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Abstract

Nowadays, due to the new laws and policies related to the greenhouse gas emissions, and the rise of social and ecological awareness
of transport sustainability, logistic companies are incorporating green technologies in their distribution process. Here, electric
vehicles, as a cleaner mode of transport than conventional vehicles come to the fore and many companies are already integrating
electric vehicles in their delivery fleets. Compared to the conventional vehicles, electric vehicles have a shorter driving range due
to the limited battery capacity, and they need to recharge at charging stations more frequently. To efficiently route the fleet of
electric vehicles, new algorithms that take into account recharging time at charging stations need to be developed. In this paper, we
observed the electric vehicle routing problem with time windows (E-VRPTW) and multiple or single recharge policies during the
route. The homogeneous fleet of battery electric vehicles with limited load and battery capacity, customer time windows and full
linear recharge at charging stations is considered. To find the solution of the problem, on larger instances we apply the metaheuristic
based on the ruin-recreate principle and on the small instances we solve the mixed integer program with commercial software.
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1. Introduction

Recent laws and regulations related to the greenhouse gas (GHG) emission in the transport sector initiated green
incentives in logistic companies that deliver goods. Due to the relatively high CO2 emission of conventional vehicles
with internal combustion engine (ICEVs), companies are paying penalties for each emission of CO2 per km. Here,
electric vehicles (EVs) come to the fore with several advantages: (i) do not have local GHG emission, (ii) produce
minimal noise, (iii) can be powered from renewable energy sources, and (iv) are independent on the fluctuating fossil
oil prices (Schiffer et al., 2017).

Electric vehicle routing problem (E-VRP) is an extension of the well-researched vehicle routing problem (VRP) for
goods delivery but with the incorporation of electric vehicles (Toth and Vigo, 2001; Schneider et al., 2014). In VRP
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most often vehicle load capacity and customer time windows are taken into account. In E-VRP due to the EVs battery
capacity, additional routing constraints have to be considered: limited driving range and visits to charging station (CS)
to replenish the vehicle’s energy. In this paper, we observe battery electric vehicles (BEVs) which are fully linearly
charged at CS, with charging time dependent on the energy level when entering CS. The following recharge policies
are observed: (i) multiple recharge policy which allows a vehicle to recharge multiple times during the route, and
(ii) single recharge policy which allows only one recharge during the route.

The paper is organized as follows. In section 2 a literature review on recent developments related to the E-VRP
is presented while in section 3 problem is formulated as a mixed integer program. In section 4 the ruin-recreate
metaheuristic used for solving the problem is described. In section 5 results of exact and metaheuristic procedures on
benchmark instances for single and multiple recharge policies are presented. The conclusion of the paper is given in
section 6.

2. Literature review

Gonalves et al. (2011) first observed routing a mixed fleet of EVs and ICEVs in VRP with pickup and delivery,
where the refueling event occurred at the location of energy depletion and lasted based on the total EVs traveled
distance. Conrad and Figliozzi (2011) formulated recharging VRP in which they simulated the behavior of EVs with
limited driving range by allowing to refuel at customers locations during the route. Erdoan and Miller-Hooks (2012)
formulated the green VRP which consists of vehicles powered by alternative fuels: electricity, natural gas, ethanol,
bio-diesel etc. Vehicles refuel to full capacity at separately located stations. Barco et al. (2013) observed airport shuttle
service with BEVs where they determined energy optimal routes and their recharge schedule. Schneider et al. (2014)
formulated E-VRP with time windows (E-VRPTW) in which vehicles have to visit CSs to recharge. The full linear
recharge process is considered with recharge time dependent on the energy level when entering CS. To solve the
problem authors proposed a hybrid of variable neighborhood search and tabu search heuristics.

With BEVs integration in the current delivery fleets, several new problem specific variants emerged. Goeke and
Schneider (2015) and Hiermann et al. (2016) observed E-VRPTW and a mixed fleet of BEVs and ICEVs where either
equal or different load and battery capacities were observed. Both papers applied adaptive large neighborhood search
(ALNS) metaheuristic with local search to solve the problem. More recently, Hiermann et al. (2019) observed the mix
of ICEVs, BEVs and plug-in electric vehicles (PHEVs) which have two modes of propulsion: combustion engine or
electric engine. A hybrid of genetic algorithm, large neighborhood search, local search and dynamic programming is
used to solve the problem.

