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Abstract

The Electric Vehicle Routing Problem with Time Windows and Recharging Stations (EVRPTW) is a
generalization of the Vehicle Routing Problem with Time Windows (VRPTW) in which the vehicles are
electric and are able to recharge at recharging station. The problem introduces new challenges like limited
driving range, scare recharge infrastructure, and charge dependent recharge times. This paper aims to
adapt a metaheuristic for the EVRPTW, the Variable Neighbourhood Search/Tabu Search (VNS/TS)
metaheuristic, to the extended problem in which partial recharge is allowed (EVRPTW-PR). We find that

on average, routes can be made 0.73% shorter with introducing recharge strategies and a new operator.
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1 Introduction

The field of green logistics has the objective of increasing the sustainability of production and distribution
by taking into account the social and environmental effects (Sbihi & Eglese| (2010)). Transportation is an
important issue in green logistics due to its high emission of greenhouse gas, for example in the United States,
where 28% of the national greenhouse gas is due to the transportation sector (US EPA| (2009)).

Using Electric Vehicles (EV’s) instead of conventional vehicles is one way for suppressing these negative
effects (Hall & Lutsey| (2018])). The use of these vehicles imposes new restrictions on logistics, like limited
driving range, scarce recharging infrastructure and charge dependant recharge times (Xiao et al| (2019)).
These restrictions are studied in the Electric Vehicle Routing Problem with Time Windows and Recharging
Stations (EVRPTW), which is introduced by |Schneider et al.| (2014). The EVRPTW concerns serving
dispersed customers from a depot. These customers have specified time windows in which they have to be
served. For serving these customers, a set of routes which start and end at a depot have to be made. The
electric vehicles that will perform these routes are homogeneous and have a limited load capacity and limited
battery capacity. Recharging the battery while on route is possible at certain charging stations. Recharges
are always done until maximum battery capacity is reached.

One way of solving the EVRPTW is with heuristics. [Schneider et al.| (2014) proposed a Variable Neigh-
bourhood Search/Tabu Search (VNS/TS) metaheuristic and show that it has a strong performance. Keskin
& Catay| (2016) point out that requiring full recharge limits the efficiency and practically of solutions. There-
fore they generalize the problem to allowing partial recharges and propose an Adaptive Large Neighbourhood
Search algorithm which allows for partial recharge. However, this heuristic has a weaker performance com-
pared to the VNS/TS metaheuristic of [Schneider et al.| (2014)).

This paper aims to combine the computational efficiency of the VNS/TS heuristic and the practical
efficiency of allowing partial recharge. To this aim, we will first implement the VNS/TS algorithm and
compare the performance of our implementation with the results in [Schneider et al.| (2014). We will then
explore different ways of relaxing the full recharge requirement within the VNS/TS algorithm. These are
allowing to charge to 100% and 70% of the battery capacity and only charging the amount necessary to reach
the next charging station on the route. For this the benchmark EVRPTW instances made by [Schneider et
al.| (2014) will be used. The results of this paper suggest that by implementing recharge strategies and a new
operator, VNS/TS is able to increase performance. On problem sets of 100 customers, the saving average
distance of the routes can be decreased by 0.73%.

The remainder of this paper is structured as follows. In Section [2| a summary of the literature and
theoretical background will be provided. Then, in Section [3| the problem is described more extensively and
an exact model for solving it is introduced. Following this is Section 4l which introduces our VNS/TS. The
results of this heuristic will be compared to results of models and of other heuristics in Section [5] Lastly, we

summarize our findings in Section [6}



2 Literature review

The Vehicle Routing Problem (VRP) is a generalization of the Traveling Salesman Problem and considers
finding an optimal set of routes that start and finish at one or multiple warehouses which covers a set of
customer nodes. The VRP is introduced by Dantzig & Ramser| (1959)) and has become a well-known and
well-studied combinatorial optimization problem. Since then, many generalizations of the problem have been
introduced, for example allowing vehicles to have a maximum capacity in the Capacitated VRP (CVRP),
allowing multiple vehicles to fulfill the demand of a single customer in the Split Delivery VRP (SDVRP),
allowing vehicles to perform multiple trips in the Vehicle Routing Problem with Multiple Trips (VRPMT),
and allowing time windows to be specified in which customers’ demand has to be satisfied in the Vehicle
Routing Problem with Time Windows (VRPTW). For a summary of the VRP and its generalizations, we
refer to |Gayialis et al.| (2019)).

In more recent years, various generalizations of the VRP also considered the environmental impact of
transportation. This impact has been considered by incorporating, amongst other variables, the cost of
greenhouse gasses in the objective function in the Pollution-Routing Problem (PRP) by [Bektag & Laporte
(2011). The impact has also been considered in Green Vehicle Routing Problem (G-VRP), proposed by
Erdogan & Miller-Hooks| (2012). In the G-VRP, the vehicles are alternative fuel vehicles which need to
replenish its fuel. This can be done at a (scarce) number of alternative fuel stations and is assumed to
take a fixed amount of time. The case of refueling times being dependent on the amount of fuel charged is
researched by |Conrad & Figliozzi (2011). The problem they study was named the Recharging VRP (RVRP)
but is also called the Electric VRP (EVRP). In the EVRP refueling could be done at certain customer nodes
and is assumed to be done until a full charge is reached.

Schneider et al.| (2014)) introduced the Electric Vehicle Routing Problem with Time Windows and Recharg-
ing Stations (EVRPTW), which will also be considered in this paper. In this problem, a fleet of homogeneous,
capacitated EV’s with limited battery capacity needs to service a set of customer nodes within specified time
windows by being assigned to routes starting and ending at a depot. The EV’s are allowed to charge at mul-
tiple charging stations, which do not need to be at customer nodes. In this problem, charging is always done
until the battery is full. Moreover, it is assumed that charging times are linearly dependent on the amount
of fuel charged. They simplify the real world by assuming flat terrain, assuming speeds along edges to be
known and constant, and neglecting the influence of payload on fuel efficiency. The primary objective of the
problem is minimizing the number of EV’s needed and the secondary objective is minimizing total distance
traveled. In the paper, a mathematical model for the problem is provided. This model makes use of dummy
variables for recharging stations to allow multiple recharges at the same station. Because the problem is a
generalization of the VRP, and because the VRP is known to be NP-hard, see [Lenstra & Kanl (1981), the
EVRPTW is NP-hard as well. [Desaulniers et al.| (2016 proposed an exact branch-price-and-cut algorithm
for the problem. If shorter computational times are preferred, heuristics are an option. |Schneider et al.

(2014) proposed a hybrid metaheuristic which they call VNS/TS. This heuristics is a combination of Variable



Neighbourhood Search (VNS) and Tabu Search (TS). Furthermore, it makes use of the acceptance criterion
of Simulated Annealing (SA). They show by testing on numerous instances that the VNS/TS heuristic has
a strong performance.

