 1195.1 2065.08 2080.34 1491.0 

C2_2_3_20 2322.6 2356.51 392.9 2251.68 2296.8 712.7 2239.99 2253.44 1027.7 2237.17 2265.42 1626.9 2251.08 2304.74 2098.1 

C2_2_3_40 2887 3022.05 930.2 2961.25 3034.49 1233.9 2876.56 3013.1 1569.7 2854.84 2989.1 1942.0 2872.87 3009.91 2721.2 

R1_2_9_10 3968.63 3990.19 338.0 3944.52 3959.73 775.5 3944.65 3958.74 984.6 3949.44 3960.79 1520.1 3940.07 3955.54 1772.1 

R1_2_9_20 4181.8 4218.16 780.8 4173.09 4195.71 1298.6 4152.7 4198.26 1725.4 4177.44 4210.23 2602.8 4197.15 4217.32 3089.2 

R1_2_9_40 4639.5 4681.37 1940.9 4637.19 4656.32 2836.1 4631.68 4650.66 3823.9 4639.21 4654.22 5537.0 4635.05 4656.27 6926.8 

R2_2_5_10 3433.21 3474.3 288.7 3393.17 3426.94 597.3 3391.12 3421.49 906.4 3390.36 3414.58 1387.5 3390.79 3413.4 1752.9 

R2_2_5_20 3637.79 3661.41 499.1 3628.95 3653.06 977.4 3592.17 3635.13 1334.2 3621.81 3655.01 2118.1 3594.54 3641.7 2634.6 

R2_2_5_40 4305.23 4457.74 1030.1 4421.48 4517 1490.0 4295.69 4555.12 1936.4 4356.93 4486.74 2513.0 4285.16 4457.74 3717.6 

RC1_2_4_10 2384.89 2404.8 239.5 2378.27 2403.59 472.9 2370.01 2390.46 659.5 2369.11 2390.33 994.9 2368.97 2392.05 1324.0 

RC1_2_4_20 2697.07 2762.81 394.4 2695.03 2739.8 656.2 2714.35 2748.56 919.2 2716.81 2738.41 1401.7 2693.95 2755.93 1830.5 

RC1_2_4_40 3355.48 3412.99 739.5 3279.15 3342.1 1023.9 3197.18 3290.87 1379.1 3213.91 3329.6 1933.0 3227.7 3327.31 2737.9 

RC2_2_8_10 2471.87 2514.71 220.9 2487.46 2508.23 450.6 2465.58 2484.42 606.3 2473.12 2497.62 1023.5 2449.18 2488.67 1269.1 

RC2_2_8_20 2813.21 2854.25 283.4 2820.05 2855.86 595.3 2795.14 2839.45 827.4 2776.80 2842.36 1397.4 2793.62 2834.33 1799.4 

RC2_2_8_40 3476.6 3575.96 594.6 3438.65 3528.2 897.2 3371.82 3486.45 1108.8 3434.77 3540.22 1672.1 3349.89 3502.26 2481.4 

Avg 3296.22 3343.49 713.1 3291.57 3326.82 1146.3 3264.04 3316.29 1517.5 3274.31 3318.86 2238.0 3265.69 3317.83 2867.1 
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problem, containing from 20–80 customers. In these instances, the

