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Abstract. This paper compares energy minimization with minimizing
distance and travel time in vehicle routing. The focus is on the influ-
ence of the objective chosen when deploying homogeneous and heteroge-
neous vehicle fleets. To achieve that, vehicles with different capacities and
ranges as well with combustion engines as with battery-powered electric
engines are taken into consideration. Results show that when deploying
homogeneous fleets there are no significant differences between the opti-
mal solutions when using energy minimization instead of distance or time
minimization. Hence, the potential for reducing energy consumption of
distance or time optimal solutions is very small with homogeneous fleets.
By contrast, when deploying a heterogeneous fleet, a significant reduc-
tion of energy consumption in the double-digit percentage order can be
achieved. On the other hand the total travel distance as well as total
travel time increases. Comprehensive computational experiments show
that certain fleets can be identified that consume only small amounts of
additional energy compared to an idealized fleet consisting of an arbitrar-
ily large number of vehicles of all different types. Furthermore, numerical
experiments show that minimizing both the energy consumption as well
as the distance, only a small number of Pareto-optimal solutions exist.
The most attractive of those can be chosen easily according to practical
preferences.

Keywords: Vehicle routing, Heterogeneous vehicle fleet, Electric versus
combustion engine, Pareto optimization, Ecological objective

1 Introduction

In addition to traditional objectives that are typically used in vehicle routing,
in recent years more work relating to ecological objectives in vehicle routing has
been published in the literature on transport logistics. Most of the ecological
criteria of “green vehicle routing” [6] are based on the energy consumption re-
quired to fulfill a given set of transportation requests [3]. The immediate CO2

emission and the total global warming potential (i.e. the CO2 equivalents, mea-
sured in CO2e) depend on the amount of energy consumed for a transportation
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process and can be determined solely based on this amount of energy. Other
external effects of transportation processes are not considered in this paper (see
e.g. [4]). The global warming effects of energy consumption are assessed using
different methods [13]. The WTW (Well-to-Wheel) analysis method takes into
consideration the total energy chain required to instantiate a locomotion, i.e.
from energy generation to provision of energy at the point of consumption on
to transformation into kinetic energy. By contrast, the TTW (Tank-to-Wheel)
analysis method focuses only on the greenhouse gas emitted locally through
transformation of stored energy (in a fuel tank or battery) into kinetic energy.

In the literature, several articles are dedicated to a comparison of energy-
minimizing objectives and distance-minimizing objectives in vehicle routing
(e.g. [7, 10]). [14] consider energy minimization for homogeneous fleets and con-
clude that different types of VRPs should be remodeled by considering fuel
consumption.

[5] consider a time- and load-dependent problem of minimizing CO2 emissions
in the routing of vehicles in urban areas. In their paper [5] present experiments
on using different objective functions like minimizing distance, minimizing time-
dependent travel times, minimizing time-dependent emissions based on the gross
weight of a vehicle, and minimizing time-dependent emissions based on the actual
weight (i.e. empty weight plus weight of the cargo) of a vehicle. In contrast to
our paper, only vehicles with combustion engines and no battery-powered electric
vehicles are considered by [5]. Moreover, most of the experiments are performed
on TSP instances with one single vehicle which is able to serve all customers,
while only a very small part of [5] refers to results obtained for fleets with
multiple vehicles. Two homogeneous fleets and only one single configuration of
a mixed fleet are considered. The pickup quantities are adjusted to the specific
fleet capacity so that always three vehicles are required. Consequently, the test
instances used in [5] vary for different fleet compositions. That is why, in contrast
to our paper, a direct comparison of the solutions generated for different fleets
is not possible in [5].

Results shown in [7] and [10] demonstrate that in the case of homogeneous
vehicle fleets energy minimization compared to distance minimization results in
very small energy savings of only a few percentage points (1% - 2%). However,
in the case of heterogeneous fleets the potential to save energy is much larger.
The deployment of suitably composed heterogeneous fleets can result in energy
savings in the order of double-digit percentages [12]. Due to the fact that time,
distance and energy are the main contributing factors to the variable cost of
transport processes, the existing literature does not treat time and distance
minimization as alternatives to energy minimization but as components of more
comprehensive objective functions that comprise time and distance as well as
energy consumption [1, 9].