Since its introduction, the EVRPTW has been further researched. Some examples of which will be named
here. |Goeke & Schneider| (2015) considers the case having a mixed fleet of EV’s and internal combustion
commercial vehicles and they model the energy consumption rate instead of assuming it to be fixed. [Xiao
et al.| (2019) analyzes the effects of modeling the energy consumption rate and making speeds across arcs a
decision variable. The possibility of time dependent waiting times at the charging station is considered in
Keskin et al.| (2019)). This paper also allows customers to be served late at the cost of a monetary penalty.
Their total cost consists of costs incurred due to vehicles, drivers, energy, and late penalties. A distinction
between Full Recharge (FR) and Partial Recharge (PR) is made by Keskin & Catay| (2016). That paper
considers the EVRPTW-PR case and develops a Adaptive Large Neighbourhood Search (ALNS) algorithm
for solving it. |Zuo et al. (2019) also looks at PR case and relaxes the assumption of a constant charging rate

by modeling it with a concave nonlinear charging function.

3 Problem description

The EVRPTW-PR concerns a set of customers, each with a known demand, delivery time window, and
service duration. These customers are to be served by a set of homogeneous electric vehicles with known load
and battery capacities. The routes for these vehicles have to start and end at a known depot. The vehicles
leave with a full battery and the charge in the battery decreases proportionally to the distance traveled.
To avoid negative charge, vehicles are able to charge at a number of charging stations, where the battery is
charged proportionally to the time spend charging. Contrary to the EVRPTW, vehicles do not have to attain
full charge before continuing the route. The primary objective of the problem is to minimize the number of
vehicles required to satisfy all customers. The secondary objective is to minimize the total distance traveled
by those vehicles.

As is common in VRP modeling techniques, several real-world characteristics are simplified. The effect of
payload on route cost is neglected and the terrain is assumed to be flat. The distance between vertices is the
Euclidean distance and the speed over these arcs is given and constant. Furthermore, recharging is assumed
to be linear, whereas in the real-world the last percentages of charge take more time. For a more extensive

overview of the assumptions, we refer to |Schneider et al.| (2014).

3.1 Mathematical formulation

Now we will introduce the mathematical formulation for the problem. The model is based on the one used
in [Keskin & Catay| (2016). We will follow the notation used there, which in turn follows the notation in
Schneider et al.| (2014).



Let the set V' = {1,..., N} represent the customer nodes and F' denote the set of charging stations. To
allow multiple visits to charging stations, dummy variables are generated for these nodes. These dummy
variables are in the set F’. The depot is represented by two nodes, namely 0 and N + 1. These nodes are at
the same location but 0 represents the start, and N +1 the end of the routes. The set V' = VUF"’ is the set of
all customer nodes and charging station dummies. If a depot representing node is added to the set, this node
is subscriped to the set, for example Fj = F'U{0}, V11 = VU{N+1}, and Vj y, = VUF'U{0}U{N +1}.

The problem is defined on a complete directed graph G = (Vjy y 11, A), where A = {(i,7)[i,j € V§ yy1,0 #
Jj} is the set of arcs. Each arc is associated with an distance d;; and a travel time ¢;;. The charge required
to travel an arc is h - d;;, where h denotes the charge consumption rate. Each vertex in Vol, N1 is assigned
a non-negative demand ¢;. For each i ¢ V, ¢; = 0. Moreover, for all nodes a time window [e;, ;] is given,
where e; denotes the earliest time service to node i can start, and [; the latest time service can start. The
latter means that service can end after /;, but only when it started before that. All nodes in V) n41 have
a fixed service time s;. For 0 and N + 1 this time is zero. For the recharge stations, the recharge time is
linearly dependant on the amount charged by a factor g, the recharge rate.

The set of homogeneous vehicles is located at the depot. Each vehicle has a maximum load capacity of
C and a maximum battery capacity of Q.

The model makes use of five decision variables. The variable z;; equals one when arc a;; is traveled and
zero otherwise. The time service to node 7 started is denoted as 7;. The remaining load in the vehicle after
servicing a node ¢ is denoted w;. The charge of the vehicle servicing i is denoted as y;. For each recharge
station 4, a the variable Y; is defined as the amount of energy charged.

This problem has two objectives. The primary objective is minimizing the number of vehicles used. the
secondary is minimizing the total distance traveled. We will first present the model minimizing the primary
objective and then explain how this model has to be altered to optimize the secondary objective. The

mathematical model for the primary objective, Model 1, is as follows:

min Z To; (1)

i€ Vi
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0 <uy <wuy — qiwi; + C(1 — x45) VieVy, Vi€ Vyi, i# ] (8)
0<uy<C (9)
0<y; <yi — hdijxy; + Q(1 — x45) VieV,Vje Vi, i#] (10)
0<y; <Q—hdjjz;j + Q(1 — x;5) i=0,Vj €V (11)
0<vy; <Y;—hdijzi; + Q(1 — z;;) Vie F',Vje Vi, i#] (12)
i <Y <Q VieF' (13)
zi; € {0,1} Vie Vi Ve Vi it (14)

The objective function is defined by . Constraints and ensure the connectivity of customer and
charging nodes respectively. The flow conservation at those nodes is handled by . Constraint and @
ensure the time feasibility of routes. The time window restriction is modeled by Constraint @) Moreover,
these three constraints together eliminate sub-tours. Constraint and (@ enforce the load capacity restric-
tion. The next four constraints deal with the charge restrictions. Constraint handles the charge when
leaving customer nodes and Constraint that for leaving the starting depot, where the charge is assumed
to be at the maximum battery capacity. Constraint handles the charge after leaving recharge charging
stations, where the range of the amount charged is restricted in . Lastly, constraint defines the range
of the binary decision variable.

As mentioned before, the model has a secondary objective. To optimize this, we formulate a second
model similar to the first one. Let m be the minimal number of vehicles used, as found by Model 1. In
addition to Constraints to 7 the following objective and constraint make up the model for optimizing

the secondary objective, Model 2:

min Z dijxij (15)

PEVE, JE Vi, i #7
s.t. Z Toi =m (16)
i€ Vi,
Where is the objective function of minimizing the total travel distance and Constraint ensures that
the primary objective, the number of vehicles used, is not worsened.

To improve the efficiency of the models, we added several preprocessing constraints. These constraints

can be found in Appendix [A]

4 Methodology

As a solution method for the EVRPTW-PR, we use a Variable Neighbourhood Search/Tabu Search (VNS/TS)
metaheuristic. As the name suggests, this heuristic is a combination of a VNS as proposed by




& Hansen| (1997)) and a TS as proposed by |Glover| (1989)). Hybrid combinations of the two heuristics have
been successfully implemented for VRP’s, for an example see [Tarantilis et al.| (2008]). The one used in this
research is based on, but not identical to, the VNS/TS proposed by [Schneider et al.| (2014)).