customer locations were uniformly distributed throughout a square

area with the depot (HHC company) located in the centre. On

average, 10% of the customers need simultaneous service from

two vehicles. Bredström and Rönnqvist (2008) first solve such test

instances with three different objectives, using Cplex solver and

their heuristic approach. Bredström and Rönnqvist (2007) present

two versions of branch-and-price algorithms to solve these in-

stances. Recently, Afifi et al. (2016) present a simulated anneal-

ing based algorithm for this problem. Note that the three objec-

tives proposed by Bredström and Rönnqvist (2008) and adopted

by Afifi et al. (2016) are different from our objective expression

(1) . The first objective of Bredström and Rönnqvist is to mini-

mize the total travel times of all vehicles. Clearly, our original ob-

jective expression (1) can cover this objective as a special case

if we let ζ k = 0 for each k ∈ K . The second objective of Bredström

and Rönnqvist is to minimize the sum of assigned negative prefer-

ences. Bredström and Rönnqvist (2008) , and Afifi et al. (2016) in-

troduce a r ik variable to express a negative preference of assign-

ing vehicle k to customer i . For a solution s , the expression c ′ (s ) =∑ 

k ∈ K 
∑ 

i ∈ N ′ 
∑ 

j∈ V ′ r ik x i jk is used as this second objective. To cre-

ate a clear comparison with the results of Bredström and Rön-

nqvist (2008) , and Afifi et al. (2016) on this optimization objective,

we modify ALNS algorithm described earlier, i.e., during the ALNS

iteration search each solutions s is evaluated as 

f ′ (s ) = c′ ( s ) + αP 1 ( s ) + βP 2 ( s ) . (14)

This solution evaluation is adopted in the initial procedure and

in the evaluation for each insertion and removal operator. The third

objective of Bredström and Rönnqvist is to minimize differences in

the attribution of the workload, i.e., balance the workloads among

vehicles, which is defined as, 

c ′′ (s ) = Max 

(∣∣∣∑ 

i ∈ N′ 
∑ 

j∈ V ′ τi x i jk −
∑ 

i ∈ N′ 
∑ 

j∈ V ′ τi x i jl 

∣∣∣
)
, 

∀ k ∈ K, l ∈ K\ { k } . (15)

Similarly, for comparison with the algorithm of previous stud-

ies on this objective, we adopt the following criterion in the ALNS

algorithm, 

f ′′ (s ) = c ′′ ( s ) + αP 1 ( s ) + βP 2 ( s ) . (16)

The results of our ALNS algorithm and all previous methods

are detailed in Tables 5–7 . The columns “Instance ” and “N ” pro-

vide the instance label and the number of customers. Columns
MIP ” and “H ” show the results of the Cplex solver and heuris-

ic by Bredström and Rönnqvist (2008) , where sub-columns with

he headers “Cost ” and “Time ” report the best solution cost found

y each method and the computational time in seconds. Column

BP ” lists the results of the branch-and-price algorithms presented

n Bredström and Rönnqvist (2007) . They test two variants of

heir algorithm when considering travel time; those results are

enoted separately by columns “BP 1 ” and “BP 2 ” in Table 5 . Col-

mn “SA ” indicates the results of the simulated annealing algo-

ithm in Afifi et al. (2016) . Finally, the last column shows the

LNS solution cost for each instance, including the best and av-

rage solution costs of ALNS and average time for a single run. All

un times are given in seconds. Note that to establish an accurate

nd fair comparison with previous studies, Afifi et al. (2016) re-

mplemented other previous approaches using a more recent ver-

ion of Cplex 12.6 and an improved computation environment (In-

el Xeon 2.67 GHz under Linux). Thus, we adopted the data pub-

ished by Afifi et al. (2016) directly. In these tables, for each test

nstance the best-known solutions (BKS) are in bold text, and the

ast row gives the average of one column. 

The results in Tables 5–7 indicate that the performance of ALNS

lgorithm is satisfied. First, in terms of the first objective (mini-

izing the total travel time), the ALNS outperforms the methods

f Bredström and Rönnqvist (2008) , and is competitive with the

lgorithm of Afifi et al. (2016) in terms of both algorithmic ac-

uracy and speed. Out of the total 30 test instances the ALNS is

ble to find 24 existing BKS. For three test instances (9 L, 10S and

0 L), ALNS finds new BKS. Although for the 3 remaining instances,

A approach of Afifi et al. outperforms ALNS, the average value of

he best solution cost found by ALNS (6.280) is still smaller than

he mean value of best known solutions found by SA (6.296). Re-

arding computational time, the average run time of the proposed

LNS is approximately 4.6 s, whereas the average run time required

y the SA of Afifi et al. (2016) is more than 31 s. 