This paper addresses WTW-energy-oriented criteria and the traditional cri-
teria of time and distance in vehicle routing relating to different types of vehicles.
An interesting insight derived from the study of [11] is that using a heteroge-
neous fleet without speed optimization allows for a further reduction in total
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cost than using a homogeneous fleet with speed optimization. As opposed to
the paper of [12], not only vehicles with a combustion engine but also vehicles
equipped with a battery-powered electrical engine will be taken into considera-
tion. Battery-powered electric vehicles are more energy-efficient but they have a
reduced driving range and a reduced payload compared to combustion-powered
vehicles with the same gross weight. Particularly the following research questions
will be addressed:

1. How large is the difference between energy-optimal solutions compared to
time- and distance-optimal solutions concerning the following criteria: energy
consumed, total travel time and total travel distance needed to perform all
transportation requests?

2. Are the impressive energy savings by deploying idealized heterogeneous fleets
with a flexible number of vehicles [12] instead of homogeneous fleets only
achieved by exploiting the degrees of freedom given by the choice of vehicles
from an unlimited vehicle pool; in other words: can fixed fleet configura-
tions be identified that yield high energy savings for all instances of a given
planning scenario?

3. How can an efficient heterogeneous fleet with a small number of available
vehicles be determined and how large is the loss of efficiency compared to
an idealized fleet with an arbitrarily large number of vehicles of each type?

4. What are the properties of the Pareto set in multi objective optimization,
particularly in Pareto optimization concerning the two objectives energy and
distance minimization?

2 Planning Scenarios and Vehicle Properties

As a basis for the specification of planning scenarios used to conduct an analysis
to answer the above research questions the well-known CVRP is chosen [2]. The
CVRP has a distance-oriented objective that minimizes the total travel distance
of all vehicles dispatched. In addition to the capacity restrictions concerning the
maximum payload, the planning scenarios analyzed in this paper take into con-
sideration the range of the vehicles. The maximal length of a tour is limited by
a given parameter. The CVRP with additional range limitations shall be called
distance-based vehicle routing problem TP-D. The TP-D is transformed into a
time-based vehicle routing problem TP-T by using the objective of minimizing
total time needed for all tours instead of total distance. The constant vehicle
specific average speed vk of vehicle k converts travel distance into travel time.
For the energy-oriented vehicle routing problem TP-E the energy consumption
for the execution of tours is estimated as a function of the mass moved and the
distance the mass is moved. It is generally accepted that the following equa-
tion (1) is a suitable approximation for a simplified estimation of the energy
consumption Fk(i, j) of vehicle k, that transports goods of the mass qij from
location i to location j (see e.g. [14]).

Fk(i, j) = (ak + bk · qij) · dij (1)
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The symbol dij denotes the distance between location i and location j, while ak
and bk denote vehicle specific parameters for energy consumption. As a result,
the objective criterion of the optimization problem TP-E consists of the total
estimated energy consumption for all tours.

This paper considers four different types of vehicles: two smaller types with
a gross weight of 7.5 metric tons each and two larger types with a gross weight
of 18 tons each. Two vehicle types are equipped with a conventional combustion
engine, one of them with 7.5 tons (sCV) and the other with 18 tons (lCV)
gross weight. The other two vehicle types are equipped with a battery-powered
electrical engine, one with 7.5 tons (sEV) and the other with 18 tons (lEV)
gross weight. Those types of vehicles are available on the commercial vehicle
market and are typically used for local pickup or delivery. The characteristic
parameters for payload and energy consumption shown in Table 1 can be found
in technical specifications of vehicle manufacturers or derived from descriptions
provided by manufacturers. The maximal daily tour length of 600 km limits the
range of all vehicles; for vehicles equipped with an electrical engine, the maximal
energy available (i.e. the battery capacity) additionally limits the range. Smaller
vehicles of type sEV have a battery capacity of 601 MJ and larger vehicles of
type lEV have a battery capacity of 2,425 MJ. The actual range of those vehicles
depends on the load while en route. Table 1 shows a lower and an upper value,
where the lower value corresponds to a vehicle fully loaded and the upper value
corresponds to an empty vehicle. For all vehicles with more than 3.5 tons gross
weight, the legal speed limit on German highways (i.e. BAB or Kraftfahrstraßen)
is 80 km/h; on all other ordinary non-urban roads the speed limit is 60 km/h
for vehicles of more than 7.5 tons gross weight. Assuming that this difference in
speed limits is incurred for one third of any tour, the smaller vehicles (sCV und
sEV) are approximately 10% faster than the larger vehicles (lCV und lEV).