The metaheuristic works as follows. An initial set of routes is generated. These routes do not need to
be feasible but have to cover all customer nodes. Section describes how these routes are generated. The
initial solution will be improved in the following iterations. Solutions are compared based on a generalized
cost function. This means that infeasible solutions are allowed but are penalized for breaking constraints.
The generalized cost function is explained in detail in Section In each iteration, the solution is altered
based on a neighbourhood structure. This is called shaking and is described in Section The altered
solution is then improved by a Tabu Search, which is explained in Section [£.4] If the resulting solution is
better than the solution at the start of the iteration, the resulting solution is chosen to start the next iteration
with. If it is not better, it has a probability of being chosen based on an SA criterion, which is detailed in
Section specify the different recharge strategies.

The heuristic starts in a feasibility phase. During this phase, a new route is added to the solution after
each 7feqs iterations. This phase is terminated as soon as a feasible solution was found. After the phase,
the total distance of the solution is improved for 744 iterations. In Algorithm [I} the pseudo code for the

algorithm can be found.

Algorithm 2: An overview of the VNS/TS metaheuristic.

N < the set of VNS neighbourhood structures

S < a generated initial solution

k+1

140

feasibilityPhase < true

while feasibilityPhase V (—feasibilityPhase A\ i <ngist) V S is not feasible
do

S’ + shake S using N

S"" < apply Ntabw iterations of Tabu Search on S”

if S” is accepterd over S by the SA criterion then

S« S

k+1
else

| k<« (k modulo kmaz) + 1
end
if feasibilityPhase then
if S is not feasible then
if 1 = Tfeas then
‘ Add a vehicle to S
i —1
end

else

‘ feasibilityPhase <+ false
i —1

end

end
1141
end




4.1 Initial solution

The initial solution is creating in a way similar to the initial solution in |Cordeau et al.| (2001)). To start,
a random point on the plane is chosen. Next, the customer nodes are sorted based on the angle the line
segment between the node and the depot makes with the line segment between the depot and the selected
random point. The first route is opened, initially from the start depot to the end depot, making the number
of routes k equal to 1. The first unassigned customer is added to the open route between two successive
nodes such that the increase in route length is minimized. If this insertion either increases the length of the
route to above the distance a vehicle can travel on one fully charged battery or makes the total demand on
the route exceed the load capacity, the node is added to a newly opened route instead, increasing k by one.
This is only done if the number of routes k is still lower than a predetermined maximum number of routes
m. This process is repeated for all customer nodes. The result is m routes of which the first m — 1 satisfy
the battery and the capacity restriction without recharging. For these routes the time window constraints
may be broken. For the last route, all these restrictions may be broken.

The value of m is based on a simple lower bound on the number of vehicles based on the total demand

and vehicles capacity. This lower bound is identical to the lower bound used for Model 1, as described in

Appendix [A]

4.2 Generalized cost function

The VNS/TS search aims to improve the initial solution on the basis of the generalized cost function fge, (.S9).

The formula for this function is as follows:
fgen(S) = f(S> + aPcap(S) + Bth(S) + ’YPbatt(S>- (17)

In this formula, f(S) denotes the total distance traveled. Peqp(S), Py (S), and Pyat(S) respectively denote
the violation of the load capacity, time window, and battery range restrictions. These violations are scaled
by penalty factors «, 5, and ~, respectively. These factors are initialized at (a, Bo, 7o) but after Npenaity
successive iterations of breaking the respective restriction, the factor is multiplied by a predetermined 9.
Conversely, after 7penqity Successive iterations of satisfying the respective restriction, the factor is divided by
0. The value of the factors are bounded by (min, Bmin, Ymin) and (Cmaz, Bmazs Ymaz)-

We will now describe how the value of the violations are determined. For this, a route r is defined as a
sequence of nodes v; starting at vy and ending at v,41, both representing the depot. The function Vert(r)
returns the set of nodes in route 7.

The value of P.qp(S) is the sum of the capacity penalties Peqp (%) of the individual routes that make up

S. Peap(ry) is calculated as follows:

Peop(ri) = —min(C — Z v, 0).

veVert(r)



The value of Py, (S) is based on the notion of time travel. [Nagata et al.| (2010) introduced this approach and
later [Schneider et al.| (2013]) improved it. Time travel entails that if a customer node i is served late, it is
assigned a penalty but handled as if the vehicle serviced ¢ at its due time. This prevents the penalty to be
carried over to all consecutive nodes and thereby possibly penalizing efficient segments of a route.

The time travel approach also has advantages in computational time for inter-route moves. This is
achieved by storing forward and backward time window penalty slacks. Using these, some insertions of a
node, some removals of a node, and some merging of two partial routes can be calculated in O(1). This is
not possible when a charging station is present in the route segment after the operator because the charging
time depends on the battery charge, which in turn depends on the traveled distance. In this case, the penalty
slacks have to be recalculated for the nodes between the operation and the charging station, for the charging
station itself, and the node following the charging station.

The calculation of Py (S) is based on the variables Y7 and YT . These variables denotes the charge
required to travel from previous non-customer node to v; and the charge required to reach the next charging

station or depot from node v;, respectively. The value of these variables is calculated as follows:

hdvi, vy lf Vi—1 = Fé’
T, = 1 i=1,n+1;
Y., , +hdy,_,v», otherwise,
hdv'v- if Vi+1 c /
v 1 .
T:J_i = o " 1 =0,..,n.
Y5, +hdy,,, otherwise,

Using this variable, the battery penalty of a route Py (1) is calculated as follows:

Pyari(r) = Z maz (Y, — Ecs,0),
v;€Vert(r)
where E.; is the amount of charge the vehicle had when departing from the previous non-customer node.
The exact value of this variable will be explained later. The total battery penalty is of a solution is the sum
of the battery penalties of the routes in the solution. The variable T is slack which is used to evaluate TS

operators.

4.3 Variable Neighbourhood Search component

For understanding the VNS component of the VNS /TS metaheuristic, we first sketch how a general standalone
VNS algorithms works. Such an algorithm makes use of a predetermined set of neighbourhood structures.
Each iteration is started by a shaking phase in which the current best solution S is altered using the neigh-
bourhood structure Ny to a neighbouring solution S’. This is called a perturbation move. This solution is
improved using a greedy search to a local optimum S”. If S” is better than S, it is taken as the new S and

the neighbourhood is reset to A. If this is not the case, the initial S is kept and a the next iteration will be
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(a) Before the cyclic exchange. (b) After the cyclic exchange.

Figure 1: An example of a cyclic-exchange move with #Rts = 3 and A4 = 3.

started with neighbourhood Ny 1, which is larger than N

In this VNS/TS this procedure is altered. The greedy search is replaced by a Tabu Search, which will be
described in the next section. The acceptance criterion is changed to the acceptance criterion of SA. This
criterion helps diversifying the search. Furthermore, the neighbourhood structure will be specified.

The criterion of SA entails that a new but worse solution S” has a probability of being accepted. This
probability is dependent on the temperature T of the iteration and on the value of the current solution S as
in the formula:

. ff<S”T)*f(S) .
The initial temperature Tj is set such that a solution with a generalized cost which is g4 higher than the
cost of the initial solution, has a 50% of being accepted as new solution. However, every iteration after this
the temperature T is decreased by multiplying it with a cooling factor ¢, 0 < t < 1.

