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Abstract

In the past years, growing road transport emissions play a big role in the increase in CO2 emissions
for the transport sector. To realise an overall emission reduction, a common methodology to calculate
emissions generated in supply chains is necessary. This also benefits initiatives such as carbon
footprint labelling that can inform customers on the transport emissions of their orders. This paper
builds onto earlier works regarding the allocation of emissions to customer orders on a distribution
route. We evaluate a proportional allocation method and four cooperative game theoretical (CGT)
allocation methods in (multiple) routing settings using two CGT games from literature: the emission
allocation and the pollution routing game. These settings also allow studying the effects that order
characteristics have on the routing of vehicles, as they consume the truck capacities to a different
degree, influencing the generated emissions on (a) tour(s). The methods are evaluated based on five
game-theoretical fairness criteria: stability, consistency, equal treatment of equals, robustness and
computation time. We find that the performance of the CGT methods changes in a setting that uses
two trucks with limited volume capacity. In this setting, they capture the effect order volume has
on the routing of the truck, by allocating more emissions to orders with bigger volumes, but they
also allocate more emissions to heavier customer orders. The Star method is unable to capture these
effects but performs best or second-best over all considered scenarios in terms of consistency, equal
treatment of equals, and robustness, closely followed by one of the CGT methods.
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1 Introduction

At the beginning of 2021, the World Meteorological Organization (WMO) published a new state of the
Global Climate report. Despite lockdown related falls in emissions because of the COVID-19 epidemic,
global anthropogenic greenhouse gasses (GHG) continued to increase (WMO, 2020). Transportation is
a big contributor to this, accounting for 24% of total global direct CO5 emissions from fuel combustion
(IEA, 2020). Even though emissions in Europe have fallen by 22.5% from 1990 to 2018, emissions in the
transport sector did increase by more than 23% (Enzmann & Ringel, 2020). Road transport emissions
appear to play the biggest role in this increase, growing nearly 27% over these years, and accounting for
almost 95% of all transport emissions in 2018.

To realise the emissions targets set out by the EU in the European Green Deal (2019) and
the Paris Agreement (2016), a common methodology to calculate the carbon footprint of supply chains
is necessary to be able to compare the environmental performance of logistics suppliers and identify
any emission reduction possibilities. In addition, this would benefit emissions reduction initiatives such
as carbon footprint labelling, which has developed to be a meaningful instrument (Liu, Wang, & Su,
2016). Designed to gain consumer response and integrate sustainability issues into daily consumer
behaviour, carbon footprint labelling can also benefit companies as it allows for communication with
their customers and could generate emission savings (Liu et al., 2016).

This paper focuses on the CO4 emission allocation of transport emissions to customer orders
on (a) distribution route(s). For initiatives, such as carbon footprint labelling, it is important that gen-
erated CO2 emissions associated with consumer products are allocated to individual orders fairly and
rationally. Transportation emissions contribute to the carbon footprint of products as well. The pro-
duced emissions on the distribution tour(s) are calculated based on several factors, including travelled
distance by the truck, its payload, speed and weight. We evaluate several emission allocation methods
in a (multiple) vehicle routing setting using two cooperative game theoretical games from literature and
aim to study the effects that the order characteristics have on the routing of the customers, and hence the
generated emissions on the distribution tour(s).

In the past years, research has been done to find a common standard for emissions allocation.
One important initiative is the European research project COFRET (Carbon Footprint of Freight Trans-
port), which was started in June 2011 to provide transparency on and to harmonize existing methodolo-
gies to calculate the carbon footprint of freight transport (CORFET, 2015). They consider the European
Norm EN-16258 by the European Committee for Standardization (CEN), as a promising initiative to

facilitate a global standard for emission calculation. The EN-16258 contains a methodology to stan-



dardize the allocation of calculated emissions of transport operations over individual shipments (CEN,
2012). The norm recommends allocating emissions based on the product of the weight and the distance
travelled to deliver a shipment, but proposes other physical units, instead of weight, for situations in
which this might be more appropriate.

The use of simple proportional allocation rules, such as the ones suggested in EN-16258 pre-
vail in practice, because the mathematics required to be able to allocate CO9 emissions to customers on
a distribution tour becomes ‘unworkably complex’ (Leonardi, McKinnon, & Palmer, 2010). Kellner and
Schneiderbauer (2019) proclaim that the EN-16258 norm, although it is considered promising, still con-
tains ambiguities. Yet, no globally accepted standard for the allocation of GHG emissions to shipments
in road freight transportation exits (Kellner & Schneiderbauer, 2019).

Even though emission allocation problems are found to be complex, in the last three years,
there has been a rapid increase in the number of publications on game theory-based models in green
supply chain management (Agi, Faramarzi-Oghani, & Hazir, 2020). These type of methods are more
sophisticated than the proportional allocation methods and use concepts from cooperative game theory
(CGT). Naber, de Ree, Spliet, and van den Heuvel (2015) and Kellner and Otto (2012), among others,
focus on such methods in their papers.

Naber et al. (2015) study the allocation of CO4 emissions to customer orders on a single dis-
tribution route. The distribution route is predefined and heuristically constructed, and the emissions gen-
erated on this tour are calculated retrospectively. They introduce the emission allocation game to study
the performance of four CGT emission allocation methods and compare these to a common proportional
allocation method, which they refer to as the ‘Star method’. Defining the emission allocation game
requires knowing the emissions generated on any sub-tour for a coalition (subset) of customers. They
approximate these sub-tour(s) based on the order in which customers are visited in the total distribu-
tion tour. Evaluations of the performance of the allocation methods are done based on game theoretical
fairness criteria. In specific, they look at the stability, consistency, robustness and computation time
of the allocation methods. A stable emission allocation ensures that no (subset of) customer(s) wants
to withdraw its order based on the allocated emissions. Furthermore, when a customer order is larger
than another one or located further away, allocated emissions should change accordingly. Robustness
should also be guaranteed, as we aim to have similar emission allocations to identical orders over time.
They show that the Star method performs worse on the stability and robustness criteria than the CGT
allocation methods. However, it does have the best consistency and run time performance.

Kellner and Otto (2012) study 15 allocation methods to allocate CO2 emission to shipments

in road freight transportation. Several of these methods are CGT approaches, while others are ad-hoc,



proportional allocation methods. They evaluate these methods in a short distance transport context
and evaluate their performance based on several criteria: causality, efficiency, empty core robustness,
symmetry, individual rationality, coalition stability, ease of application, and robustness. They find that
transport distance is more important in the individual allocation of CO4 emissions to shipments than the
transported shipments mass. Furthermore, their results show that only CGT methods perform reasonably
well on the acceptability criteria, but this comes at a cost of increased computational complexity. They
similarly define the acceptability criteria as Naber et al. (2015) define the stability criteria.