Considering the second and third test objectives, the proposed

LNS outperforms the existing approaches. For example, as shown

n Table 6 , with the objective of minimizing the negative prefer-

nces, ALNS is able to find the same or better BKS for each test

nstance. Moreover, ALNS is able to find new BKS for 5 test in-

tances (9S, 9 M, 9 L, 10 M, and 10 L). In terms of the last objective,

alancing the works among vehicles, as shown in Table 7 , ALNS

ramatically outperforms existing approaches. Out of the 30 total

est instances the ALNS is able to find 9 existing BKS and 21 new
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Table 5 

Computational results on benchmark instances for the total travel time. 

MIP H BP 1 BP 2 SA ALNS 

Instance N N 2 Cost Time Best Time Best Time Best Time Best Time Best Avg Time 

1S 20 2 3.55 3.43 3.55 120.03 3.55 1.96 3.55 1.12 3.55 0.02 3.55 3.55 0.06 

1M 20 2 3.55 14.48 3.55 120.25 3.55 221.93 3.55 3.69 3.55 0.02 3.55 3.55 0.06 

1L 20 2 3.39 76.71 3.39 120.48 3.39 107.41 3.39 11.91 3.39 0.03 3.39 3.39 0.06 

2S 20 2 4.27 0.22 4.27 120.07 4.27 3.28 4.27 0.56 4.27 0.02 4.27 4.27 0.08 

2M 20 2 3.58 25.97 3.58 120.11 3.58 8.12 3.58 3.2 3.58 0.03 3.58 3.58 0.09 

2L 20 2 3.42 183.11 3.42 120.95 3.42 2.72 3.42 7.41 3.42 0.03 3.42 3.42 0.09 

3S 20 2 3.63 1.79 3.63 120.26 3.63 14.17 3.63 3.84 3.63 0.02 3.63 3.63 0.09 

3M 20 2 3.33 21.24 3.33 120.19 3.33 17.57 3.33 4.31 3.33 0.03 3.33 3.33 0.09 

3L 20 2 3.29 96.47 3.29 120.6 3.29 42.78 3.29 1.44 3.29 0.02 3.29 3.29 0.09 

4S 20 2 6.14 30.9 6.14 120.16 6.14 14.02 6.14 1.54 6.14 0.02 6.14 6.14 0.08 

4M 20 2 5.67 1380 5.67 120.15 5.67 27.53 5.67 2.55 5.67 0.05 5.67 5.67 0.09 

4L 20 2 5.13 3600 5.3 120.04 5.13 9.74 5.13 7.69 5.13 0.09 5.13 5.13 0.09 

5S 20 2 3.93 6.99 3.93 120.13 3.93 2.84 3.93 2.9 3.93 0.03 3.93 3.93 0.09 

5M 20 2 3.53 6.2 3.53 120.09 3.53 57.04 3.53 9.1 3.53 0.03 3.53 3.53 0.08 

5L 20 2 3.34 225.23 3.34 120.85 3.34 9.11 3.34 5.15 3.34 0.03 3.34 3.34 0.09 

6S 50 5 8.14 3600 8.14 600.94 8.14 3600 8.14 197 8.14 13.97 8.14 8.14 1.67 

6M 50 5 8.14 3600 11.63 609.58 7.71 3600 7.7 3600 7.7 26.68 7.70 7.70 1.63 

6L 50 5 – 3600 – 624.06 7.14 3279 7.14 3600 7.14 15.86 7.14 7.14 1.47 

7S 50 5 – 3600 8.97 603.97 8.39 14.72 8.39 169 8.39 15.08 8.39 8.39 1.71 

7M 50 5 12.66 3600 – 648.02 7.67 3600 7.48 3600 7.48 18.34 7.48 7.52 1.94 

7L 50 5 12.66 3600 – 645.33 6.88 3600 6.88 3600 6.88 15.92 6.88 6.89 1.66 

8S 50 5 – 3600 – 657.03 9.54 931 9.54 850 9.54 25.13 9.54 9.59 2.11 

8M 50 5 – 3600 – 632.61 8.54 3600 8.54 3490 8.54 15.01 8.54 8.56 1.85 

8L 50 5 – 3600 – 618.63 8.62 3600 8.11 3600 8.0 24.51 8.02 8.03 1.92 

9S 80 8 – 3600 – 626.26 – 3600 12.21 3600 11.93 150.52 11.95 12.06 22.50 

9M 80 8 – 3600 – 612.19 11.74 3600 11.04 3600 10.92 292.17 10.92 11.02 23.03 

9L 80 8 – 3600 – 607.36 11.11 3600 10.89 3600 10.49 207.17 10.43 10.59 21.54 

10S 80 8 – 3600 – 604.46 – 3600 9.13 3600 8.6 16.1 8.54 8.57 20.10 

10M 80 8 – 3600 – 705.2 8.54 3600 8.1 3600 7.62 52.75 7.63 7.65 16.20 

10L 80 8 – 3600 – 631.39 – 3600 – 3600 7.75 51.89 7.36 7.39 17.00 

Avg 6.296 31.39 6.280 6.30 4.59 

Table 6 

Computational results on benchmark instances for the sum of negative preferences. 