Table 1. Characteristics of the vehicle types considered

Vehicle Payload Range ak bk vk
type [t] [km] [MJ/km] [MJ/km] [km/h]

sCV 4.0 600 5.77 0.36 55
sEV 3.5 98 – 140 4.27 0.53 55
lCV 9.0 600 7.99 0.29 50
lEV 6.0 253 – 300 7.80 0.24 50

3 Model

The mathematical model for the energy-oriented vehicle routing problem TP-E
is an extension of the CVRP [2]. The important extensions address on the one
hand the objective function of the model in order to introduce and minimize
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vehicle specific values concerning the load-based energy consumption. On the
other hand, the constraints have to ensure the maximal tour length, concerning
the electric vehicles caused by the limited battery capacity.

Indices:
i,j Nodes: i,j ∈ N = {0, 1, ..., n, n + 1}, where 0 and n + 1 represent the

depot and C = {1, ..., n} represents the customers
k Vehicle k ∈ K = {1, ...,m}
Parameters:
dij Distance between nodes i and j
ttijk Travel time of vehicle k on the arc from i to j
πj Customer’s demand in node j = 1, ..., n
sj Service time at customer j = 1, ..., n

Constants:
ak Energy consumption of the empty vehicle k per kilometer
bk Energy consumption for the load of vehicle k per ton and kilometer
Ek Energy supply of vehicle k when leaving the depot
Tk Maximal tour length of vehicle k
Qk Maximal payload capacity of vehicle k

Variables:
eijk Energy content available for vehicle k traversing the arc from i to j
qijk Weight of load in vehicle k on the arc from i to j
xijk 1, if vehicle k uses the arc from i to j

0, else
yjk 1, if customer j is serviced by vehicle k

0, else

min
n+1∑

i=0

n+1∑

j=0

m∑

k=1

dij · (ak · xijk + bk · qijk) (2)

subject to

n+1∑

j=1

x0jk = 1 ∀k ∈ K (3)

n∑

i=0

xin+1k = 1 ∀k ∈ K (4)

n+1∑

j=0

xn+1jk = 0 ∀k ∈ K (5)

n∑

i=0

xijk −
n+1∑

i=1

xjik = 0 ∀j ∈ C, ∀k ∈ K (6)
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m∑

k=1

yjk = 1 ∀j ∈ C (7)

n∑

i=0

xijk = yjk ∀j ∈ C, ∀k ∈ K (8)

n+1∑

j=0

πj · yjk ≤ Qk ∀k ∈ K (9)

xiik = 0 ∀i ∈ N, ∀k ∈ K (10)

n+1∑

i=0

qijk −
n+1∑

i=0

qjik = πj · yjk ∀j ∈ C, ∀k ∈ K (11)

qijk ≤ Qk · xijk ∀i, j ∈ N, ∀k ∈ K (12)

n+1∑

i=0

n+1∑

j=0

dij · xijk ≤ Tk ∀k ∈ K (13)

n+1∑

i=0

dij · (ak · xijk + bk · qijk) =
n+1∑

i=0

eijk −
n+1∑

i=1

ejik ∀j ∈ C, ∀k ∈ K (14)

dij · (ak · xijk + bk · qijk) ≤ eijk ∀i, j ∈ N, ∀k ∈ K (15)

Ek · x0jk = e0jk ∀j ∈ N, ∀k ∈ K (16)

eijk ≤ Ek · xijk ∀i, j ∈ N, ∀k ∈ K (17)

qijk ≥ 0 ∀i, j ∈ N, ∀k ∈ K (18)

xijk ∈ {0, 1} ∀i, j ∈ N, ∀k ∈ K (19)

yik ∈ {0, 1} ∀i ∈ N, ∀k ∈ K (20)

The objective function (2) minimizes the total energy required for all tours.
The equations / inequalities (3) through (10) represent the usual constraints for
modeling the CVRP. Equations (11) guarantee that the required demand πj is
unloaded at customer j and the load of the vehicle k is reduced accordingly.
Inequalities (12) ensure that the loads qijk are zero if vehicle k does not use
arc (i,j). Inequalities (13) limit the maximal tour length for each vehicle k.
Equalities (14) determine the remaining energy supply at customer j in vehicle
k. Equalities / inequalities (15), (16), and (17) ensure that the remaining energy
supply in vehicle k to cover the arc from i to j is between the maximal possible
and the minimal required energy supply. Relations (18), (19), and (20) define
the domains of variables qijk, xijk and yjk.

min
n+1∑

i=0

n+1∑

j=0

m∑

k=1

dij · xijk (21)
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min
n+1∑

i=0

n+1∑

j=0

m∑

k=1

(ttijk + sj) · xijk (22)

The MIP formulation of TP-E above aims at minimizing the total energy con-
sumption. In order to minimize total travel distance in the model of the distance-
based vehicle routing problem TP-D objective function (21) replaces objective
function (2). To minimize total travel time in the time-based vehicle routing
problem TP-T the objective function (22) replaces (2).