In the majority of the literature, the objective to generate minimum emissions during per-
formed transport activities is not incorporated into the optimization problem. Instead, the allocation of
emissions is often done based on a retrospective calculation for a given routing plan (Guajardo, 2018).
This is the case, for example, in the papers of Kellner and Otto (2012), Naber et al. (2015) and Leenders,
Veldzquez-Martinez, and Fransoo (2017). Kellner and Schneiderbauer (2019) state that their study “con-
tributes to overcome this shortcoming and to fill the corresponding gap in research”. They study the im-
pact of shipment characteristics, such as origin, destination, weight, and volume, on the routing decision
of logistics providers by incorporating the objective to minimize emissions in the optimization problem
to find the optimal tour. The shipment characteristics influence, among others, the amount of capacity
they take up in a vehicle, and hence the routing with associated GHG emissions.

In addition, for the application of CGT concepts in their study, Kellner and Schneiderbauer
(2019) introduce the ’Pollution Routing Game’ (PRG). The routing part of the PRG is connected to the
pollution routing problem (PRP). It is an extension of the well-known vehicle routing problem (VRP),
but instead of finding the minimum cost or minimum travel time tour, in the PRP the objective is to find
a minimum emission tour. For more on the VRP, see Cordeau, Laporte, Savelsbergh, and Vigo (2007).
In addition, similar to the vehicle routing game (VRG), the PRG uses concepts from CGT to allocate
emissions to shipments on the route. The VRG is extensively studied to do this for cost allocations in a
collaborative transport setting (Guajardo, 2018). These cost allocation schemes have been extended to
allow for the allocation of GHG emissions in earlier research.

In three transport scenarios Kellner and Schneiderbauer (2019) evaluate the performance of
the EN-16258 allocation principles based on game theoretical fairness criteria. The paper combines
fairness criteria of earlier works to a comprehensive list of 10 different evaluation measures: efficiency,
simplicity, computation time, individual rationality, coalition stability, core performance, routing sta-
bility, equal treatments of equal, consistency and robustness. A combination of the evaluation criteria
individual rationality, coalition stability, and core performance, is similar to the stability criterion defined

by Naber et al. (2015). They find that the allocation unit ’distance’ performs best to the CGT alloca-



tion benchmark, for which they use the Shapley value. This allocation method is also used by Wick,
Klumpp, and Kandel (2011) and Xu, Pan, and Ballot (2012). The Shapley Value, which is the only CGT
allocation method they study, performs better on all fairness criteria than the proportional EN-16258
allocation principles, however, it requires exponential computational effort to calculate. This makes its
use less pragmatic. Furthermore, their results show that although volume does not directly contribute to
the generated CO5 emission on a route, it does affect the routing of shipments, and hence the generated
emissions on the tour(s). This effect proofs to be larger in their studied transport scenario than the effect
of shipment weight on the generated emissions.

The work of Kellner and Schneiderbauer (2019) shows that using CGT allocation methods in
a PRG requires exponential computational effort, as it requires knowing for each coalition of customers
what the emissions are that are generated on an optimal sub-tour visiting this coalition. To define this
for the PRG we need to solve an exponential number of PRP’s. Ozener (2014) study the Shapley Value
using a similar type of game and propose a way to deal with this computational complexity. They
introduce an approximation of the Shapley Value, in which they reduce the number of coalitions for
which the PRP’s need to be solved, by only including the coalitions for each customer that includes
up to their 5 nearest neighbours. In addition to the approximation of the Shapley Value, they develop
a duality-based allocation mechanism for both costs and emissions and study both in a single-vehicle
routing setting. They compare these methods to two proportional allocation methods discussed in the
literature. They find that the approximated Shapley Value allocation outperformed an individual solution
based allocation method, comparable to the proportional allocation method used in Naber et al. (2015).

To conclude our discussion of several relevant papers, we want to emphasize some further
research suggestions by Naber et al. (2015) and Kellner and Schneiderbauer (2019). Naber et al. (2015)
suggest in their paper that it would be valuable to evaluate the performance of the CGT allocation
methods studied in their paper, in a (multiple) vehicle routing setting. Kellner and Schneiderbauer
(2019) propose to extend the analysis of the PRG by introducing new specific transport scenarios or by
using additional CGT allocation methods, such as the Nucleolus, which is studied by Naber et al. (2015).

This paper aims to respond to these suggestions. We evaluate the performance of the Star
method and the four CGT emission allocation methods studied by Naber et al. (2015) in (multiple)
vehicle routing scenarios using the emission allocation game they introduce and the pollution routing
game Kellner and Schneiderbauer (2019) introduce. These four CGT methods are the Shapley Value,
the Lorenz+ Allocation, the EPM+ and the Nucleolus. We discuss them in Section 3.1. When we
use the CGT allocations methods in the pollution routing game, we work with an approximation of

these methods to deal with the computational effort of using them in this type of game. We measure



performance by evaluating five game-theoretical fairness criteria: stability, consistency, equal treatment
of equals, robustness and computation time. In addition, we aim to analyse the impact of the order
characteristics (volume and weight) on the emission allocations to the customer orders in the considered
scenarios. Lastly, we compare the two different emissions functions used by Naber et al. (2015) and
Kellner and Schneiderbauer (2019) to study the effect that the chosen emission function has on the
performance of the emission allocation methods.

Our main findings are the following. In each scenario, the Star method has the best or second-
best performance on the equal treatment of equals, consistency and robustness criteria, closely followed
by the EPM+. The Lorenz+ Allocation, EPM+ and Nucleolus have the overall best performance on
stability. Moreover, the CGT methods have proportionally different emission allocations when we use
them in a pollution routing game with two trucks with limited volume capacity. In either game, they
allocate more emissions to heavier orders, as compared to a routing setting where all customer orders
can be serviced on a single distribution tour. In addition, in a two truck pollution routing game setting, all
methods, except the Star method, capture the effect order volume has on the routing of the vehicles, by
allocating more emissions to high volume orders. Regarding the two emissions functions, no remarkable
difference in the performance of the allocation methods was found when using either. Lastly, when
allocating emissions in a pollution routing game, the computational complexity increases for a large set

of customers, making the CGT allocation methods less pragmatic in this case.

The paper is structured as follows. First, we elaborate on the theoretical background of the problem in
Section 2. In Section 3, the used methodology is introduced. We describe the different allocation meth-
ods and introduce the (pollution) routing model. The setup of our numerical experiments is discussed
in Section 4, after which the results of our evaluations are examined. Finally, in Section 5, we share our

conclusion, the limitations of our work and suggestions for further research.

2 Theoretical framework: Cooperative game theory

Game theoretical concepts have been widely used to study supply chains (Agi et al., 2020). In this
section, we introduce the emission allocation game, similar to Naber et al. (2015), the pollution routing
game, which is introduced by Kellner and Schneiderbauer (2019), and an important CGT concept, called
the core of the game.