MIP H BP SA ALNS 

Instance N N 2 Cost Time Best Time Best Time Best Time Best Avg Time 

1S 20 2 −114.03 1.05 −114.03 3600 −114.03 1.27 −114.03 0.03 −114.03 −114.03 0.08 

1M 20 2 −117.8 1.04 −117.8 3600 −117.8 1.68 −117.8 0.02 −117.8 −117.80 0.07 

1L 20 2 −118.51 0.52 −117.8 3600 −118.51 2.55 −118.51 0.04 −118.51 −118.51 0.08 

2S 20 2 −92.09 0.58 −92.09 3600 −92.09 0.6 −92.09 0.05 −92.09 −92.09 0.06 

2M 20 2 −104.81 32.94 −104.81 3600 −104.81 2.3 −104.81 0.04 −104.81 −104.81 0.07 

2L 20 2 −107.64 427.74 −107.64 3600 −107.64 6.44 −107.64 0.38 −107.64 −107.22 0.07 

3S 20 2 −99.49 0.95 −99.49 3600 −99.49 1.66 −99.49 0.02 −99.49 −99.49 0.07 

3M 20 2 −106.59 2.79 −106.59 3600 −106.59 2.01 −106.59 0.07 −106.59 −106.59 0.07 

3L 20 2 −107.87 1.95 −107.87 3600 −107.87 2.63 −107.87 0.14 −107.87 −107.87 0.07 

4S 20 2 −100 2.22 −100 3600 −100 1.72 −100 0.03 −100 −10 0.0 0 0.08 

4M 20 2 −106.72 68.26 −106.72 3600 −106.72 2.36 −106.72 0.07 −106.72 −106.72 0.09 

4L 20 2 −109.27 170.25 −109.27 3600 −109.27 5.04 −109.27 0.13 −109.27 −109.27 0.09 

5S 20 2 −76.29 0.26 −76.29 3600 −76.29 0.64 −76.29 0.02 −76.29 −76.29 0.08 

5M 20 2 −76.29 1.08 −76.29 3600 −76.29 1.28 −76.29 0.03 −76.29 −76.29 0.08 

5L 20 2 −84.21 16.33 −84.21 3600 −84.21 2.21 −84.21 0.04 −84.21 −84.21 0.08 

6S 50 5 −370.06 1452.76 −370.06 3600 −370.06 150.63 −370.06 0.7 −370.06 −369.55 0.90 

6M 50 5 −372.4 3600 −374.257 3600 −379.88 247.88 −379.88 25.26 −379.88 −376.97 0.72 

6L 50 5 – 3600 −368.876 3600 −387.2 474.15 −387.2 16.33 −387.20 −385.74 0.73 

7S 50 5 – 3600 −296.725 3600 −401.11 291.29 −401.11 0.58 −401.11 −401.11 0.75 

7M 50 5 – 3600 −368.565 3600 −406.17 86.7 −406.17 6.48 −406.17 −406.17 0.66 

7L 50 5 – 3600 −355.716 3600 −407.48 710.62 −407.48 2.53 −407.48 −407.48 0.57 

8S 50 5 – 3600 – 3600 −380.76 135.39 −380.76 26.12 −380.76 −372.16 0.96 

8M 50 5 – 3600 – 3600 −403.57 290.77 −403.57 59.34 −403.57 −401.98 0.85 

8L 50 5 – 3600 – 3600 −407.48 362.18 −407.48 20.51 −407.48 −406.79 0.80 

9S 80 8 – 3600 – 3600 −552.65 3600 −581.12 117.4 −619.71 −611.70 9.01 

9M 80 8 – 3600 – 3600 −463.82 3600 −656.5 10.9 −660.55 −655.33 6.82 