Instead of fully charging BEVs at CS Felipe et al. (2014) and Keskin and Çatay (2016, 2018) observed E-VRP
(green VRP) with partial recharge strategy and different charging technologies which can reduce the total traveled
distance compared to the full recharge strategy. The overall costs could be further reduced by the charging technology
optimization as most of the energy could be replenished during the low electricity costs ie. during the night. De-
saulniers et al. (2016) presented branch-price-and-cut algorithms for optimally solving E-VRPTW with and without
partial recharge strategy and for single or multiple recharges during the route. Instead of time-consuming recharg-
ing the battery swap strategy can be used in E-VRP to replace the empty battery with fully charged one (Hof et al.,
2017). Due to the low number of installed CS in the current road infrastructure, some researchers are investigating the
possibility of simultaneous CS sitting and BEV routing: the electric location routing problem (E-LRP) (Schiffer and
Walther, 2017). Schiffer and Walther (2018) proposed ALNS with local search and dynamic programming for solving
E-LRP which is also giving state-of-the-art solutions on the E-VRPTW instances. Most of the E-VRP researches are
considering linear charging process, which is valid until approx. 80 % of the SoC value for lithium-ion batteries. After
that, the SoC value increases non-linear in time (Pelletier et al., 2017). Only a few papers are dealing with nonlinear
charging process in the context of E-VRP (Montoya et al., 2017; Froger et al., 2018).

3. Model

Schneider et al. (2014) formulated E-VRPTW as mixed integer program which main parts we report as follows.
Let V = {1, . . . ,N} be a set of geographically scattered customers that need to be served, and let F be a set of CSs
for BEVs. In order to allow multiple visits to the same CS, a virtual set of CSs F′ is defined, where β represents the
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number of virtual CSs (visits) to single real CS. Vertices 0 and N + 1 denote the depot, and every route begins with
a vertex 0, and ends with a vertex N + 1

(
V0,N+1 = V ∪ {0} ∪ {N + 1}

)
. Graph G is defined as G = (V0,N+1 ∪ F′, A),

where A is the set of arcs A = {(i, j)|i, j ∈ V0,N+1 ∪ F′, i , j}. di j represents the arc distance and ti j time to traverse the
arc. The binary variable xi j = {0, 1} (equation 1) is equal to 1 if arc (i, j) is traversed in the solution, and 0 otherwise.
In E-VRP the minimization of vehicle number (equation 2) seems even more important as BEVs purchase costs are
higher than the ICEVs. Then the distance minimization is performed given by equation 3.

Each BEV has a load capacity C, battery capacity Q with the distance consumption rate r and energy recharge
rate g. Each vertex (customer, station or depot) has a service time si, load demand qi and time window [ei, li] while
the CSs and depots have the same time window [e0, l0] ie. the working hours. Beside the xi j decision variable, for
vertices i ∈ V0,N+1 ∪ F′ three more are used: τi arrival time, ui remaining load capacity and yi remaining charge level.
Equations 4 and 5 ensure the travel time feasibility of arcs. Equations 6 and 8 ensure upon the arrival to the vertex the
time window and load feasibility. Equations 7, 9 and 10 ensure load and energy charge feasibility at the arrival to the
vertex. Equations for the arc connectivity and flow preservation which ensure that each vertex is visited only once are
omitted from this paper and can be found in Schneider et al. (2014).

xi j ∈ {0, 1},∀i ∈ V0 ∪ F′, j ∈ VN+1 ∪ F′, i , j (1)

min
∑

j∈V∪F′
x0 j (2)

min
∑

i∈V0∪F′, j∈VN+1∪F′,i, j

di jxi j (3)

(ti j + si + l0)xi j + τi − τ j ≤ l0,∀i ∈ V0,∀ j ∈ VN+1 ∪ F′, i , j (4)