The neighbourhood structure of the VNS are defined as cyclic-exchange operators, which are introduced
by [Thompson et al.| (1989). A cyclic-exchange entails swapping sequences of customers between two or more
routes. In the neighbourhood structure N} of the VNS/TS are characterized by two parameters, namely
#Rts and A,q.. F#Rts denotes the number of routes involved in the exchange. For each of these routes
a randomly chosen sequence of nodes is selected. These sequences have a length which is randomly chosen
on the interval [0, min(Apqz, 7). These sequences then swap place in the routes. An example of a cyclic-
exchange move is provided in Figure[l}] The k-neighbourhood structures we used are identical to the ones in

Schneider et al.| (2014) and are shown in Table

k  #Rts Amas | kK #ERts  Amas | K #RLS  Amas
1 2 1 6 3 1 |11 4 1
2 2 2 7 3 2 |12 4 2
3 2 3 8 3 3 |13 4 3
42 4 9 3 4 |14 4 4
5 2 5 |10 3 5 |15 4 5

Table 1: An overview of the k-neighbourhood structures defined by the number of routes involved # Rts and
the maximum number of translocated nodes A4z -



4.4 Tabu Search component

A general Tabu Search explores a function without getting stuck in local optima. This is done by declaring
moves tabu. If a move is tabu, it is forbidden to perform this move for a few iterations. In a Tabu Search,
solutions are altered by means of a neighbourhood structure. The operation generating the neighbouring
solution with the lowest generalized cost that does not involve a tabu move is performed. This is done even
if that generalized cost is higher than the cost of the original solution. The moves of the performed operation
will then be added to the tabu list for a number of iterations to avoid moving back in the next few iterations.
The combination of forbidding moves and accepting worse solutions avoids getting stuck in local optima.

In the VNS/TS, the TS replaces the greedy heuristic. In this case the neighbourhood for the order of
the nodes in the route is defined by four operators, namely 2-opt*, relocate, exchange, and stationInRe.
Additionally, we will define a fifth operator we will call changeStrategy. This operator changes the amount
of energy charged at charging stations. The first four operators change the order of the nodes in the routes.
For these operators, examples of these changes are shown in Figure

The 2-opt* operator is proposed by [Potvin & Rousseau| (1995)). It is adaptation to the time window case
of the 2-opt operator by |Lin| (1965). It functions by making a cut in two routes. Then the first half of first
route is connected to the second half of second route and vice versa.

The relocate operator takes a single node from a route and inserts it in a different route or in the same
route at a different place. This operator is introduced by [Savelsbergh! (1992). In its implementation in the
VNS/TS algorithm, the operator is allowed to relocate charging stations.

Savelsbergh| (1992) also introduced the exchange operator. This operator swaps the position of two nodes
within one route or between two routes. This operator is not allowed to move charging stations.

The operator stationInRe is introduced by [Schneider et al.[(2014)). If this operator is called on a charging
station node, it removes this node from the route. If it is called on an other node type, it inserts a charging

station after the node with the default charging strategy of full recharge.

@—0—0—  ——0—

(c) Exchange operator. (d) StationInRE operator on a customer node.

(e) StationInRE operator on a charging station.

Figure 2: Examples of the operators that change the order of nodes in a route. The operator is called on the
black nodes. Possible grey nodes are the second node the operator used. Dashed edges are those which are
removed and thick edges are those which are inserted.
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The operator changeStrategy can only be called on charging station. It switches the current recharge
strategy applied at this station to an other recharge strategy. The recharge strategies will be explain in the
next section. For this operator, no tabu’s are implemented.

To increase computational speeds, the amount of moves to be evaluated can be lowered by requiring that
at least one arc that will be inserted is promising. This is called sparsification. In |Schneider et al.| (2014]),
this is achieved by performing the operators on generator arcs, which are introduced in [Toth & Vigo (2003).
Our implementation is based on nodes instead of arcs, therefore we assign two sets to each node. The first is
a set of the g.os¢ closest customer nodes and the second one the g.s closest charging stations. Operators are
only called on a node in combination with a node from one of these sets, the starting depot, or the ending
depot.

The tabu list contains all moves which are declared tabu for an iteration. A tabu move is defined as an
attribute (&, k, i, ¢). It means that the insertion of arc £ into route rj between node p and ¢ is prohibited.
The number of iterations a move is prohibited is called the tabu tenure. The tenure ¥ is randomly drawn on
the interval [Ymin, Omaz]. The VNS move is also added to the tabu list. If an aspiration criterion is met, the
tabu status of an arc is ignored. In this heuristic the aspiration criterion is met if the resulting solution is

feasible. The number of iterations TS is performed in a VNS iteration is 9gpy-

4.5 Recharge strategies

Generalizing the problem from EVRPTW to EVRPTW-PR introduces the decision of how much should be
charged at a charging station. Because a decision variable for the amount charged, as the Y; in the model,
does not fit in the VNS/TS framework, we define two recharge strategies and the operator changeStrategy,
the latter of which has already been introduced.

Recharge strategies determine the amount of energy that will be charged. Because there can be leftover
charge y; when arriving at a charging station, the amount of energy charged is calculated as E.; — y;. Here
E.; denotes the desired amount of charge when leaving the charging station. The value of this variable
depends on the recharge strategy at the charging station.

The first recharge strategy, which we will call Level Recharge (LR), entails charging up to a certain level.
These levels are defined as a percentage of the total battery capacity ). In this way, FR, requiring full
charge when leaving a charging station like in the EVRPTW, can be reformulated as LR-100. We will also
experiment with other strategies as LR-75 and LR-50. For a LR-z, F.s is determined as = - Q. [Keskin &
Catayl (2016) experimented with a similar approach to recharging. They called this partial recharge schemes
but used the same scheme for every charging station. By allowing different occurrences of charging stations
to have different recharge strategies, we possibly allow for better solutions.

The second recharge strategy entails recharging just enough for reaching the next charging station or
the ending depot. We will call this strategy Required recharge (RR). The amount of energy charged F, is
determined by the formula E.; = min(Y;,, Q).
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Recharge strategies are linked to a specific occurrence of a charging station. This means that when
a recharge station is relocated, the recharge strategy is also carried over. It also implies that if a recharge
station is used multiple times to recharge, each occurrence has its own recharge strategy. Only the stationInRe
operator can insert a new occurrence of a charging station and when it does, it gives the station the LR-100

recharge strategy. Only the changeStrategy operator can change the strategy.

5 Computational experiments

To assess the performance of our metaheuristic we perform multiple computational experiments. For this we
will use the EVRPTW data sets which are described in Section [5.1] All experiments were performed on a
laptop computer equipped with an Intel Core i7 processor clocked at 2.2GHz with a turbo of 3.1 GHz and
with 8GB memory, running Windows 10 Home. The code was executed using Eclipse IDE for Java developers
version 2020-3 using Java jdk 14. The implementation of the models made use of library of the commercial
solver CPLEX Studio 12.10.