We first introduce some standard notations, as used by Guajardo (2018). We have a set N =
{1,...,n}, of customers with associated ordered goods, with i being the index of a single customer. We

call N the grand-coalition, and S represents a possible feasible coalition (subset) of N, with S C N.



A coalition S is feasible if the customer orders in the coalition, do not exceed any of the maximum
capacities of a delivery truck, either in terms of volume or weight. The customers in a coalition can be
visited on one or multiple distribution routes, depending on the set of trucks R, with r € R we have
available and the truck capacities. The customers in the coalition S can be visited in a sequence o(5), a
permutation of S. We can break up this sequence into a maximum of |R| tours, that all start and end at
a depot, to satisfy the vehicle capacity constraints.

To find the optimal route, 0*(S) we need to solve an optimization problem:

o*(S) € argmin {f(c(9))}. (1)
o(S)

The function f(o(S) can be defined in multiple ways, but we consider it to be either the distance trav-
elled when visiting the customers in coalition S in order o (.5), which we denote d(S), or the emissions
generated on (a) tour(s) visiting the customers in coalition S in order o (,S), which we denote e(.S). Here,

e(.) is the selected emission function.

2.1 The emission function

We consider two different emission functions. One is a velocity and payload dependent emission func-
tion for heavy-duty road freight transportation, developed by Ligterink, Tavasszy, and Lange (2012),
and used by Naber et al. (2015). This emission function can be found in Appendix A, and we label
it ‘Ligterink’s emission function’. It takes the impact of the weight of the ordered goods, the distance
between the customer orders and the driving speed of a truck into account. The other one is a more
general commonly accepted approach, which approximates the generated emissions by averaging the
emissions generated by an empty and fully loaded truck (Guajardo, 2018). This emission function is
used by Kellner and Schneiderbauer (2019), among others and presented in Appendix B. We refer to it
as ’the general emission function’. In addition to the goods’ weights and driven distance, this function

also incorporates the vehicle fuel consumption per kilometre and an energy conversion factor.

2.2 The emission allocation game

To define the emission allocation game, we need to specify e(.S) for each feasible coalition, S C N.
This means we need to find (an) optimal sub-route(s), 0*(.S), for each coalition S, and compute the
generated emission on the route(s). For the emission allocation game, we only find the optimal route
o*(IN) for the grand-coalition, similar to Naber et al. (2015). They heuristically compute this grand-tour
using a commercial software package, developed by TNO. We consider two cases, where we either find
the minimum distance grand-tour or the minimum emission grand-tour. We refer to Section 3.3 for the

mixed-integer linear programming (MIP) problem we solve to find these optimal tours. To define e(.5)



for each coalition, we find the sub-route(s) visiting the customer(s) in this coalition by assuming they
are visited in the order of o*(N), whereby we omit customer(s) not in this coalition. Then, for the
sub-route(s), we compute e(.S). A benefit of this approach is that defining the game in this way requires

low computational effort, although the game might be somewhat less accurately specified.

2.3 The pollution routing game

The pollution routing game is a more specified version of the emission allocation game. Similarly, we
need to specify e(.S) for each feasible coalition, S C N. This time, we do this by solving the MIP
problem (see Section 3.3) for each coalition. In this game, we only specify f(o(S)) to be the emissions
generated on (a) tour(s), not the distance travelled. A downside of this type of game is that it has
exponential computational complexity, as we need to solve 2 — 1 MIP problems, for each possible non-
empty feasible coalition. In Kellner and Schneiderbauer (2019) it took several hours per test instance
with 14 to 16 customers to compute the objective function of a MIP problem, similar to the model
introduced in Section 3.3, for each coalition of customers. To reduce the computational effort of defining
the pollution routing game for test instances with a similar number of customers, we aim to reduce the
number of coalitions for which we need to solve a MIP problem to find e(.5).

We adopt the idea of Ozener (2014) for the approximation of the Shapely Value in a similar
type of game context. For test instances with around 15 customers, we define the pollution routing game
for only the coalitions that include up to the 5 nearest neighbours for each customer. For a customer
i, we check its distance to customer j # 4, x;;0;;. We rank these distances from low to high and only
include the top five customers j into the coalition associated with customer 7. For all possible subsets of
these coalitions, we find e(.5) by solving the MIP problem. This means that, except for the grand-tour,
we never find the minimum emission tour(s) for a set of customers that has a size above six, significantly
reducing the computational effort. In Appendix D, we evaluate if this number of nearest neighbours
produces a reasonable approximation to the emission allocation of each of the CGT allocation methods

in our test scenarios, and we summarize these results in Section 4.1.1.

2.4 The core of the game

When we have specified the emission allocation and the pollution routing game, we can use cooperative
game theoretical concepts to find the emission allocations to the customer orders. In the next section,
we elaborate on the emission allocation methods we use for this. We wish that these methods produce
stable emission allocations. Here, we use a similar definition of stability as used by Naber et al. (2015).

An allocation of emissions is defined by = (x;);cn, where 2(S) = >, ¢ x;. Such an allocation is



stable if it in the core of the game, which is characterized by

core(e) = {x €™: x(N) =e(N);z(S) <e(5),VS C N}. )
Note that in this definition, negative allocations are allowed. Another remark is that the core may
be empty when a subset of customers has an incentive to leave the grand-coalition because it will be
allocated fewer emissions by doing so. In both Naber et al. (2015) and Kellner and Schneiderbauer
(2019) empty core games are observed.

In Section 3.2, we discuss other evaluation criteria used to evaluate the allocation methods’ performance.

3 Methodology

In Section 3.1, we first elaborate on the emission allocation methods that we evaluate in this paper. Then
we introduce the game-theoretical fairness criteria that we use to evaluate the performance of these
methods in Section 3.2. Lastly, in Section 3.3, we introduce the MIP problem that we use to find the
optimal grand-tour(s) in the emission allocation game and the optimal tour(s) for each coalition in the

pollution routing game.

3.1 Allocation methods

Naber et al. (2015) study four CGT emission allocation methods: the Shapley Value, the Lorenz+ Alloca-
tion, the Equal Profit Method+ and the Nucleolus. These are compared to the Star method, a benchmark

proportional emission allocation method. In the rest of this section, we briefly discuss these methods.

Star method: This methods allocates to every customer order, ¢ € N, the emission amount given by

i)
Sowe(in )

with e({i}) being the stand-alone emission in case a customer was visited separately by a truck. Instead

Ty =

of the stand-alone emission, also other characteristics of the order can be used for the proportional
allocation. A benefit of this method is that it is easily understandable and implementable, but this comes
at a cost, as the allocations generated by the Star method are not guaranteed to be stable, and thus are not
necessarily part of the core. This method is independent of the sequence in which customers are visited

or the distance between them.