(ti j + l0 + gQ)xi j − gyi + τi − τ j ≤ l0,∀i ∈ F′,∀ j ∈ VN+1 ∪ F′, i , j (5)

e j ≤ τ j ≤ l j,∀ j ∈ V0,N+1 ∪ F′ (6)

(qi + C)xi j + u j − ui ≤ C,∀i ∈ V0 ∪ F′,∀ j ∈ VN+1 ∪ F′, i , j (7)

0 ≤ u j ≤ C,∀ j ∈ V0,N+1 ∪ F′ (8)

(rdi j + Q)xi j + y j − yi ≤ Q,∀ j ∈ VN+1 ∪ F′,∀i ∈ V, i , j (9)

0 ≤ y j + rdi jxi j ≤ Q,∀ j ∈ VN+1 ∪ F′,∀i ∈ 0 ∪ F′, i , j (10)

To speed up the search process, as in Schneider et al. (2014) we removed all the infeasible arcs (i, j) in the prepos-
sessing step: capacity violation (qi+q j > C∧i, j ∈ V), time window violation (ei+si+ti j > l j∧i ∈ V0∪F′, j ∈ VN+1∪F′),
depot late time window (ti + si + ti j + s j + tiN+1 > l0 ∧ i ∈ V0 ∪ F′, j ∈ V ∪ F′), energy violation stating to remove an
arc from one customer to another, if even with the preceding and succeeding stations the whole segment is still energy
infeasible (r(dvi + di j + d jw) > Q : ∀v ∈ 0 ∪ F′,w ∈ N + 1 ∪ F′ ∧ i, j ∈ V).

4. Methodology

4.1. Initial solution

For the generation of initial solution we applied modified k-time oriented nearest neighbor heuristic (k-TONNH) as
a combination of heuristics of Solomon (1987) and Felipe et al. (2014). A general description of the applied procedure
is given in algorithm 1. The object function in line 13 is used for the selection of customer where di j is the distance,
ts
i j time between start of serving customer j and end of serving customer i, tw

i j time between arrival to customer j and
late time window of j, and δ1, δ2 and δ3 are function weights (0.6, 0.3, 0.1) (Solomon, 1987).
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Algorithm 1 k-Time Oriented Nearest Neighbor Heuristic
1: Open new vehicle and set the current customer i to be the depot
2: while there are no unserved customers do
3: Initialize set C1 with unrouted customers that are reachable from i according to vehicle load capacity, customer

time window and depot time window
4: Initialize set C2 to be empty set
5: for each customer j in C1 do
6: if there is enough energy to reach j from i and then the depot from j then
7: Add j to the C2
8: else if the segment from i to j and then from j to the depot is feasible by inserting nearest CSs between the

depot and i and/or between i and j and/or between j and the depot then
9: Add j to the C2 with appropriate placement of CSs

10: end if
11: end for
12: if C2 is not empty then
13: From k customers in C2 that minimize the function δ1di j + δ2ts

i j + δ3tw
i j select one at random, add it to the

current vehicle and set the selected customer as customer i
14: else
15: Close the current vehicle, open new vehicle and set the current customer i to be the depot
16: end if
17: end while

4.2. Adaptive large neighborhood search

To further improve the initial solution the modified version of ALNS metaheuristic of Keskin and Çatay (2016)
initially developed for the E-VRPTW with partial recharges. ALNS is based on the adaptive removal and insertion of
customers in the solution (Pisinger and Ropke, 2007). For each removal and insertion operator score θo, weight wo,
probability po and number of time used no is tracked. In the current iteration, operators scores are updated based on
the following rule (σ3 < σ2 < σ1): (i) σ1 if new best solution is found; (ii) σ2 if new solution is better than the current
solution, (iii) σ3 if new solution is worse than the current solution but is accepted do to the acceptance criteria. The
weights for removal and insertion operators are updated every Nc/Ns iterations based on its current score and previous
weight value: wk+1

o = (1−ρ)wk
o +ρ ·θo/no. In each iteration the removal and insertion operator are selected by a roulette

wheel strategy based on their weight value: po = wo/
∑Nx

i=1 wi.
As proposed by Keskin and Çatay (2016) the operators are divided on customer and station removal/insertion

operators. The customers are removed from the solution by one of the 8 operators: random, worst distance, worst time,
shaw, proximity based, demand based, time based and zone removal. For each customer removal one of 3 additional
options is selected at random: remove customer with first preceding station, remove customer with first succeeding
station and remove customer without station. For station removal 2 operators are applied: random and worst distance.
Additionally, to lower the number of vehicles we developed greedy nearest route removal (GNRR). The GNRR selects
one route to be removed by favoring the routes with a lower number of customers. Then the k-1 nearest routes to the
current removed one are removed. For each type of removal operator the removal number is determined randomly
between predefined low and high threshold values.