An overview of the parameters used for the metaheuristic is given in Table [2| These values are based on
those used in [Schneider et al| (2014). The values of new or undefined parameters are based on preliminary
tests. During these tests we found that increasing the number of Tabu Search iterations 7;4p,, Was beneficial
for optimizing the primary objective, especially for smaller instances. Therefore we chose to use 7¢gp, = 150
for these small instances. For the larger instances we used the 745, = 100, like in |Schneider et al.| (2014]), to

decrease run time.

General VNS Penalties TS
Jcost 8 77feas 500 (Oéo, ,807 ’YO) 10 '19min 15
Jes 3 Ndist 200 (amin7 ,Bminy szn) 0.5 Yrmaz 30
dsaA 0.08 | (maz, Bmaz, Ymaz) 5000 | Mabe,  100/150
t 0.9 1) 1.2
Npenalty 2

Table 2: An overview of all the values of the parameters used.

5.1 Data

The data we will use is the set of benchmark EVRPTW instances as available on |Goeke| (2019)). These data
instances are made by [Schneider et al| (2014) when introducing the EVRPTW problem and are based on
benchmark instances for the VRPTW problem proposed by |Solomon| (1987)). The data set contains 36 small
instances and 56 large instances. The small instances have 5, 10 or 15 customer nodes and between 2 and 8
charging stations. The large instances have 100 customers and 21 charging stations each. In all instances,
one of the charging stations is at the depot.

The instances can be divided into multiple classes. These classes are based on distribution of the nodes
and the length of the scheduling horizon. The distribution of nodes divides the data into classes R, C, and

RC for respectively random distribution, clustered distribution, or a mix of both. A short scheduling horizon,
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requiring more vehicles to be feasible, is denoted by a 1 and a long scheduling horizon by a 2. The resulting
six classes therefore are: R1, C1, RC1, R2, C2 and RC2. Within a class, the instances differ on the basis of
time window density and width. For each instance the fuel tank capacity, vehicle load capacity, the inverse
fueling rate, the fuel consumption rate, and the average velocity are given. The latter two are equal to one
for simplicity’s sake.

For more details about these instances, we refer to [Schneider et al.| (2014)).

5.2 Full recharge performance comparison

In this section, the performance of our VNS/TS will be compared to the performance of the VNS/TS of
Schneider et al.|(2014) and the results of their model for the small instance problem. To distinguish it from
ours, we will refer to their VNS/TS in this section as SSG, after the three authors. [Schneider et al.| (2014)
used CPLEX to solve the 36 instances using an time-limit of 7200 seconds. Within this time-limit, 25 of these
instances were solved to optimally. For the remaining 11 an upper-bound was found. The SSG metaheuristic
results are the best results found in ten runs. For 35 instances, the SSG heuristic found a solution equal to the
solution of the model. In the remaining instance, the heuristic found a solution lower than the upper-bound
by the model. The results are shown in Table

Table [3| also displays the performance of our VNS/TS. For this heuristic too, the results shown are the
best of 10 runs. For 35 instances, the primary objective equals that of the solution by the model. For these
instances the gap in distance with model solution is displayed. This reveals that in 28 cases the solutions
were equal and in 6 cases the heuristic solution was worse. For one instance, the distance was less than that
of the model solution. The average gap is 1.20%.

For the last instance, rc108C5, one extra vehicle was used. Despite thorough examination into this case,
no cause was found. We suspect that a restriction might be implemented too strict. Our main suspect for
this is the time window restriction, because the total distance is the same for both solutions. An other, less
likely, possibility is that minor rounding errors native to java accumulate and distort calculations.

We suspect the cause of the aforementioned vehicle deviation also might be the cause of some of the other
solutions that require more traveling. We observe that the deviations tend to occur for the larger instances.
They also seem to happen less for the clustered distribution instances. More pronounced is that they happen
more for class 2 instances, those with longer planning horizons. These observations lead us to conclude that
deviations are more likely for longer routes. This strengthens our believe that the cause is in the calculation
of time window restriction.

Run times cannot be compared directly since the [Schneider et al.| (2014) results are obtained on a dif-
ferent computer. However, it is save to say that the SSG implementation is faster. The run time of our
implementation seems to be more dependent on the number of routes in the final solution. This leads us to
believe that in the SSG implementation the savings per operator were saved across TS iterations, if the route

are not changed. However, because the exact implementation of SSG is unknown this is not certain. We did
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FR CPLEX SSG VNS/TS

rc108C10
rc201C10
rc205C10

Instance | #Veh TD t(s) #Veh TD t(s) #Veh TD t(s) ATD
c101C5 2 257.75 81 2 257.75 0.21 2 257.75 45.29 0.00%
c103C5 1 176.05 5 1 176.05 0.12 1 176.05 9.02 0.00%
c206CH 1 242.55 518 1 242.55 0.14 1 242.56 20.12 0.00%
c208C5 1 158.48 15 1 158.48 0.11 1 158.48 17.18 0.00%
r104C5 2 136.69 1 2 136.69 0.13 2 136.69 60.12 0.00%
r105C5 2 156.08 3 2 156.08 0.11 2 156.08 72.56 0.00%
r202C5 1 128.78 1 1 128.78 0.11 1 128.78 10.21 0.00%
r203C5 1 179.06 5 1 179.06 0.15 1 179.06 7.03 0.00%
rc105C5 2 241.30 764 2 241.30 0.14 2 241.30 79.96 0.00%
rc108C5 1 253.93 311 1 253.93 0.17 2 253.93 80.53
rc204C5 1 176.39 54 1 176.39 0.15 1 176.39 11.19 0.00%
rc208C5 1 167.98 21 1 167.98 0.13 1 167.98 10.50 0.00%
Tclo1CIl0 | 37 T 39376 171 | 3 T 39376 077 | 37 399.31  124.28° T 1.41%

c104C10 2 273.93 360 2 273.93 0.95 2 273.93 20.21 0.00%
c202C10 1 304.06 300 1 304.06 0.71 1 304.06 36.23 0.00%
c205C10 2 228.28 4 2 228.28 0.49 2 228.28  320.59 0.00%
r102C10 3 249.19 389 3 249.19 0.65 3 249.19  483.03 0.00%
r103C10 2 207.05 119 2 207.05 0.72 2 207.05 74.44 0.00%
r201C10 1 241.51 177 1 241.51 0.78 1 254.32 25.39 5.30%
r203C10 1 218.21 573 1 218.21 0.71 1 246.87 7.64 13.13%
rc102C10 4 423.51 810 4 423.51 0.69 4 423.51  739.34 0.00%