9L 80 8 – 3600 – 3600 −663.47 3600 −666.5 17.81 −669.73 −665.98 6.73 

10S 80 8 – 3600 – 3600 −675.81 3600 −675.81 162.42 −675.81 −673.70 5.30 

10M 80 8 – 3600 – 3600 −685.31 3600 −686.75 150.63 −686.77 −684.46 4.47 

10L 80 8 – 3600 −445.027 3600 −691.34 3600 −691.48 270.26 −691.86 −690.25 4.06 

Avg −293.257 812.80 −300.783 29.61 −302.325 −301.02 1.78 
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Table 7 

Computational results on benchmark instances for the fairness objective. 

MIP H SA ALNS 

Instance N N 2 Cost Time Best Time Best Time Best Avg Time 

1S 20 2 0 4 4 4.1 0.03 3600 0 0.3 0 0.03 0.07 

1M 20 2 0 0.14 0 3600 0 0.45 0 0.03 0.07 

1L 20 2 0 0.16 0 3600 0 0.61 0 0.03 0.07 

2S 20 2 0.04 3600 0.01 3600 0.01 0.3 0.01 0.03 0.07 

2M 20 2 0.04 3600 0.01 3600 0.01 0.6 0.01 0.04 0.08 

2L 20 2 – 3600 0.01 3600 0.01 0.81 0.01 0.03 0.08 

3S 20 2 0.06 3600 0.01 3600 0.01 0.49 0.01 0.03 0.07 

3M 20 2 0.06 3600 0.01 3600 0.01 0.65 0.01 0.03 0.07 

3L 20 2 0.06 3600 0.01 3600 0.01 0.7 0.01 0.02 0.07 

4S 20 2 0.13 3600 0.07 3600 0.07 0.61 0.06 0.06 0.07 

4M 20 2 0.08 3600 0.03 3600 0.02 0.73 0.02 0.04 0.07 

4L 20 2 0.08 3600 0.02 3600 0.02 0.46 0.02 0.03 0.07 

5S 20 2 0.08 3600 0.01 3600 0.01 0.39 0.01 0.04 0.07 

5M 20 2 0.08 3600 0.01 3600 0.01 0.69 0.01 0.03 0.07 

5L 20 2 0.06 3600 0.03 3600 0.01 1.13 0.01 0.02 0.07 

6S 50 5 – 3600 0.7 3600 0.11 2.35 0.05 0.07 0.76 

6M 50 5 – 3600 0.56 3600 0.07 18.32 0.07 0.13 0.72 

6L 50 5 – 3600 1.75 3600 0.12 0.57 0.08 0.14 0.73 

7S 50 5 – 3600 1.59 3600 0.18 1.04 0.06 0.08 0.80 

7M 50 5 – 3600 – 3600 0.15 0.97 0.07 0.09 0.72 

7L 50 5 0.77 3600 – 3600 0.14 0.84 0.06 0.15 0.70 

8S 50 5 – 3600 – 3600 0.36 1.36 0.10 0.14 1.00 

8M 50 5 – 3600 – 3600 0.33 0.84 0.08 0.12 0.92 

8L 50 5 – 3600 – 3600 0.32 1.19 0.10 0.17 0.84 

9S 80 8 – 3600 – 3600 0.45 4.09 0.13 0.22 9.57 

9M 80 8 – 3600 – 3600 0.23 3.43 0.09 0.19 7.97 

9L 80 8 – 3600 – 3600 0.46 3.35 0.14 0.20 7.21 

10S 80 8 – 3600 – 3600 0.22 3.57 0.06 0.10 6.37 

10M 80 8 – 3600 – 3600 0.28 5.2 0.07 0.11 5.32 

10L 80 8 – 3600 – 3600 0.25 6.22 0.11 0.19 5.09 

Avg 0.129 2.08 0.05 0.086 1.66 

Table 8 

ALNS and SA results on 100-customer test instances. 