For customer insertion operators greedy, regret (2, 3), time based and zone are applied, while for station insertions
operators greedy (GSI), best and greedy with comparison are applied. The detailed description of most of the applied
operators is described by Keskin and Çatay (2016).

A general overview of the applied ALNS is given in algorithm 2. After the creation of the initial solution, route
removal procedure is applied to lower the number of vehicles. This procedure repeats GNRR removal operator nr

times. After each GNRR removal additional nrr iterations of customers removals and insertions are performed on the
solution to find the solution with a lower number of vehicles. During that process the opening of the new vehicle is
prohibited if it will result in the same number of vehicles as the current best solution.
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After the first route removal, the customer and station insertion/removal procedures are performed in a predeter-
mined way. If a destroyed solution is energy infeasible we apply GSI to make it energy feasible. Additionally, if the
selected station insertion operator was not able to make the solution energy feasible we perform station insertion op-
erator on energy infeasible routes and do not increase the score values. This operator first removes all visits to CSs
in route and then tries to insert multiple stations at the positions that minimize the total distance of a route. In each
station insertion operator the use of more than two consecutive CSs is prohibited, as each customer can be reached
from the depot with at most two different CSs (Schneider et al., 2014). For a single recharge policy we prohibit the
use of more than one CSs per route.

In the single recharge policy, it is possible that there is not a feasible solution due to the CSs configuration in
the instance. We report that solution is infeasible if after the additional 2000 iterations of customers and stations
removals/insertions the solution is still infeasible.

Algorithm 2 Adaptive Large Neighborhood Search
1: while iteration limit not met do
2: Every NRR iterations select and perform route removal and customer insertion procedures coupled with greedy

station insertion to make the solution energy feasible
3: Every NS R iterations select and perform station removal and insertion procedures
4: Select and perform customer removal
5: if partial solution is energy infeasible then
6: Perform greedy station insertion to make the partial solution energy feasible
7: end if
8: if partial solution is energy feasible then
9: Select and perform customer insertion

10: end if
11: if solution is feasible then
12: Apply acceptance criterion to accept or reject the solution
13: end if
14: Every NC /NS iterations update operators weights and probabilities
15: end while

4.3. Insertion evaluation

An important part of algorithm performance are evaluations of possible customer insertions in the current solution.
In each iteration depending on the operator, the customer insertion which minimizes the operator’s objective is se-
lected. Such insertions can for VRPTW with endogenous variables be evaluated in O(1). In E-VRPTW the customer
insertion does not only affects the energy consumption, but it also affects the charging time at the next station down
the route. To know how much and how long will charging take at next CS and therefore to check the time window
feasibility, the arrival time and energy level for customers between the insertion and next station in route have to be re-
computed with the computation time O(n). During the search process, two types of customer insertion evaluations are
performed. During most of the search, we take into account customer insertions even if they are not energy feasible. If
such insertions are performed, the GSI is applied to make the solution energy and time window feasible. Towards the
end of the search, with every customer insertion evaluation the corresponding GSI insertion is evaluated. The insertion
of the customer together with its CSs that minimizes the operators object value is performed.