4 Generating Test Instances

The analysis regarding the research questions listed above is conducted using
specific problem instances with short travel distances corresponding to inner city
transportation or pickup / delivery tours in rural areas. To solve the problem
instances of the vehicle routing problems TP-D, TP-T and TP-E, the commercial
solver IBM ILOG CPLEX 12.6.1 is used. To obtain reliable results for the further
analysis, only small instances are generated that can be expected to be solved
to optimality using CPLEX on a PC. Initially, generic problem instances with
eight customers are generated. Customers’ demands are measured in tons and
evenly distributed over the interval [1, 3]; i.e., the values for customers 1 through
8 are: 1.0 / 1.3 / 1.6 / 1.9 / 2.1 / 2.4 / 2.7 / 3.0. Altogether, 50 different generic
problem instances with the above-mentioned eight customers are generated. The
coordinates of the eight customer locations are determined randomly for each
generic instance. Coordinates are within a geographic area of 30 km × 30 km;
i.e. they are randomly located within a grid square of [0, 30]× [0, 30]. The depot
of the vehicle routing problem is located in the middle of the grid square, i.e. at
coordinates (15, 15).

Based on the previously generated 50 generic random problem instances,
concrete test instances are generated by the following two additional problem
specifications:

(a) First of all, the available vehicle fleet is specified. Five different fleet con-
figurations will be considered: one homogeneous fleet sC-HOM with eight
vehicles of type sCV, one homogeneous fleet sE-HOM with eight vehicles
of type sEV, one homogeneous fleet lC-HOM with eight vehicles of type
lCV, one homogeneous fleet lE-HOM with eight vehicles of type lEV and
one heterogeneous fleet HET, that consists of all of the above-mentioned
homogeneous fleet configurations, i.e. eight vehicles of type sCV, sEV, lCV,
lEV each.

(b) Secondly, a gauge factor g is introduced that varies the distances between
all relevant locations of the test instances. The factor g has the values 1, 2,
3, and 4, which are used to scale the original grid square. By scaling, the
grid square is enlarged and all distances between relevant locations (depot,
customers) are multiplied with the gauge factor. The depot remains in the
original location in the middle of the grid square in all instances.
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The size of the vehicle fleets in (a) was chosen such that the total available pay-
load is definitely sufficient to service all customers. The accumulated weight of
all eight customer demands is 16 tons; when deploying eight vehicles of a homo-
geneous fleet, a maximal demand between 28 and 72 tons can be transported,
depending on the vehicle type. More than eight vehicles will never be dispatched
because all test instances feature exactly eight customers. The heterogeneous
fleet HET is an idealized fleet composed in such a way that the solution space
when using HET is larger than with any of the homogeneous fleets. The values of
the gauge factor g in (b) are chosen in such a way that the range of the vehicles
in fleet sE-HOM is sufficient to reach all customers in the grid square in a pen-
dulum tour for g ≤ 2. If g > 2 it is to be expected that some test instances are
infeasible due to the limited range of the vehicles in fleet sE-HOM. The range of
the vehicles in fleet lE-HOM is sufficiently large to ensure feasibility of all test
instances with 1 ≤ g ≤ 4. For instances with g > 4 that are not considered in this
paper, the range of vehicles of type lEV may not be sufficient in all instances. In
this case, the deployment of vehicles with combustion engine cannot be avoided.

Service times for all scenarios and instances are chosen to be s0 = 0 (depot)
and sj = 15 min (each customer).

5 Analysis of Optimal Transportation Plans

In this section, research questions (1) through (3) are investigated. All 3,000 test
instances (50 generic problem instances, 3 planning scenarios, i.e. objectives, 4
values of the gauge factor, 5 different vehicle fleets) can be solved to optimality
using CPLEX. As was to be expected, deploying fleet sE-HOM optimal solutions
for all test instances with g ≤ 2 can be found. For g = 3 feasible solutions exist
for 47 out of 50 instances. Due to the limited range of vehicles of type sEV,
experiments show that only 10 out of 50 test instances with g = 4 are feasible.
Let oTP-E, oTP-D and oTP-T denote an attribute (#Tours, Time, Distance,
Energy) of the optimal solution of TP-E, TP-D and TP-T, respectively. Table 2
lists the relative differences ((oTP-E − oTP-T) / oTP-E, and (oTP-E − oTP-
D) / oTP-E), respectively, that can be achieved by energy minimization instead
of time respectively distance minimization concerning the number of vehicles