Shapley value: The allocation of emissions in this method, is based on the average marginal emission of
a customer entering all possible coalitions (Shapley, 1953). The marginal emission of adding customer %

to subset S, m;(.S), is computed by e(SU{i}) — e(.S). The allocated emission amount is then computed

by
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According to Guajardo and Ronnqvist (2016), this is one of the most used concepts in cooperative
games. A benefit of the Shapley Value is that its solution is unique. however, it is not necessarily part of

the core.

Nucleolus: This method is concerned with satisfying individual rationality, by producing an emission
allocation that minimizes the maximum dissatisfaction of any coalition (Schmeidler, 1969). We intro-
duce the concept of the excess of a coalition (.9, z). It is defined by (.5, z) = e(S) — z(5). We denote
() to be the vector of excesses for each coalition of the allocation x, arranged in non-increasing order.
The Nucleolus is then defined as the allocation x, which is efficient, and individually rational, in a way
that () is the lexicographic minimum among all allocations. The lexicographic order is a generaliza-
tion of the alphabetical order, where for example [1, 12, 4, 3] is lexicographically smaller than Q = [1,
12, 8, 2], and [1, 3, 12, 2] is lexicographically smaller than [1, 4, 1, 1]. The Nucleolus lies in the core
if the core is unique and non-empty. As opposed to proportional allocation methods, and the Shapley
Value, the computation of the Nucleolus is more complex, and it is commonly mistaken (Guajardo &
Jornsten, 2015). To find the Nucleolus, we use an approach by Engevall, Gothe-Lundgren, and Virbrand
(2004), which is similarly adopted by Naber et al. (2015). We solve different linear programming (LP)
problems consecutively and using duality theory, we first find an allocation where we maximize the
minimum excess. Next, we check the dual variables of this solution, and we fix the excesses for all
coalitions that have strictly positive dual variables. Then, given these coalitions with a fixed excess, we
repeat the procedure and maximize the minimum excesses of the remaining coalitions. The solution
procedure continues until we find a (unique) solution. We implement the LP problem used in Naber et

al. (2015) to find the Nucleolus. It can be found in Appendix C.

Lorenz+ Allocation: A variant on the more commonly known “egalitarian solution” of Dutta and Ray
(1989), this method produces a core allocation with a minimal difference between the biggest and small-
est allocation to any customer order. The method was introduced by Arin Aguirre (2003) as “Leximin”.

It can be found by solving an LP problem, with f the smallest absolute difference in allocated emissions:

max f, (3)
st zi—x; < f Vi, j € N, )
2(S) < e(S) ¥S C N, )

2(N) = e(N). (6)



From constraints (5) and (6) it follows that the Lorenz Allocation does not exist in case the core is
empty. Hence, Naber et al. (2015) propose to use the Nucleolus method if the core is empty, to preserve

the continuity of the allocation method. This results in the Lorenz+ Allocation.

Equal Profit Method+ (EPM+): This allocation method, proposed by Frisk, Gothe-Lundgren, Jornsten,
and Ronnqvist (2010), is similar to the Lorenz Allocation, but in this case we minimize the largest
difference between the allocation in the coalition, relative to the stand-alone emission for a customer
order. This allocation can be found by solving the following LP problem, where g denotes the largest

relative difference:

max g, )
Lo T < Vi,j e N 8

M A =Y By e ®
2(S) < e(S) VS C N, ©)

z(N) =e(N). (10)

Similar to the Lorenz Allocation, the EPM does not provide a solution when the core is empty. We also

use the Nucleolus method for this case, and we refer to this method as the EPM+ allocation.

3.2 Evaluation criteria

A trade-off should be considered between the ease of use and understandability of an allocation method,
versus its performance in terms of the fairness of the emission allocation relative to each customer
order. Hence, we evaluate the emission allocations produced by the allocation methods based on several
criteria. We refer to Table 1 for an overview. As opposed to Kellner and Schneiderbauer (2019), we do
not use the criteria Simplicity and Routing Stability in our evaluation. The Simplicity criterion is closely
linked to the Duration criterion, and none of the allocation methods we consider takes the routing

sequence into account when distributing the total amount of CO4 emissions.

Table 1: Evaluation criteria for the allocation methods.

Criteria Description

1) Stability A subset of customers should have no incentive to withdraw from the route based on the allocated emissions.
2) Consistency The allocated CO5 emissions should change accordingly if the characteristics of an order change.

3) Equal treatment of equals ~ Orders with similar characteristics should be allocated similar amounts of CO2 emissions.

4) Robustness Customers that receive similar orders periodically, should be allocated similar amounts of CO2 emissions.
5) Computation time For frequent use of the method, a low computation time is preferred.

In Section 4.2 we elaborate on how to calculate the criteria presented in table above. We report on the
more general concept of Stability similarly to Naber et al. (2015). Stable allocations are in the core of the
game. In Kellner and Schneiderbauer (2019) they decompose stability into Efficiency, Individual Ratio-

nality, and Coalition Stability. Where efficiency is defined as, >,y #; = e(IV), individual rationality

10



is defined as, 2; < e({i}), Vi € IV, and coalition stability is defined as, > ;. g z; < e(S5),VS C N. We

note that by definition all methods fulfil the Efficiency criterion.

3.3 Mixed-integer linear programming problem: (Pollution) Routing model

We now present an adaptation of the Cumulative Capacitated VRP with Pick-ups and Deliveries as
introduced by Kellner and Schneiderbauer (2019). We refer to this MIP problem as the ‘(pollution)
routing model” and it is used to find the optimal grand-tour(s) in the emission allocation game and the

sub-tours for (a set of) feasible coalitions S C N in the pollution routing game.

We define a graph, G = (V, A). The set of vertices, V' contains the depot, 0, and the set of customer
1,...,n,de. Vi ={1,2,...n}and V = {0} U V;. We introduce a set of trucks R, with r € R, to allow
for a routing setting with multiple trucks. In contrast to Kellner and Schneiderbauer (2019), we do not
incorporate the daily operating time constraint in our model, as we consider a relatively small customer
service area (see Section 4.1). Furthermore, we also neglect the time for unloading activities.

The following decision variables are used in the model. A binary variable x;;, to indicate if
arc (i, j) is traversed by truck r, or not (z;; = 0). Another binary variable, y;,, to indicate if a customer
1 is visited by truck r, or not (y;» = 0). Lastly, we use two continuous variables dw;;, and dv;;, to keep
track of the weight-based and volume-based delivery load transported on arc (7, j) by truck 7.

Furthermore, the model contains several parameters. We have the weight-based and volume-
based delivery request of customer ¢, respectively w; and p;. For the truck, we have a maximum order
weight, W, and a maximum order volume, V' that it can transport. Finally, ¢;; defines the distance

between location ¢ and j.