3 3 3

1 1 1

2 2 2

c103C15 3 384.29 7200 3 384.29  15.37 3 384.29 84.64 0.00%
c106C15 3 275.13 17 3 275.13  14.94 3 275.13  188.56 0.00%
c202C15 2 383.62 7200 2 383.61 13.41 2 383.62 113.56 0.00%
c208C15 2 300.55 5060 2 300.55  11.08 2 300.55 415.24 0.00%
r102C15 5 413.93 7200 5 413.93  19.55 5 419.94 161.69 1.45%
r105C15 4 336.15 7200 4 336.15  13.35 4 336.15  232.37 0.00%
r202C15 2 358.00 7200 2 358.00 13.17 2 358.00 211.68 0.00%
r209C15 1 313.24 7200 1 313.24  13.73 1 378.96 16.50  20.98%
rc103C15 4 397.67 7200 4 397.67  14.62 4 397.67  811.15 0.00%
rc108C15 3 370.25 7200 3 370.25  12.92 3 370.25 76.17 0.00%
rc202C15 2 394.39 7200 2 394.39 12.74 2 405.53 77.46 2.82%
rc204C15 1 407.45 7200 1 384.86  15.57 1 394.94 16.84 -3.07%
Avg. 2483.25 5.03 151.32 1.20%

Table 3: A comparison of FR results obtained by |Schneider et al. (2014) with CPLEX and their VNS/TS
(denoted as SSG) and our VNS/TS on the small EVRPTW instances.

not implement this feature in our implementation.

5.3 Required recharge on small instances

We will now turn to PR case and start by comparing FR and RR strategies for the VNS/TS metaheuristic.
We will compare this with the two models run by CPLEX. The models had a time limit of 5200 seconds each.
The standard number of dummy variables was two, but for the instances rc201C10 and rc204C15 three were
required for the optimal solution. The time limit prevented finding an optimal solution for 9 instances, which
are therefore upper-bounds.

Because the RR requires backward computation instead of forward, like for both FR and LR, a fast
implementation using slacks requires new functions. Due to time restrictions, we did not implement RR
with slacks. Instead, we assess the performance of RR using a slower version of the program that completely

calculates all costs for all solutions after each operator. In this version, RR is the standard and only possible

14



strategy at recharge stations. Due to the slower implementation, we were only able to run small instances.
We will also only compare based on one run. Nonetheless, we think this short inquiry in RR is valuable
because it provides insights. Moreover, we would like to note that implementing RR with slacks is possible
and does not require any new slacks.

The results are shown in Table [4l From it we see that the FR recharge strategy outperforms RR in 22
instances. For 11 of these this was also in the number of vehicles. In 13 instances RR was better, one of
these was in the number of vehicles. The remaining instance yielded the same solution for both strategies.
Besides generally outperforming RR in results, LR-100 was also faster as it was 80 seconds quicker on average.
The cause of this time difference is that in the current implementation for RR, time window penalties are
calculated in O(n?) instead of O(n).

It might feel counter-intuitive that RR performs worse in some instances. To illustrate how this can be,
we created an example which is displayed in Figure |3 We assume that @ = 91, h = 1, and that, due to the
time windows, node 1 has to be served before node 3. Let the early time window of node 2 be such that,
irrespective of the amount charged at CS1, the vehicle needs to wait before starting its service. Due to this
vehicles following FR or RR arrive at CS2 at the same time. The vehicle following FR, however, has 51
instead of zero units of charge left. Due to this, the RR vehicle will have to stay charging for longer. If both
vehicles would then travel to CS3, charge the amount dictated by the recharge strategy and than service
node 2 before going to the depot, the vehicle following RR would arrive at node 2 20 time units later. If the
due time of this node passed in these 20 time units, the vehicle would have to go to node 3 directly after

CS2, increasing the total route length by 11 units of distance.

70 D

CS1

PO

2

~ o)
71

Cs3 =0 Cs2

Figure 3: An example of how RR can increase travel distance. The black, white, and yellow nodes are the
depot, the customers, and the charging stations, respectively. The labels of the arcs represent both the travel
time and the charge required to travel the arc. The thick arcs represent the division a RR following vehicle
could be forced to make.

Comparing the RR results to the CPLEX FR results in the previous section shows that RR was able to
improve some solutions. This is more frequent for the instances containing more customers. A similar result

was found in [Keskin & Catay| (2016)). They ascribe this to the small instances being too restrictive in size
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to allow alternative routes. These things combined, indicate that RR can be a useful addition in a mixed

recharge strategy framework. However, this does require a faster implementation.

PR CPLEX FR/LR-100 RR

Instance | $Veh TD t(s) 1 t(s) 2 | #Veh TD t(s) ATD #Veh TD t(s) ATD
c101C5 2 257.75 0.9 0.3 2 277.28 11.6 7.58% 2 304.28 154 15.29%
c103C5 1 175.37 0.4 0.3 1 184.50 2.6 5.21% 1 184.50 2.9 4.95%
c206C5 1 242.56 0.1 0.2 1 242.56 2.6 0.00% 2 253.69 13.0

c208C5 1 158.48 0.2 0.7 1 158.48 2.2 0.00% 2 164.34 9.7

r104C5 2 136.69 2.8 0.1 2 136.69 8.7 0.00% 2 137.01 9.4 0.23%
r105C5 2 156.08 0.6 0.1 2 156.28 12.0 0.13% 2 186.98 14.4  16.53%
r202C5 1 128.78 0 0.1 1 128.78 2.1 0.00% 2 128.78 10.4

r203C5 1 179.06 0.1 0.1 1 179.06 2.8 0.00% 3 229.47 39.0

rc105C5 2 233.77 18.2 0.5 2 241.30 22.4 3.22% 2 247.55 13.8 5.57%
rc108C5 2 253.93 11.5 0.3 2 253.93 12.7 0.00% 2 262.27 13.6 3.18%
rc204C5 1 176.39 0.1 0.3 1 176.39 2.7 0.00% 2 185.16 10.6

rc208C5 1 167.98 0.1 0.2 1 167.98 2.1 0.00% 2 186.41 11.5

Tcl0ICI0 | 3 T 38825 42735 21 | 0 3 T 52435 1340 35.05% | 4~ 54310 @ 32712 T T

c104C10 2 273.93  5400.3 2 2 424.82 46.2  55.08% 2 353.71 56.3  22.56%
c202C10 1 304.06 2.4 12.6 1 312.91 13.2 2.91% 2 308.05 59.5

c205C10 2 228.28 27.5 0.2 2 283.72 47.0  24.29% 2 281.46 48.2  18.89%
r102C10 3 249.19 21.6 0.4 4 337.19 237.9 4 295.25 231.6

r103C10 2 206.12 2966 7.5 2 233.02 56.9 13.05% 2 242.08 60.4 14.85%
r201C10 1 241.51 0.9 2.2 2 280.32 67.0 2 373.76 67.0

r203C10 1 218.21 0.2 1.1 1 247.93 13.1  13.62% 2 251.84 56.2

rc102C10 4 423.51 63.5 0.6 4 499.25 4154  17.88% 4 429.19 512.5 1.32%
rc108C10 3 345.93  1671.3 0.7 3 370.14 137.0 7.00% 3 393.17 162.2  12.02%
rc201C10 1 412.86 422.6  5400.1 2 379.52 67.7 2 440.58 73.6