4.4. Acceptance

Regarding the acceptance criteria, better solutions are always accepted. In cases when solution S 2 is worse than the
current best solution S 1, simulated annealing heuristic is applied to determine whether to accept or reject the solution.
The probability of accepting such solution is computed as e( f (S 1)− f (S 2))/T (Schneider et al., 2014; Keskin and Çatay,
2016). The initial temperature T0 is selected as such that 4 % worse solution is accepted with a probability of 0.5.
Cooling factor is selected such that the temperature is below 0.0001 for the last 20 % of iterations.
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5. Results

The proposed procedure was tested on 36 small and 56 large E-VRPTW instances of Schneider et al. (2014). The
instances are divided into three types: clustered (C), random (R) and random clustered (RC), and each type has two
subtypes: 1 for narrow time windows and 2 for wide time windows. Large instances were solved only by ALNS, while
on small instances the ALNS and exact solutions produced by commercial software MATLAB 2016B are compared.
All tests were performed on the machine with Intel E5 processor and 32 GB of RAM. The ALNS is implemented
as a single-thread code in C#. Most of the ALNS parameters values are taken from Keskin and Çatay (2016), except
the route removal parameters: th e number of GNRR repeats nr = 10 and the number of consecutive iterations of
customers removals and insertions after each GNRR removal nrr = 200.

5.1. Small instances

MATLAB is used to solve the mixed integer program of E-VRPTW proposed in section 3. Built-in function intlin-
prog was used with a maximum time limit of 2 h and a maximum number of iterations per node set to 106. For vehicle
minimization, the stop criteria is performed when a theoretical minimum number of vehicles is found based on the
vehicle load capacity and customers demands. In table 1 the results on small instances with 5, 10 and 15 customers
are presented. We compared our results to the ones of Schneider et al. (2014) (SSG) which were produced by com-
mercial solver CPLEX. For each instance type the total number of vehicles used v, total traveled distance d [·103],
minimization time [min], td for distance, tv for vehicle number and tdv for both, total number of stations Ns and relative
percentage distance difference between SSG and our solutions are reported. Three values for virtual number of CSs
β were observed β = 1, 2, 3. For each one, the number of feasible solutions found regarding the vehicle number min-
imization Nv and the number of feasible solutions found regarding distance minimization Nd is presented. The value
in brackets represents the number of instances in which the found value had the same value as reported by SSG.

For β = 2 and instances with 5 customers the same best solutions as in SSG were found. For RC108C5 the SSG
reported a minimal number of vehicles to be 1, but as reported by Andelmin (2014) and Keskin and Çatay (2016), the
optimal solution was found with 2 vehicles for β = 1 while for β = 2 with 2 vehicles the optimum was not guaranteed.
In the presented results the corrected value for vehicle number is used. On C103C5 instance and β = 1 the optimal
number of vehicle found is 2, while the SSG reported 1 vehicle for the respective instance. The reason is that the use
of only one CS instance (β = 1) forces the use of 2 vehicles. Related, on the C206C5 and β = 1 the vehicle number
was the same as in SSG but the optimal distance found was 245.33. Underlined values represent that the number of
vehicles reported by SSG is used for the distance minimization, as MATLAB was unable to find an optimal number of
vehicles for most of the instances. It can be noted that β significantly affects the complexity of the problem. On 5 and
10 instances and β = 1, 2 MATLAB produces high quality solutions with reasonable execution time. As the number of
customers and/or virtual CSs rises MATLAB is most often not able to find the feasible solution, especially regarding
the vehicle number.

Next, the results of multiple recharge policy (ALNSM) and single recharge policy (ALNSS ) are compared to the
results of SSG. The ALNSinit

M represents the initial solution for the multiple recharge policy. The ALNS was run
for 10000 iterations. The ALNSM is able to find all the best-known solutions for small E-VRPTW instances in just
a couple of seconds. The k-TONNH procedure for the initial solution on small instances produced solutions that
compared to the best-known solutions have 27 % more vehicles and 42 % increase in the total traveled distance.
Allowing just a single recharge significantly increases the number of used vehicles and the total traveled distance, but
reduces the overall number of stations in the solution as vehicles serve the customers without charging in between.
In the single recharge case two instances R202C15 and R204C15 were infeasible, and therefore excluded from the
comparison (the corresponding values are underlined).