Table 2. Energy minimization versus time and distance minimization

Fleet
Time minimization Distance minimization

Δ#Tours ΔTime ΔEnergy Δ#Tours ΔDistance ΔEnergy

sC-HOM 2.0% 0.0% -0.1% 2.0% 0.03% -0.1%
sE-HOM 2.7% 0.1% -0.3% 2.3% 0.1% -0.2%
lC-HOM 8.9% 0.3% -0.4% 8.9% 0.4% -0.4%
lE-HOM 5.9% 0.1% -0.2% 5.9% 0.1% -0.2%
HET 51.5% 21.3% -13.3% 54.2% 21.4% -14.7%
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deployed, total travel time, total distance traveled, and energy consumed. As a
matter of course, the values in Table 2 for the fleet sE-HOM only include test
instances, that are guaranteed to be feasible, i.e. test instances with g = 1 or
g = 2.

The results in Table 2 provide an answer to research question (1). They show
that significant differences between optimal solutions that are found minimiz-
ing on the one hand distance or time and on the other hand energy can only
be observed with a heterogeneous vehicle fleet. The differences between time
and distance minimization caused by the differing average speed of the vehi-
cles are very small. In detail, the differences when using the fleet HET are the
following: Independent of the value of the gauge factor g distance-minimizing
solutions to TP-D need on average 0.1% more travel time than corresponding
time-minimized solutions to TP-T. Reciprocally, optimal solutions to TP-T in-
dependent of the value of g result on average in 0.16% longer tours compared to
TP-D. Furthermore, results show that distance-minimized solutions compared
to time-minimized solutions consume on average 1.2% more energy but require a
5.9% smaller number of vehicles, independent of the value of g. For homogeneous
fleets no differences between time-oriented and distance-based optimization can
be observed concerning distance traveled, time needed and energy consumed.
Larger differences concerning required energy, time and distance are only to be
expected in extended scenarios where electric vehicles can recharge batteries en
route at external charging stations.

A detailed analysis of the optimal solutions to the test instances generated
for HET will contribute to answering research question (2). The analysis will
focus on the use of different vehicle types in the solutions. This will provide
insight into the question whether certain vehicle configurations are optimal for
a larger number of test instances. Among the 200 test instances solved under
energy optimization, 34 instances have an optimal solution that deploys a ho-
mogeneous vehicle fleet. Furthermore, a great variety of different fleets yields
optimal solutions. For each value of g each vehicle type is deployed in at least
one of the 50 test instances, i.e. none of the vehicle types is dispensable when
generating optimal solutions. A cursory analysis does not provide any indication
that for a certain value of g a specific fleet configuration or specific proper-
ties of fleets deployed are advantageous to yield optimal solutions. However, an
in-depth analysis shows that in some cases certain fleet configurations are op-
timal for all values of g for some of the generic test instances. This indicates
that the properties of an optimal heterogeneous fleet are mainly dependent on
the customers’ locations and on their demands, but little on the distances be-
tween the customers, as long as the distances vary only within a given spectrum
of factor 4.

The idealized fleet HET comprises eight vehicles per vehicle type, thus 32
vehicles. Optimal solutions to the planning scenario TP-E require maximal 3, 6,
2, 1 vehicles of the types sCV, sEV, lCV and lEV, respectively. Consequently, a
fleet configured accordingly with 12 vehicles would be sufficient to find the same
optimal solutions as to the idealized fleet.
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To address research question (3): Optimal solutions to the planning sce-
nario TP-E using the idealized fleet HET require in the test sets on average
(0.6/3.1/0.6/0.1) vehicles of types (sCV/sEV/lCV/lEV). Rounding the average
number of vehicles to the next integer and using at least one vehicle of each type,
the result is a heterogeneous fleet of six vehicles (HET6), comprising (1/3/1/1)
of the vehicle types specified above. Promising fleets of five vehicles can be de-
veloped by either surrendering the vehicle lEV or the vehicle sCV contained in
HET6. Hence, the fleets HET5-A = (1/3/1/0) and HET5-B = (0/3/1/1) with
five vehicles each are derived. The relative differences ((oTP-E −
and (oTP-E −
mization instead of distance minimization concerning the energy consumption
are -9.0% (for HET6), -5.7% (for HET5-A), and -8.5% (for HET5-B). For a com-
parison of these values with the relative differences that have been computed for
the other fleets, Table 2 can be consulted. Table 3 compares the energy consump-
tion of different fleets. The reference value is the energy consumed by HET; i.e.
the table lists the relative differences in energy consumption (on average over all
values of g) of the homogeneous and heterogeneous fleets considered in relation
to the energy consumption of the idealized fleet HET (i.e. the additional energy
consumption of these fleets compared to HET). For sE-HOM the comparison is
only performed for g ≤ 2, because for test instances with g = 3 and g = 4 not
all of the instances are feasible. Therefore, the value for sE-HOM in Table 3 is
displayed in parenthesis. A comparison of sE-HOM with HET6, HET5-A, and
HET5-B, respectively, shows that sE-HOM (on average over all values of g ≤ 2)
consumes on average 3.36%, 3.14%, and 2.38%, respectively, more energy than
the respective heterogeneous fleets.