rc205C10 2 325.98 115.8 0.5 2 399.46 63.2  22.54% 2 592.60 69.7  44.99%

Tcl03CI5 | 3 7 34846  5400.1 1451 | 4~ 64808 = 7822 | 4~ 5523~ 7169

c106C15 3 275.13  2201.4 0.7 4 516.30 819.1 4 529.70 634.0

c202C15 2 383.62  5400.5 40 2 549.69 140.0  43.29% 2 623.38 213.4  38.46%
c208C15 2 300.55  5400.2 1.8 2 430.27 1124 43.16% 2 288.10 111.1 -4.32%
r102C15 5 412.78  5537.3  1349.7 9 612.10 3475.3 7 617.26  2238.8

r105C15 4 336.15  5481.7 36.7 6 590.87  1696.3 7 478.04  1901.3

r202C15 2 358  5400.6 32.4 2 593.91 136.7  65.90% 2 608.09 241.9 41.13%
r209C15 1 313.24 209.7 51.6 2 925.85 141.4 2 554.29 156.7

rc103C15 4 397.67  5428.7 357.3 5 514.05 1171.1 5 619.19 1154.1

rc108C15 3 370.25  5400.5 144 5 584.61  1148.1 5 463.72  1416.5

rc202C15 2 394.39  5400.1 4.2 2 551.73 132.0  39.89% 2 546.71 164.0 27.86%
rc204C15 2 310.57 5400.1 1107.2 1 420.66 22.2 2 476.06 139.4  34.76%
Avg. 15.99% 17.55%

Table 4: A comparison of different recharge strategies for the VNS/TS heuristic with a PR CPLEX solution
for the small instances.

5.4 Mixed level recharge strategies on small instances

Next, we assess the performance of the LR recharge strategy. More precise, we will compare a mixed recharge
strategy of LR-100 & LR-75 (Combination A) to a mixed recharge strategy of LR-100 & LR-50 (Combination
B). The results are based on one run of the fast implementation. The results will be compared to the same
PR model results from the previous section. Table [5| provides an overview of the results.

The Combination A appears to be outperforming Combination B. Both use an extra vehicle compared
to the solution of the model for one instance. Furthermore, Combination A improves upon the lower-bound
for the number of the model once. For the remaining cases, the number of vehicles is equal to the CPLEX

solution. The same distance was found for 21 and 19 instances by Combination A and B, respectively. The
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gap for Combination A is also lower with 3.03% compared to 5.55%. Only in run time is Combination B
better with a 4 seconds shorter average run time. This is even more remarkable considering that Combination

B calculated one route more. No logical explanation for this was found.

PR CPLEX LR-100 & LR-75 (A) LR-100 & LR-50 (B)

Instance | #Veh TD #Veh TD t(s) ATD #Veh TD t(s) ATD
c101C5 2 257.75 2 257.75 9.6 0.00% 2 257.75 8.6 0.00%
c103C5 1 175.37 1 176.05 2.7 0.39% 1 176.05 2.4 0.39%
c206C5H 1 242.56 1 242.56 2.3 0.00% 1 242.56 2.0 0.00%
c208C5 1 158.48 1 158.48 2.0 0.00% 1 158.48 1.7 0.00%
r104C5 2 136.69 2 136.69 7.0 0.00% 2 136.69 6.0 0.00%
r105C5 2 156.08 2 156.08 8.3 0.00% 2 156.08 8.2 0.00%
r202C5 1 128.78 1 152.59 2.0 18.49% 1 152.59 1.8  18.49%
r203C5 1 179.06 1 179.06 2.6 0.00% 1 179.06 2.4 0.00%
rc105C5 2 233.77 2 243.09 9.6 3.99% 2 241.30 9.3 3.22%
rc108C5 2 253.93 2 253.93 8.9 0.00% 2 253.93 9.1 0.00%
rc204C5 1 176.39 1 176.39 2.5 0.00% 2 185.16 7.0

rc208C5 1 167.98 1 167.98 2.0 0.00% 1 200.18 2.0 19.17%

Tclo1CIo | T3 7 738825 | 3 739931 518 285% | 3 42006 433 8.19%
c104C10 2 273.93 2 273.93 24.9 0.00% 2 279.93 19.2 2.19%
c202C10 1 304.06 1 351.57 117 15.62% 1 304.06 8.9 0.00%
c205C10 2 228.28 2 228.28 40.0 0.00% 2 228.28 30.9 0.00%
r102C10 3 249.19 3 249.19 53.7 0.00% 3 249.19 46.6 0.00%
r103C10 2 206.12 2 210.39 27.2 2.07% 2 210.39 23.3 2.07%
r201C10 1 241.51 1 254.32 9.7 5.30% 1 241.51 9.5 0.00%
r203C10 1 218.21 1 247.00 9.8 13.19% 1 340.02 10.3  55.82%
rc102C10 4 423.51 4 423.51 87.2 0.00% 4 428.93 96.0 1.28%
rc108C10 3 345.93 3 345.93 48.9 0.00% 3 345.93 45.0 0.00%
rc201C10 1 412.86 1 420.57 11.5 1.87% 1 412.86 9.9 0.00%
rc205C10 2 325.98 2 325.98 41.8 0.00% 2 325.98 39.5 0.00%
Tcl03CI5T | T3 T T 34846 | 3 38742 423 T 11.18% | 3 T 384.29 382 10.28%

c106C15 3 275.13 3 275.13 72.5 0.00% 3 275.13 63.5 0.00%
c202C15 2 383.62 2 383.62 57.7 0.00% 2 383.62 51.6 0.00%
c208C15 2 300.55 2 300.55 51.8 0.00% 2 300.55 47.7 0.00%
r102C15 5 412.78 5 425.26  156.4 3.02% 5 430.24  144.2 4.23%
r105C15 4 336.15 4 336.15 80.7 0.00% 4 356.12 69.7 5.94%
r202C15 2 358.00 2 358.00 75.2 0.00% 2 394.72 66.3 10.26%
r209C15 1 313.24 2 293.20 71.6 1 378.96 16.6  20.98%
rc103C15 4 397.67 4 397.67 78.1 0.00% 4 397.67 74.9 0.00%
rc108C15 3 370.25 3 378.36 57.6 2.19% 3 378.36 42.5 2.19%
rc202C15 2 394.39 2 483.82 88.2 22.68% 2 470.89 66.1 19.40%
rc204C15 2 310.57 1 418.63 18.7 2 341.58 51.8 9.98%
Avg. 36.9 3.03% 32.7 5.55%

Table 5: A comparison of the performance of a LR-100 & LR-75 mixed recharge strategy and a LR-100 &
LR-50 mixed recharge strategy to the PR model on the small EVRPTW instances.

5.5 Mixed level recharge strategies on large instances

The last computational experiment investigates the performance of the heuristic using a partial recharge
strategy to using full recharge on the large instances. We will compare a full recharge strategy to a mixed
strategy of LR-100 & LR-75. In Table [] the results based on one run are shown. As mentioned before, for
these runs value for the parameter 74, is lowered from 150 to 100.