As mentioned in Section 2.2, for the emission allocation game, we want to either find (a) minimum
distance tour(s), or (a) minimum emission tour(s). Hence, we introduce the model with two objective
functions. The distance travelled, d(NV), on (a) minimum distance grand-tour(s) can be found by solving

the model with the following objective function:

min Y @i (11)
1,j€V

The minimum emission tour(s) can be found by solving the model using the general emission function

(see Appendix B) in the objective function:

‘ 5 dw:s

min Z Z Z xij'rﬁwo(FCempty + (Fcfull - FCempty#>ECF (12)

i€V jeVreRrR

We note here that in case we want to use Ligterink’s emission function in the objective (see Appendix

A), we need to add the following constraint:
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131.25
KWty = ——"" Wi jeVireR
0T 5 0.00dwg, T ST (13)

Unfortunately, this constraint is non-linear, which makes this emission function unsuitable to use.

The (pollution) routing model is further defined with the following constraints:

s.t. Z Tijr = Yir VieV,reR, (14)
JEV
> jir = vir VieV,reR, (I5)
JEV
> yor < IR (16)
reR
>y =1 View, (7)
reR
Z dwjir — Z dwijr = W;iYir Vie Vi,r € R, (18)
JEV jev
> dvjir = Y dvijr = piir, vieVi,reR, (19
jev jev
W;iTijr < dwijr < (W — wi)xijr Vi,7 € V,r € R, (20)
Wi Zijr < dvijr < (V — Ni)fzijr VZ,] eV,r € R, 21D
wo = 0, uo =0, (22)
Tijr € {07 1}7 (23)
dwij,«, dvijr > 0. (24)

Constraints (14) and (15) ensure that a truck enters and leaves each visited customer. The number of
routes that can be started is limited by constraint (16) to at most |R|, and restriction (17) ensures each
customer is visited by at most one truck. Constraints (18) and (19) are flow conservation constraints.
They respectively ensure that the weight- and volume-based delivery load in a truck is increased on
the arc leaving a visited customer, by the amount of weight- and volume-based delivery request of the
specific customer. These constraints also ensure that no sub-tours can occur in the distribution route.
Constraints (20) and (21) restrict the cumulative weight- and volume-based delivery load transported
in a truck over an arc. The weight- and volume-based delivery request of the depot is set to zero in

restriction (22). Lastly, constraints (23) and (24) are binary and non-negativity constraints.

Before concluding this section, we want to remark that instead of solving the model with the above-
presented constraints using the minimum distance objective function (11), we can also leave out con-

straints (18) - (22), and (24), and instead add sub-tour elimination constraints, according to the well-
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known Miller-Tucker-Zemlin (MTZ) formulation (Miller, Tucker, & Zemlin, 1960).

4 Numerical experiments

Section 4.1 of this chapter elaborates on the four scenarios we use to evaluate the performance of the
emission allocation methods using two sets of randomly generated test instances. Furthermore, we
elaborate on the parameter settings of these sets of test instances and the target customers we study.
Next, in Section 4.2 we clarify the computation of the evaluation criteria. Finally, we present the results

of our numerical experiments in Section 4.3.

4.1 Set-up of the numerical experiments

In Table 2 we first give an overview of the characteristics of the four scenarios in which we test two
sets of random test instances. For each scenario, we make a choice regarding the set of test instances
we evaluate, the type of emission function we use and the parameter settings for the (pollution) routing
model (introduced in Section 3.3). We elaborate on these choices in the remainder of this section.
We evaluate all the five allocation methods in each scenario unless mentioned otherwise in the column
‘Additional features’. We note that the Star method allocates similar emissions to all customer orders in

Scenario 2 and 3, and therefore we only report the output of this method for Scenario 2.

Table 2: Summary of the characteristics for the considered scenarios.

Evaluated with set ~ Emission Optimization .
. . . Objective for the  # of trucks, .
Scenario Type of game of test instances function, method to find . Additional features
. . optimal tour |R|
with ... customers e(.) the optimal tour
1 Emission allocation 10 Ligterink’s MIP Model Min. distance (11) 1
Emission allocation 10 & 14 General MIP Model Min. distance (11) 1
2 Emission allocation 10 Ligterink’s Exact Min. emission 1
Emission allocation 10 & 14 General MIP Model Min. emission (12) 1
With 14 customers we
use the approximation as
3 Pollution Routing 10 & 14 General MIP Model Min. emission (12) 1 de‘scrlbed in Section 2.3
using 6 nearest
neighbours & exclude the
Nucleolus from evaluation
. . . L Vol f all s
4 Pollution Routing 10 General ~ MIPModel  Min. emission (12) 2 olume of all orders

doubled

For the MIP problem, see Section 3.3.

The numbers in brackets indicate the number of the objective function in Section 3.3.
4.1.1 The number of customers: two sets of test instances
Based on preliminary research we find that we can perform the emission allocation using all allocation
methods in each scenario in reasonable run-time with up to 10 customers. With this small number of
customers, the computational effort to define the pollution routing game did not cause any problems.

Hence, there was no need to use an approximation to reduce the number of coalitions in the game, as
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described in Section 2.3. We also evaluate a set of test instances with a larger customer base, where
we chose 14 customers based on conducted experiments. From preliminary results, we find that with
this number of customers, the computational complexity to define the pollution routing game creates
issues with regards to the run-time and out of memory errors. Therefore, there is a need to reduce the
number of coalitions for which we need to solve the (pollution) routing model in this case. We use
the approximation described in Section 2.3 using 6 nearest neighbours in Scenario 3, but exclude the
Nucleolus from our evaluation as the approximation has bad performance for this method. In addition,
we do not evaluate the set of test instances with 14 customers in Scenario 4, as the approximations did
not work for any of the methods in this scenario. We refer to Appendix D for a more elaborate evaluation
of the quality of the used approximation with regards to the performance of the CGT emission allocation
methods in Scenario 3 and 4 using a varying number of nearest neighbours. We note that in Scenario 1
and 2, there is no need to use such an approximation, as in these scenarios we use the emission allocation
game, for which we do not need to solve an exponential number of (pollution) routing problems, but only
a single one for the grand-tour.

Another result from preliminary research is that it requires too much memory space to find the
minimum emission distribution tour visiting 14 customers in an exact manner using Ligterink’s emission
function. Therefore, we only use the general emission function to evaluate the emission allocation

methods for the set of test instances with 14 customers.

4.1.2 An elaboration on the four scenarios

In Scenario 1 we find the minimum distance tour for the grand-coalition. For the set of problems in-
stances with 10 customers, we compute and allocate the emissions generated on this tour using both
emission functions to compare their performance. In this scenario, we assume that the weight of the or-
ders shipped by the truck never exceeds its capacity. In addition, as emissions are not incorporated in the
optimization problem, this scenario does not take into account the influence of the order characteristics
on the routing of the truck.

In Scenario 2, we also analyze the performance of both emission functions for the set of test
instances with 10 customers. As stated in Section 3.3, we cannot use Ligterink’s emission function in
the (pollution) routing model to find the minimum emission grand-tour. Hence, we find the grand-tour
for this emission function in an exact manner, where we enumerate all possible orders in which we can
route the customers on a distribution tour and check the generated emissions for each tour. We select the
tour with the lowest emissions, to find e(N) for the grand-coalition.