5.2. Large instances

Results on the large E-VRPTW instances are presented in table 2. The ALNS was run for 20000 iterations. On C2
type of instance the ALNS found the best-known solutions in all cases, while on the other instance types it was not
able to find the number of vehicles reported by SSG. On average applied ALNS has 8.16 vehicles per instance while
the SSG reported the average of 7.88, which is the increase of 3.6 %. As it produces more vehicles the distances are
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Table 1. Results on small E-VRPTW instances

Inst
SSG β = 1 β = 2 β = 3

v d td Nv Nd tv td Nv Nd tv td Nd

5(12) 17 2.27 29.65 12(11) 12(10) 0.06 0.04 12(12) 12(12) 94.33 11.17 11(10)

10(12) 25 3.62 175.68 12(10) 12(10) 41.6 2.32 12(9) 10(8) 363.02 542.18 7(6)

15(12) 32 4.33 1284.61 7(5) 7(4) 384 334.56 − 8(3) − 540.93 3(1)

Inst
SSG ALNSM ALNSS ALNSinit

M

v d td v ∆d tvd Ns v ∆d tvd Ns v ∆d

5 17 2.27 29.65 17 0.00 2.82 31 27 7.12 2.75 19 22 16.25
10 25 3.62 175.68 25 0.00 1.76 47 38 2.32 2.13 32 32 25.56
15 32 4.33 1284.61 32 −0.52 2.47 57 41 5.82 1.96 32 40 45.06

lower resulting with negative percentage relative values within 1 %. The k-TONNH produces initial solutions with
almost 60 % higher vehicle number and doubled the total traveled distance.

Due to the single recharge policy for 14 instances the k-TONNH+ALNS was not able to generate a feasible solution
and they were removed from the analysis (8 from rc1 and 6 from r1). With removed instances the average vehicle
number is 7, compared to the 5.97 of SSG, meaning that usually one additional vehicle per instance is necessary
for single recharge policy. As in small instances, the number of used CSs reduces as vehicle number increases. For
multiple recharge policy the average computation time is 11.43 minutes, while for the single case the average is 8
minutes. This is due to the lower number of customers in routes for single recharge policy and faster rejection of
infeasible insertions. By our knowledge in real life goods delivery, drivers usually take one longer break during the
delivery. Such brake could favor the single recharge policy as the vehicle could recharge during that time, at the
expense of more vehicles in the delivery fleet.

Table 2. Results on large E-VRPTW instances

Inst
SSG ALNSM ALNSS ALNSinit

M

v d v ∆d tvd Ns v ∆d tvd Ns v ∆d

c1 96 9.43 99 −0.98 85.72 82 110 7.76 58.83 71 172 124.93
c2 32 5.13 32 0.00 90.05 31 32 0.27 62.08 29 44 147.88
r1 154 15.12 161 −1.48 91.42 199 84 7.23 36.92 69 236 56.72
r2 29 10.07 31 −0.91 182.15 42 34 0.22 105.04 31 42 70.69
rc1 105 11.28 108 0.43 62.21 131 − − − − 178 91.52
rc2 25 9.18 26 0.35 128.74 42 34 −6.49 74.28 23 36 64.94

6. Conclusion

In this paper, routing of battery electric vehicles with time windows (E-VRPTW) and two recharging policies:
multiple and single recharge during the route is observed. During each recharge vehicle is charged to full capacity. To
asses the quality of such policies we applied adaptive large neighborhood search metaheuristic with several operators
for customer and station removal and insertion. Additionally, instances with a lower number of customers were solved
by commercial software MATLAB. Here, the number of virtual stations significantly affects the solution quality and
execution time, especially regarding the minimization of vehicle number.

The applied metaheuristic for multiple recharge policy in reasonable time produces solutions with in average 0.28
more vehicles per instance than the ones reported in the literature. The single recharge policy results with in average
1 additional vehicle per instance, but with a lower number of CS visits as some vehicles do not visit any CS. The
decision on what recharge policy to use depends on the application. The multiple recharge policy produces lower
number of vehicles, at the expense of more time spent at CSs. The single recharge policy by our knowledge better
approximates the real-life conditions as usually one larger break is used during the working hours, at the expense of
more vehicles in the delivery fleet.
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Future research will focus on the improvement of the applied metaheuristic to lower the number of vehicles and
total traveled distance with focus on more efficient insertion evaluations and implementation. Beside the multiple and
single recharge policies, the selection of available charging technology and partial recharges should also be further
researched.
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