Instance BKS ALNS SA Gap (%) 

Best Avg Time(s) Best Avg 

C106_100_5 1039.96 1039.96 1039.96 49.5 1039.96 1040.68 0.00 

C106_100_10 1146.47 1146.47 1146.47 46.9 1146.47 1146.86 0.00 

C106_100_20 1310.21 1310.21 1315.14 40.8 1311.28 1317.65 −0.08 

C201_100_5 773.11 773.11 773.11 41.8 773.11 773.17 0.00 

C201_100_10 850.81 850.81 850.81 38.2 850.81 850.81 0.00 

C201_100_20 940.99 940.99 940.99 42.1 940.99 940.99 0.00 

R110_100_5 1161.42 1161.42 1170.72 77.1 1161.42 1178.37 0.00 

R110_100_10 1222.08 1222.08 1230.26 70.9 1222.08 1229.76 0.00 

R110_100_20 1372.26 1398.93 1407.72 63.7 1397.44 1411.17 0.11 

R209_100_5 937.40 937.40 951.64 45.0 939.60 953.33 −0.23 

R209_100_10 1003.72 1004.29 1013.39 75.4 1003.72 1015.18 0.06 

R209_100_20 1157.87 1157.87 1179.76 56.0 1157.87 1179.98 0.00 

RC101_100_5 1762.22 1765.06 1765.59 155.6 1763.63 1767.54 0.08 

RC101_100_10 1891.49 1891.49 1905.44 96.7 1899.11 1917.48 −0.40 

RC101_100_20 2096.26 2096.26 2106.84 107.9 2103.62 2117.28 −0.35 

RC205_100_5 1301.23 1301.23 1315.03 61.3 1306.74 1320.30 −0.42 

RC205_100_10 1376.32 1376.32 1387.93 162.4 1378.27 1395.89 −0.14 

RC205_100_20 1571.22 1571.22 1602.68 77.1 1595.57 1615.20 −1.55 

Avg 1273.06 1274.73 1283.53 72.7 1277.32 1287.31 −0.16 
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BKS. For relatively large and difficult test instances, e.g., 8S-10 L,

the best-solution cost of ALNS is only half or even less than one

third of the best-solution costs of the previous BKS. The average

of the best solution costs found by the SA of Afifi et al. (2016) is

0.129, whereas the mean value of best solutions of ALNS is only

0.05. In conclusion, we can state that our approach outperforms

previous approaches on the existing benchmark test instances. 

5.4. Testing on new lager benchmark instances 

As stated above, the available benchmark instances gener-

ated by Bredström and Rönnqvist (2008) only contains 20–80
ustomers. To extensively examine the proposed ALNS algorithm,

e compare it with existing VRPTWSyn best algorithm, the sim-

lated annealing algorithm of Afifi et al. (2016) , on new larger-

cale test instances of Section 5.1 , in which each instance has 100

r 200 customers. As our demands to get the code of simulated

nnealing have been unfruitful, and for another hand to establish

n accurate comparison, we develop our own implementation. All

he experimental results are reported based on the same hard-

are and software environments. The only modification to simu-

ated annealing algorithm of Afifi et al. (2016) is stop criterion: for

ach test instance it stops when its running time equals the corre-

ponding computation time of ALNS. All the computational results
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Table 9 

ALNS and SA results on 200-customer test instances. 