Both Scenario 2 and 3 allow us to study the influence of the order characteristic weight on
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the routing of the truck to a certain degree. This is the case because the payload of the truck influences
the generated emissions on the tour, and every single order consumes the truck weight capacity to a
different degree. This influences the order in which the customers are visited in the minimum emission
grand-tour. We note that in these scenarios, we pick the truck order weight and volume capacity in a way
that we can always create one tour visiting all customers. In Scenario 3, where we solve the (pollution)
routing model for each coalition, the order characteristics also influence the routing of the sub-tours.
Scenario 4 is similar to Scenario 3, but now we double the order volumes for all customer
orders for each test instance and pick the truck volume capacity in a way that we always need to use two
trucks to visit all customers in the grand-coalition. We set the truck volume capacity in each test instance
to a value that is slightly more than half of the total volume consumed by the customer orders. This
allows us to study the effect that the characteristics of a single order might have on the CO5 emission of

another route, as a single order now consumes the truck volume capacity to a different degree.

4.1.3 The parameter settings for the test instances

Next, we discuss the settings of the parameters in our (pollution) routing model. These vary over the
different test instances but are the same in each scenario. Table 3 summarizes these possible settings.
In a simulation, we generate 30 test instances for the set of test instances with 14 customers and 15 for
the set of test instances with 10 customers. A smaller set of test instances was used for the set of test
instances with 10 customers, as it takes more time per test instance to define the pollution routing game
when no approximation to the total number of coalitions is used. In the simulation, we study the average
effects on the allocated emissions to three target customers (see Section 4.1.4) in each scenario for the

different allocation methods.

Table 3: Parameter settings for the test instances.

Parameters Settings
Depot Number: 1
Location: z, y-coordinate (0, 0)
Customers Number: 10 or 14
Location: randomly generated z, y-coordinates between 5 and 15 (uniformly distributed)
Order weight Low (1.4), medium (7.1) or high (35.7)
(in loading units = 0.01 ton)
Order volume Low (0.06), medium (0.3) or high (1.5)
(in whole pallets)
Truck Truck weight: 5 ton

Maximum capacities: 507 loading units & 21 pallets*
Driving speed: 35 km/h**

Naber et al. (2015) use similar parameter settings for the order weight, truck weight, maximum loading units and truck
velocity.

* In Scenario 4, the volume capacity is chosen to be slightly more than half of the total order volume for both trucks.

** The truck driving speed is an input variable in Ligterink’s emission function, see Appendix A.
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The location coordinates are chosen to represent a small city setting, where the city covers an area of
10 by 10 kilometres and the depot is located 5 kilometres outside of the city, at coordinate (0,0). For all
customers, the location coordinates are picked randomly. In Scenario 1, 2 and 3 one truck with medium
size container leave the depot, and in Scenario 4, two similar-sized trucks leave the depot, but these
have limited volume capacity. From preliminary results, it follows that the service area set-up has some
influence on the way the emission allocation methods incorporate the effect of the order characteristics
in their emission allocation. However, the performance of the methods with respect to the evaluation
criteria does not vary much when comparing two different service area set-ups. We refer to Appendix E

for a more elaborate analysis of this performance comparison between two service area set-ups.

4.1.4 The (target) customers

In our evaluation, we have three target customers for which the order characteristics remain fixed over all
randomly generated test instances: 1) a customer with low order weight (14 kg), low order volume (0.06
pallet) and a fixed distance to the depot of 15 kilometres, 2) a customer with low order weight, high order
volume (1.5 pallets), and a 15-kilometre distance to the depot, and 3) a customer with high order weight
(357 kg), low order volume and a 15-kilometre distance to the depot. These target customers lie on a
circle with a radius of 15-kilometre with respect to the depot. Furthermore, for the evaluation criteria
Consistency, we fix some of the characteristics of an additional customer in all randomly generated test
instances. This customer (4) has low order weight and volume, and varying distance to the depot. For

the other customers, the order weight and volume category are picked randomly.

4.2 Computation of the evaluation criteria

For the computation of the evaluation criteria, we look at the work of Kellner and Schneiderbauer (2019).
For the Srability criterion, we check if the emission allocations produced by the various allocation meth-
ods are part of the core of the game, see Section 2.4. We note here that when we use an approximation
to the number of coalitions in the pollution routing game this affects the interpretation of the Stability
criterion. The core is no longer properly defined, as we reduce the set S C IV, which results in a reduc-
tion of the number of z(S) < e(.S) constraints, that are part of the definition of the core. This enlarges
the feasible region. In addition, such an approximation affects the Shapley Value, which loses its theo-
retical property of efficiency. This also influences the stability performance of this method. To ensure
the Shapley Value still produces efficient emission allocations, we multiply the allocated emissions by
a correction factor based on the deviation between the allocated emissions and the generated emissions

on each sub-tour for each coalition. This ensures that all emissions generated on the grand-tour(s) are
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allocated over the customer orders.

To evaluate the criterion Equal treatment of equals, we create within each test instance two
orders with the same characteristics and see if they get allocated the same proportion of total COq
emissions. We use a margin of 0.01 here to avoid this criterion being rejected based on a small difference
in the many numbers behind the decimal when we check the equality of allocated emissions. The
characteristics of the two orders can vary over different test instances but have to be the same within a
specific test instance.

The Consistency criterion is examined by tracking the emissions allocated to target customers
1, 3 and 4 in each test instance over all test instances. Target customer 3 has an order with a heavier
weight as compared to target customer 1, and is expected to be allocated more CO3 emissions. More-
over, target customers 4 and 1 have similar order weight and volume, however, we expect target customer
4 ’s order to be allocated more (less) emissions than target customer 1’s when it has a larger (smaller)
distance to the depot. By separately comparing the emissions allocated to these three target customers,
we can also independently evaluate if an emission allocation is consistent in terms of weight or distance
to the depot. If the emission allocation of a method is both consistent with order weight and distance
to the depot, we consider the method’s performance ’consistent’ for the specific test instance. We also
look at the effect of order volume on the emission allocation, by checking the proportion of emission
allocated to target customer 2’s order. We expect this effect to become more apparent in Scenario 4,
because of the tighter constraints on the available volume capacity in each truck.

To evaluate the Robustness criterion, we study the allocation of emissions to target customer
1’s order over multiple test instances. The order characteristics of the non-target customers change, while
they remain the same for the target customers. We would expect a similar COy emission allocation
to target customer 1 if the order characteristics remain identical. Robustness is then measured as the

standard deviation divided by the average allocated emission, which is referred to as the CoV.

4.3 Results

This section presents the results of our computational study. All results are obtained using an Intel(R)
Core(TM) i7-6700HQ CPU @ 2.60GHz with 8 GB of RAM. The MIP and LP problems are solved in
Eclipse IDE Version 2020-12 (4.18.0), using CPLEX 12.1 with Java as the programming language.