Table 3. Increase of energy consumption compared to HET

sC-HOM sE-HOM lC-HOM lE-HOM HET6 HET5-A HET5-B

17.98% (4.92%) 13.73% 23.14% 1.13% 1.60% 3.22%

6 Energy-Efficient Fleets and Multi Criteria Analysis

This section is dedicated to an intensified investigation of research question (3);
and research question (4) will be investigated in-depth. Based on the outcomes
of Section 5 concerning research question (3), it suggests itself to investigate test
instances using fleets consisting of exactly five vehicles when trying to identify
efficient fleets and Pareto-optimal solutions. F(5) denotes the set of all five-
element vehicle fleets that consist of the four vehicle types defined in Section
2. To determine energy-efficient fleets and to perform multi criteria analysis
concerning energy and distance-efficient solutions, the test instances of Section
4 will be used. The test instances of Section 4 represent a transportation scenario

103

oTP-D) / oTP-E), respectively, that are achieved by energy mini-
oTP-T) / oTP-E,

Vehicle Routing with a Heterogeneous Fleet of CVs and EVs



for less-than-truckload shipments with weights between one and three tons in a
distribution area characterized by distances of up to 21 km for g = 1 (length of
half the diagonal of the grid square). For greater values of the gauge factor g, the
maximum distances within the distribution area are increased correspondingly.
To determine the most efficient fleets consisting of five vehicles (research question
(3)) and to determine the properties of Pareto sets under multi criteria vehicle
routing for heterogeneous fleets, a brute-force approach is chosen. Systematically,
all eligible fleets consisting of five vehicles are tested and the corresponding
vehicle routing problems are solved.

When generating a fleet out of the set F(5), five elements have to be chosen
out of a basic set of four vehicle types. The elements (vehicle types) may be cho-
sen multiple times and the sequence is irrelevant. Hence, there are
((5 + 4 − 1)/5) = 56 different possibilities to configure a fleet out of the set
F(5). Using the brute-force approach to determine the energy efficiency of all
possible five-element fleets out of F(5) for all 200 test instances (50 generic
problem instances, 4 values for the gauge factor), the energy-optimized solutions
to the vehicle routing problem TP-E have been computed for each of the 56 dif-
ferent fleets. Consequently, applying the brute-force approach 11,200 (56 x 200)
vehicle routing problems were solved. Numerical experiments show that the fleet
(1/3/1/0) actually is the most energy-efficient fleet out of all 56 fleets in F(5).
The fleet (1/3/1/0) was already considered in Section 5 and denoted by HET5-A
(see also Table 3). Concerning the energy efficiency on average over all gauge
factors g, HET5-A is the only fleet that is only less than 2% worse than the ide-
alized fleet HET. Only three other fleets ((1/2/0/2), (1/2/1/1), and (2/2/1/0),
respectively) show differences of less than 3% compared to HET with 2.19%,
2.19%, and 2.35%, respectively. The above-mentioned fleet (1/2/0/2) consists of
four electric vehicles and one conventional vehicle with a diesel engine. In the
fleet configurations (1/3/1/0) and (1/2/1/1) three electric vehicles and two con-
ventional vehicles with a combustion engine are deployed, and the fleet (2/2/1/0)
uses two electric vehicles and three conventional vehicles. Half of all the fleets
in F(5) result in a relatively poor energy consumption with a difference above
8% compared to HET. The average difference over all fleets in F(5) where all
instances with all gauge factors could be solved is 8.96%. Poorest performance
of all heterogeneous fleets could be observed at fleet (1/0/0/4) with a difference
of 18.44%. Homogeneous fleets result in particularly large differences. They are
23.15% for (0/0/0/5), 13.73% for (0/0/5/0), and 18.1% for (5/0/0/0). Compar-
ing homogeneous fleets, the performance of conventional vehicles is superior to
electric vehicles. Hence, the homogeneous fleet of vehicles of type lCV consumes
considerably less energy than the homogeneous fleet with small conventional
vehicles, which again consumes considerably less energy than the homogeneous
fleet consisting of large electric vehicles. For the homogeneous fleet (0/5/0/0)
with small electric vehicles a comparison of energy consumption with HET is
not possible, because feasible solutions do not exist for all test instances using
such a homogeneous fleet. The variation of the gauge factor g has only a small
influence on the energy efficiency of the best fleets. HET5-A is the best fleet for
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the values g = 1, g = 2, and g = 3. For g = 4 the fleet (1/2/2/0) yields slightly
better results. Note that this fleet is very similar to HET5-A, because it evolves
by exchanging one vehicle of type sEV by type lCV.