Instance BKS ALNS SA Gap (%) 

Best Avg Time(s) Best Avg 

C1-2-6-10 3167.46 3167.46 3167.5 1123.5 3167.48 3171.57 0.00 

C2-2-3-10 3542.23 3542.23 3543.32 2037.3 3542.88 3545.53 −0.02 

R1-2-9-10 3957.20 3957.20 3968.52 4564.2 3957.20 3968.77 0.00 

R2-2-5-10 2047.15 2047.15 2087.8 782.4 2071.51 2104.07 −1.19 

RC1-2-4-10 2237.17 2239.99 2253.44 1027.7 2267.22 2333.10 −1.22 

RC2-2-8-10 2854.84 2876.56 3013.1 1569.7 2887.00 3016.72 −0.36 

C1-2-6-20 3940.07 3944.65 3958.74 984.6 3944.52 3977.08 0.00 

C2-2-3-20 4152.70 4152.70 4198.26 1725.4 4173.09 4202.85 −0.49 

R1-2-9-20 4631.68 4631.68 4650.66 3823.9 4639.50 4671.00 −0.17 

R2-2-5-20 3390.36 3391.12 3421.49 906.4 3407.56 3445.83 −0.48 

RC1-2-4-20 3592.17 3592.17 3635.13 1334.2 3592.17 3649.93 0.00 

RC2-2-8-20 4285.16 4295.69 4555.12 1936.4 4305.23 4456.47 −0.22 

C1-2-6-40 2368.97 2370.01 2390.46 659.5 2380.30 2402.54 −0.43 

C2-2-3-40 2693.95 2714.35 2748.56 919.2 2897.07 2945.32 −6.73 

R1-2-9-40 3197.18 3197.18 3290.87 1379.1 3288.79 3382.97 −2.87 

R2-2-5-40 2449.18 2465.58 2484.42 606.3 2471.87 2514.24 −0.26 

RC1-2-4-40 2776.80 2795.14 2839.45 827.4 2820.05 2855.24 −0.89 

RC2-2-8-40 3349.89 3371.82 3486.45 1108.8 3449.37 3541.80 −2.30 

Avg 3257.45 3264.04 3316.29 1517.6 3292.38 3343.61 −0.98 
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btained on these large benchmark instances are summarized in

ables 8 and 9 . We present the best and average solution costs, and

ean running time in seconds for both algorithms. Column “BKS ”

rovides the best known solution cost for each test instance which

s obtained by the experiments for ALNS parameter q setting (in

ection 5.2 ). Column “Gap ” is the percentage deviation between

LNS and simulated annealing best solution costs, calculated by:

00 × (ALNS −SA)/ALNS. For each test instance the best known so-

ution (BKS) is in bold text. 

We can assert that the performance of ALNS is better than

imulated annealing algorithm for both 100-customer and 200-

ustomer test instances. For 15 out of 18 100-customer test in-

tances, ALNS is able to find the best known solutions, whereas the

imulated annealing algorithm finds 9 best known solutions. The

verage value of best solution costs found by ALNS is slightly bet-

er than that of simulated annealing with a deviation of 0.16%. The

uperiority of ALNS is higher with respect to larger 200-customer

est instances. ALNS finds 8 best known solutions, whereas simu-

ated annealing is able to get 2 best known solutions. Among all

8 such 200-customer test instances, ALNS finds better solutions

han simulated annealing on 16 instances; in terms of left 2 test

nstances, ALNS and simulated annealing find the same best solu-

ions. The mean percentage deviation between their best solutions

osts increase to about 1%. 

. Conclusions 

This paper investigates a special variant of the vehicle rout-

ng problem with time windows, the vehicle routing problem with

ime windows and synchronized visits . The problem is of interest

ecause of its theoretical complexity and the importance in many

pplications such as the daily logistics of home health care compa-

ies. We formulate the problem as a mixed integer programming

odel. Because the synchronization constraints interconnect vari-

us routes of the vehicles, solving the proposed problem is more

omplicated than solving standard vehicle routing problems, espe-

ially when using neighborhood search-based methods. We pro-

ose an efficient Adaptive Large Neighborhood Search heuristic to

olve this problem. We test benchmark instances from the liter-

ture with three different objectives. Experimental results show

hat our solution method outperforms existing solution methods,

nding new best-known solutions with less computation time. We

lso examine the proposed algorithm with existing best heuristic
n new generated larger-scale instances. The superiority of ALNS

s more obvious with respect to such larger test instances. 
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