4.3.1 Characteristics of the four scenarios for both emission functions
Table 4 presents characteristics of the four scenarios for the two sets of test instances. First, the core

turns out to be non-empty for both sets of test instances in Scenario 1, 2 and 3. As opposed to the other
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scenarios, Scenario 4 has 5 test instances with an empty core. In this scenario, two trucks with limited
volume capacity are used to service all customer orders. We see that the average combined length of
the resulting two tours is longer than in Scenario 1 and 2, with associated higher average emissions per
tour. In addition, the average emissions per kilometre computed using the general emission function in
Scenario 2 (0.41), is lower than in Scenario 4 (0.45). These two shorter tours are possibly less efficient
in terms of CO» emitted, as compared to servicing all customers on a single tour. This could cause the
average emissions allocated to a customer order when cooperating in these grand-tours in Scenario 4
to be higher than when it would not cooperate, making the allocation unstable, and certain coalitions
possibly more efficient. We expect this to increase the number of test instances with an empty core.

Regarding the set of test instances with 10 customers, we see a larger computation time to
define the pollution routing game (in Scenario 3 and 4), as compared to the emission allocation game
(in Scenario 1 and 2). This is what we would expect, as we need to solve an exponential number of
pollution routing problems to define the pollution routing game and only one for the emission allocation
game. When we use the approximation discussed in Section 2.3 to reduce the number of coalitions
for which we need to solve a pollution routing problem in Scenario 3 for the set of test instances with
14 customers, we observe a lower computation time to define the pollution routing game, despite the
increase in the number of customers.

Table 4: Characteristics of the scenarios for both sets of test instances.

Random Emission Avg. comp. . Avg. total
. . % of empty . Avg. emissions

Scenario instances function core games time to define per tour (kg) length of
with type the game (s) tour(s) (km)
1 10 cust. 1 0.00 1.00 19.00 45.96
2 0.00 0.67 20.73 45.96
14 cust. 2 0.00 12.60 23.01 50.25
2 10 cust. 1 0.00 1.07 18.91 45.96
2 0.00 0.53 20.67 45.96
14 cust. 2 0.00 11.63 22.89 50.27
3 10 cust. 2 0.00 30.91 18.91 45.96
14 cust.* 2 0.00%* 25.35 22.89 50.27
4 10 cust. 2 33.33 94.42 32.22 72.28

The reported values for the test instances with 10 customers are averages over 15 random test instances, and for the test
instances with 14 customers over 30 random test instances.

* The reported values for Scenario 3 for the set of test instances with 14 customers are computed using an approximation
to the total number of coalitions including only the 6 nearest neighbours for each customer, see Section 2.3.

Lastly, we want to note the very slight reduction in average emissions per tour in Scenario
2, as compared to Scenario 1. For Ligterink’s emission function this reduction is 0.48% and for the
general emission function for the sets of test instances with 10 and 14 customers, respectively 0.29%
and 0.52%. For the set of test instances with 14 customers, we also see a slight increase of 0.04% in the

average total length of the tour in Scenario 2, as compared to Scenario 1. This is what we would expect
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to see, as in Scenario 2 we find the minimum emission tour, while in Scenario 1 we find the minimum
distance tour for the grand-coalition. However, the difference is only minor. This suggests that for both
emission functions, the distance travelled by the truck has the most influence on the average generated
emissions of a tour, while the payload of the truck has only a minor effect. We expect the difference in
the input parameters and the chosen values for these parameters in both emission functions to explain
the differences in the average emissions generated on a tour. In Appendix E we briefly elaborate on this
by evaluating, among others, the sensitivity of our results concerning these chosen parameter values.
Before we present the results of the performance of the allocation methods for the two sets of
test instances in the four scenarios, we want to note that we separately checked the evaluation criterion
Individual Rationality, part of the Stability criterion. Kellner and Schneiderbauer (2019) argue that
performance on this criterion is more important for an allocation method than producing allocations that
are part of the core because it is easier to verify for a customer if it would benefit to cooperate and get
lower or similar emissions than their stand-alone emissions. We find that all allocation methods satisfy

this criterion for our evaluated test instances in each scenario.

4.3.2 Performance of the allocation methods in the four scenarios with 10 customers

We start with the results for the set of test instances with 10 customers, in case we use the general emis-
sion function. Table 5 contains these results. We first discuss the performance of the allocation methods
with respect to the evaluation criteria and then make some remarks regarding the average emission allo-

cations to the target customers by the various emission allocation methods in the different scenarios.

The stability performance : The performance on this criterion is related to the number of empty core
instances. When the core is non-empty, the Lorenz+ Allocation, EPM+ and Nucleolus guarantee a
solution in the core, and their allocations are stable by definition. Kellner and Schneiderbauer (2019)
found that although the Shapley Value does not incorporate any core criteria in its solution, it was in the
core in almost all (98.7%) of their instances. For the Star method, they found that this was the case in
only 34.9% of their test instances. The values in Table 5 for Scenario 1, 2 and 3 confirm their result for
Shapley Value. In addition, we find a reasonably high percentage of test instances for which the Star
method has stable allocations. Only in Scenario 4, the emission allocations of the Shapley Value and
the Star method are not part of the core of the game for any of the test instances. For the Star method,
this could be the case because it allocates emissions in the same way in each scenario, proportional to
the stand-alone emissions of a customer, so in Scenario 4 it might not be able to capture the dynamics
of the problem. The Shapley Value allocates emission to each customer equal to their average marginal

emission over all coalitions. However, in Scenario 4 the marginal contribution to the emissions by adding
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a customer to a route could be very high if a new route has to be started to serve all these customers in
the coalition. This might influence its Stability performance. Based on these criteria, these two methods

seem to not be very suitable to the problem dynamics of Scenario 4.

Table 5: Performance of the five allocation methods with respect to the evaluation criteria in the four
scenarios, where we use the general emission function and no approximation to the total number of
coalitions in Scenario 3.