A detailed analysis of the optimal solutions obtained with HET5-A shows
that only 16.5% of all 200 test instances have solutions actually using all five
vehicles in HET5-A. All the other test instances yield better solutions deploying
only four and in one case even only three vehicles than any five-element fleet
configuration. For 46% of all test instances, the fleet (0/3/1/0) can be identified
as the best possible fleet to obtain optimal vehicle routes, i.e. the vehicle of type
sCV is not used. For 29.5% of all instances the third vehicle of type sEV is
not used (fleet (1/2/1/0)), and for another 8% of all instances only one of the
three vehicles of type sEV is actually deployed (fleet (1/1/1/0)). It is remarkable
that the fleet yielding the best results for nearly half of all test instances (i.e.
(0/3/1/0)) deploys as well electric as combustion engine vehicles, namely three
small electric vehicles and one large combustion engine vehicle.

The analysis of the solutions obtained with the idealized fleet HET shows
that for after all 38 out of 200 test instances the best results could be found
with fleets consisting of six vehicles. Insofar it is remarkable that HET5-A with
only five vehicles yields results that are only 1.6% inferior to HET. The reason
may be that for 56 out of 200 test instances the fleet (0/3/1/0) and for 28 out
of 200 instances the fleet (1/2/1/0) is the most energy-efficient one. Both fleets
are included in HET5-A.

By means of the brute-force approach, it could be achieved to identify partic-
ularly energy-efficient heterogeneous fleets for the planning scenario introduced
in Section 2, extended to an application scenario in Section 4 (research question
(3)). It could be shown that heterogeneous fleets with a small number of vehicles
exist that are nearly as energy-efficient as the idealized fleet HET. Hence, the
large potential for energy savings through heterogeneous instead of homogeneous
fleets is not caused by the large variety and flexibility of an idealized fleet (re-
search question (2)), but can also be put into effect using a specific small vehicle
fleet with an appropriate number of vehicles. To investigate research question
(4), all elements of the Pareto set in a bicriteria optimization for three selected
fleets shall be determined, again using a brute-force approach. Whether this is
possible at all depends on the cardinality of the Pareto sets.

Due to the fact shown in Section 5 that the differences between objective func-
tion values comparing optimal solutions to distance minimization with time min-
imization are very small, it can be assumed that a Pareto optimization comparing
energy- and time-optimal solutions on the one hand and comparing energy- and
distance-optimal solutions on the other hand will result in similar values. Hence,
the analysis conducted in this section in the framework of a multi criteria opti-
mization will be limited to the comparison of energy minimization and distance
minimization; i.e. the comparison of the optimization criteria energy minimiza-
tion and time minimization will not be undertaken. In order to determine the
Pareto sets to be investigated, for the idealized fleet HET, for the best known
heterogeneous fleet with five vehicles HET-5A, and for the most energy-efficient
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homogeneous fleet (0/0/5/0) all 200 test instances (with 50 generic problem in-
stances and 4 different gauge factors) are considered. Altogether 600 Pareto sets
will be determined.

To determine the Pareto set of a test instance, at first the energy-optimal
solution P1 is computed by solving the vehicle routing problem TP-E for this
test instance. Thus, the first element of the Pareto set is found. Subsequently,
an additional constraint R1 is inserted into TP-E that ensures that the sum of
all distances traveled has to be by 0.01 km smaller than in solution P1, and,
if it exists, a second element P2 of the Pareto set can be found by solving the
problem that has been extended with R1. All other Pareto-optimal solutions
are determined iteratively by requiring that any additional solution has a total
travel distance that is at least 0.01 km shorter than the immediately preceding
solution. This is repeated until the optimization problem to be solved does not
have a feasible solution due to the latest of the inserted constraints.