The results favor the mixed strategy. In 13 instances, the methods did not find the same number of
routes. However, the total number of routes over all the instances is the same for both methods. For the

instances that the methods found the same number of routes, the mixed strategy decrease the average route
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distance by 0.73%. Because FR has a operator less to compute, it is faster. Due to this, the mixed strategy

was on average 1.3 minute slower than the average of 21.9 minutes required by FR.

On these instances, Keskin & Catay| (2016) saw a larger improvement when generalizing the EVRPTW

to PR-EVRPTW in their ALNS. There, the total number of vehicles decreased by 9. On the other instances,

the total distance decreased by 1.64%. Their larger improvement is explained by that the ANLS decides

the amount charged completely free, instead of by recharge strategies. This gap can be partially reduced by

combining more recharge strategies. When comparing their results to ours, we find that they use a total of

44 vehicles less. On the instances where the number of vehicles match with our FR result, their distance

decrease is 14.62%. This is explained by the completely free recharge amount, the decreased number of TS

iterations, and the deviations described in Section [5.2

FR/LR-100 LR-100 & LR-75 FR/LR-100 LR-100 & LR-75

Inst. | #Veh TD #Veh TD ATD Inst. #Veh TD #Veh TD ATD
cl101 13 1059.524 12 1154.48 rl12 12 1126.833 11 1165.63

cl102 12 1157.781 12 1054.37 -8.93% r201 4 1418.64 4 1405.30 -0.94%
cl103 11 1046.654 11 1219.14 16.48% r202 3 1278.969 3 1267.96 -0.86%
cl04 11 1274.44 10 1088.16 r203 3 1015.083 3 1093.81 7.76%
cl105 12 1398.407 12 1030.13  -26.34% r204 2 884.7612 2 932.50 5.40%
c106 12 1045.563 12 1105.44 5.73% r205 3 1274.947 3 122548 -3.88%
c107 11 1237.932 12 1029.95 r206 3 1085.802 3  1054.54 -2.88%
cl108 11 1145.066 12 1152.26 r207 3 902.0282 3 908.41 0.71%
c109 11 1118977 11 1228.33 9.77% r208 2 829.0458 2 877.17 5.80%
c201 4 673.1388 4 662.52 -1.58% r209 3  1017.354 3 1074.42 5.61%
c202 4 656.718 4 665.52 1.34% r210 3 1047.177 3 1019.58 -2.63%
c203 4 901.1314 4 648.04  -28.09% r211 3 878.3616 3 910.12 3.62%
c204 4 920.9186 4 792.04 -13.99% rcl01 17 1910.823 18 1871.48

c205 4 641.1283 4 673.11 4.99% rc102 16  1687.883 15 1756.38

c206 4 643.4497 4 676.04 5.06% rcl03 14 1420.297 14 1418.17 -0.15%
c207 6  713.7961 5 654.67 rcl04 12 1298.111 12 1258.97 -3.02%
c208 4 756.3962 4 689.85 -8.80% rc105 16 1575.13 16  1693.69 7.53%
r101 20 1803.931 20 1740.45 -3.52% rc106 15  1549.848 15 1537.85 -0.77%
r102 18  1625.732 18  1551.39 -4.57% rcl07 13 1481.899 13 1368.03 -7.68%
r103 15  1399.676 15  1388.99 -0.76% rcl08 14 1277.416 12 1316.15

rl04 12 1202.038 12 1170.92 -2.59% rc201 5 1520.294 5 1677.55 10.34%
r105 16  1595.159 16  1537.10 -3.64% rc202 4 1451.605 4 1642.21 13.13%
r106 15 1466.928 15 1341.69 -8.54% rc203 3 1296.734 3 1355.09 4.50%
rl07 12 1194.718 13 1276.12 rc204 3 1074.939 3 1017.55 -5.34%
rl07 12 1192.156 12 1139.33 -4.43% rc205 4 1341.315 5 1372.02

r109 13 1423.544 14 1296.90 rc206 3 1478.852 3 1578.92 6.77%
rl10 12 1188.025 13 1181.24 rc207 3 1216.837 3 1069.65 12.10%
rlll 13 1253.132 13 1207.61 -3.63% rc208 3 960.0773 3 1091.66 13.71%
Avg. -0.73%

Table 6: A comparison of the performance of full recharge and a LR-100 and LR-75 mixed recharge strategy

on the large EVRPTW instances.

6 Conclusion

In this paper, we aimed to allow for partial recharge in the VNS/TS framework. We found that there is

no straightforward way to do this in the framework. By introducing different recharge strategies and a new

operator, we were able to improve performance. These effects were mainly noticeable in the distance traveled.

For large instances, this decrease was 0.73%
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Our VNT/TS did not outperform the ALNS of |[Keskin & Catay| (2016)). However, the combination of a
strong performance of the VNS/TS by |Schneider et al.| (2014) and results of this paper leads us to believe an
improved implementation of the VNS/TS with recharge strategies could rival the results of the ALNS.

The implementation is the major limitation of this research. Due to an unknown cause, not all optimal
results were found on the small instances. Moreover, the implementation could have been faster by storing
the cost savings of operators across iterations. Furthermore, the implementation could have been closer to the
well performing VNS/TS of |Schneider et al.| (2014]) by implementing diversification penalties and generator
arcs. An improved implementation also should include a tabu structure for the recharge strategies. An other
limitation of the research is the idealizing of the real world in the problem.

Lifting these limitations are opportunities for further research. A better implementation could clarify
whether the VNS/TS framework is suited for solving the partial recharge case. Other assumptions as homo-

geneous fleet, neglecting effects of payloads, and known and fixed speeds could be lifted too.
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A Preprocessing

To increase the efficiency of the models, we formulated additional constraints which do not impede with the
optimal solutions. For this we define the set F! C F’, which is the set of dummy nodes for each node i € F.

For both models, we used the following restrictions:

Tio = 0 Vi € V](/'-i—l (18)

IN+1,i = 0 Vi e VOI (19)

Constraint removes the arcs from any node to the starting depot and constraint removes the arcs
from the ending depot to any other node.
We also removed the arc satisfying the preprocessing conditions of |Schneider et al.| (2014)). In other words,

the following constraint:
T 5 = 0 (20)
is added to the model if at least one of the following conditions is met:

iEV()/7j€V](;+1/\€i+Si+tij>lj7
’ieVOIJ'GV//\€i+8i+tij+8j+tj’]\l+1 > o,

i EV AT €F)y € Fiyy:hdy +dij+djy > Q.

Condition is based on capacity, Conditions and based on the time window constraint, and
Condition based on the limits of the battery.
In the Model 1 we also implemented simple upper and lower bound on the objective function. Let

Miow = [(Dvi e Vi nin ¢:)/C] and mpign = |Vy yi1]- Then the upper and lower bound constraints are:

Z Toi 2 MLow (25)

i€ Vi

Z Toi < Mpigh (26)

i€ Vi,
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