Among the 200 Pareto sets that have been determined for the idealized fleet
HET, there are two sets consisting of 17 Pareto-optimal solutions. All other
Pareto sets have a smaller number of Pareto-optimal solutions, and some Pareto
sets consist of only one element. On average, the 200 Pareto sets of the fleet
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HET possess a cardinality of 6, 6, 6, and 5, for g = 1, g = 2, g = 3, and g = 4,
respectively. Thus to determine the Pareto sets of HET, approximately 1,200
vehicle routing problems were solved. The Pareto sets computed for the fleet
HET-5A possess a maximal cardinality of 8 and a minimal cardinality of 1. The
average values of cardinality are 3, 3, 3, and 2, for g = 1, 2, 3, and 4, respectively.
For the most energy-efficient homogeneous fleet (0/0/5/0) the maximal, average,
and minimal cardinality is 3, 1, and 1, respectively.

Overall, it can be observed that the Pareto sets are relatively small. Due to
the small cardinality of the Pareto sets, it is entirely reasonable and easily pos-
sible to utilize the Pareto sets for a subsequent selection process where the most
attractive Pareto-optimal solution is chosen to match specific decision criteria
according to a given purpose. Figures 1 and 2 display the Pareto frontiers of
fleets HET and HET5-A at different values of the gauge factor g for one selected
generic problem instance. In order to obtain as large a distance as possible be-
tween the extreme values in the Pareto sets, the particular instance out of all 50
generic problem instances that shows the largest differences of all instances be-
tween solutions to TP-E and TP-D for HET-5A is selected for display in Figures
1 and 2.
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7 Results and Future Research

The numerical experiments were deliberately performed using small instances in
order to be able to obtain optimal solutions as a basis for the analysis. Because
generating suboptimal solutions, as they will typically be found when applying
heuristics to larger instances, and then using those to perform comparisons and
draw conclusions carries the considerable risk of false conclusions (see already
[8]). This particularly holds when no knowledge is available about the average-
or worst-case behavior of the heuristics applied, which is frequently the case.
Hence, the results used for answering the questions (1) to (4) are based solely
on the above mentioned small test instances. Since the tests do not exploit any
specific attributes of small CVRP test instances, we believe that experiments
on large instances would yield similar answers to our questions. In order to
prove whether the found answers are not restricted to small CVRP instances,
algorithms capable of handling larger instances will be developed in future work.

The experiments show that there are significant differences concerning energy
consumption of heterogeneous vehicle fleets between energy-optimal solutions on
the one hand and distance-optimal or time-optimal solutions on the other hand
(see Table 1). In an idealized heterogeneous fleet with a sufficiently large number
of vehicles, all types are used; and the degrees of freedom that exist due to the
plenitude of available vehicles when configuring a fleet is actually exploited in
order to generate flexibly energy-efficient fleets adapted to the specific trans-
portation requests. Nevertheless, in the numerical experiments heterogeneous
fleets with a small number of fixed vehicles could be identified that show an
energy efficiency that is only a few percentage points worse than that of the
idealized fleet (see Table 3). Furthermore, a systematical search evaluating all
conceivable fleets with only five vehicles succeeds in identifying within the ana-
lyzed application scenario the most energy-efficient fleet among all five-element
fleets and succeeds to show that this fleet is nearly as efficient as the idealized
heterogeneous fleet. Additionally, it is shown that the Pareto sets in multi cri-
teria optimization with energy and distance minimization are manageably small
and well suitable as a starting point for a subsequent selection of customized
solutions.

When utilizing heterogeneous fleets, the resulting optimal solution frequently
consists of a large number of tours, particularly when many small vehicles are
used that execute especially short tours. A large number of tours does not nec-
essarily imply that the same number of vehicles/drivers are required, because
multiple use of vehicles is not considered in this paper. Consequently, the mod-
els introduced in this paper shall be amended in order to be able to take into
consideration multiple use of the vehicles.

To entirely exploit the potential of electric vehicles, scenarios will be eval-
uated where recharging of batteries en route at external charging stations or
exchange of batteries at the vehicle depot is possible. This will obviously have a
considerable impact on the time electric vehicles need to execute a tour and fur-
thermore, this may require detours to charging stations. With respect to a cost
analysis it should be noted that energy consumption, time needed to execute
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tours and total distance traveled are the dominating factors when minimizing
the variable cost in vehicle routing.
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