. % of % of %ol Robust.  AVE
Sce- Alloc. Average emission allocated to: . alloc. eq. comp.
. alloc. in alloc. ness .
nario  method (kg) . treatment time
core consistent (CoV)
of eq. (s)
Target cust. 1  Target cust. 2 Target cust. 3
1 Star 2.12(0.12) 2.12 (0.12) 2.14 (0.12) 73.33 100.00 100.00 0.06 0.00
method
Shapley 1.99 (0.36) 1.90 (0.45) 2.02(0.33)  100.00 60.00 0.00 0.18 0.00
Lorenz+ 2.05(0.17) 2.05(0.17) 2.05(0.17)  100.00 0.00 93.33 0.08 0.00
EPM+ 2.10(0.12) 2.10 (0.12) 2.12(0.12)  100.00 100.00 93.33 0.06 0.00
Nucleolus 1.81 (0.47) 2.57 (2.89) 1.81(0.48)  100.00 33.33 0.00 0.26 0.50
2 Star 2.12(0.12) 2.12 (0.12) 2.13(0.12) 73.33 100.00 100.00 0.06 0.00
method
Shapley 1.99 (0.36) 1.90 (0.45) 2.00(0.34)  100.00 60.00 0.00 0.18 0.00
Lorenz+ 2.04 (0.17) 2.04 (0.17) 2.04 (0.17)  100.00 0.00 93.33 0.08 0.00
EPM+ 2.10(0.12) 2.10 (0.12) 2.11(0.12)  100.00 100.00 93.33 0.06 0.00
Nucleolus 1.81 (0.47) 2.57 (2.89) 1.78 (0.48)  100.00 33.33 0.00 0.26 0.44
3 Shapley 1.99 (0.38) 1.91 (0.45) 2.00(0.35)  100.00 60.00 0.00 0.19 0.00
Lorenz+ 2.04 (0.16) 2.04 (0.16) 2.04 (0.16)  100.00 0.00 93.33 0.08 0.01
EPM+ 2.09 (0.12) 2.09 (0.12) 2.11(0.12)  100.00 100.00 93.33 0.06 0.01
Nucleolus 1.53 (1.78) 2.99 (0.55) 1.78 (1.20)  100.00 33.33 0.00 0.36 0.63
4 Star 3.29 (0.15) 3.29(0.15) 3.32(0.15) 0.00 100.00 100.00 0.05 0.00
method
Shapley 2.10(0.32) 5.87 (1.55) 2.11(0.42) 0.00 60.00 0.00 0.15 0.00
Lorenz+ 0.80 (0.74) 8.00 (3.18) 1.38 (1.14) 66.67 46.67 26.67 0.93 0.19
EPM+ 0.90 (0.77) 7.91 (3.17) 1.29 (1.09) 66.67 53.33 20.00 0.86 0.19
Nucleolus 0.88 (1.22) 8.19 (3.25) 1.22 (1.17) 66.67 33.33 0.00 0.83 0.60

The reported values are computed for a set of 10 customers over 15 random test instances.

For the average emissions allocated to the target customers, the standard deviations are reported in the brackets.
Robustness is measured for the target customer 1, see Section 4.1.

The computation time is for emission allocation only. See Table 4 for the run time to define the emission alloca-
tion/pollution routing game.

The Computation Time performance: We see that the Star method has the lowest computation time,
reflecting the polynomial computational complexity of the method. The other methods have exponential
time complexity, with the Nucleolus having the highest computation time, as it solves multiple LP’s to
find a solution. Because of the low number of customers, the Lorenz+ Allocation and EPM+ also have
very fast computation times in Scenario 1, 2 and 3. In Scenario 4, we see that the computation time of
the EPM+ and Lorenz+ Allocation is higher because in the case that test instances have an empty core,
the EPM+ and Lorenz+ Allocation coincides with the Nucleolus method. These results are consistent

with the work of Naber et al. (2015).
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The Robustness performance: When we look at the Robustness evaluation criterion, we observe rather
low values for all methods in Scenario 1, 2 and 3, and significantly larger values for the Lorenz+ Al-
location, EPM+ and Nucleolus in Scenario 4. We conclude that the test instances with an empty core
negatively influence the robustness of these three methods, when we look at the results of the allocation
methods in Scenario 4 for the test instances with a non-empty core in Table 6. Over all test instances
and scenarios, we see that the Star method has the lowest value for the CoV, making it the most robust
method. This result is in contrast with what Naber et al. (2015) found for their set of test instances.
They consider the Nucleolus method to be the best performing, although in our evaluation this is the
worst-performing method in terms of robustness. Also, as opposed to what Naber et al. (2015) found,
we observe the EPM+ to have similar performance on the Robustness evaluation criterion as the Star
method, with the Lorenz+ Allocation performing well, too, deviating only 0.02 from their CoV values.
We expect the performance of the allocation methods on the Robustness criterion to be affected by the
service area set-up of our test instances. This shows to some degree in our evaluation for different ser-
vice area set-ups in Appendix E, although we still conclude that the Star method and the EPM+ are the
most robust methods.

Table 6: Performance of the five allocation methods with respect to the evaluation criteria in Scenario 4
for test instances with non-empty core, where we use the general emission.

. # of # of # of Robust- Ave.
Sce- Alloc. Average emission allocated to: . alloc. eq. comp.
i alloc. in alloc. ness .
nario  method (kg) . treatment time
core consistent (CoV)
of eq. (s)
Target cust. 1 ~ Target cust. 2 Target cust. 3
Star
4 3.27 (0.17) 3.27 (0.17) 3.30 (0.18) 0 10 10 0.05 0.00
method
Shapley 2.09 (0.38) 6.32 (1.43) 1.95 (0.22) 0 4 0 0.18 0.00
Lorenz+ 0.72 (0.40) 9.19 (2.81) 1.02 (0.63) 10 4 4 0.56 0.19
EPM+ 0.87 (0.50) 9.06 (2.85) 0.89 (0.34) 10 5 3 0.58 0.19
Nucleolus 0.85 (0.39) 9.48 (2.80) 0.78 (0.47) 10 2 0 0.47 0.60

The reported values are computed for a set of 10 customers over 10 non-empty core random test instances.

For the average emissions allocated to the target customers, the standard deviations are reported in the brackets.
Robustness is measured for the target customer 1, see Section 4.1.

The computation time is for emission allocation only. See Table 4 for the run time to define the emission alloca-
tion/pollution routing game.

The consistency performance: When we look at the overall performance on the Consistency criterion,
we see that the Star method performs best. This result is in accordance with Naber et al. (2015). We also
similarly find that the Nucleolus performs relatively poor on this criterion for this set of test instances
in Scenario 1, 2 and 3. The Shapley Value has average performance, but we would not consider its
performance poor, a conclusion reached by Naber et al. (2015). The EPM+ has the overall second-best

performance, which we expect as the method allocates emissions by minimizing the largest difference
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between the allocation relative to the stand-alone emission for each customer order, so this ensures
a certain consistency in its allocations. As the stand-alone emissions for each customer are mostly
determined by their distance to the depot, which is the same for the three target customers, we are,
however, not surprised to see similar average emissions allocated over these customers in Scenario
1, 2 and 3. We also observe this for the Lorenz+ Allocation, which we can similarly expect, as this
method tries to minimize the difference between the largest and smallest allocation to any customer.
The Lorenz+ Allocation, on the contrary, does not seem to incorporate the effect of order weight in its
emission allocation in Scenario 1, 2 and 3, which is reflected in its bad performance on the Consistency
criterion. The Star method, EPM+ and Shapley Value, although they only allocate 0.01 to 0.02 kg more
emission to target customer 3’s order, do seem to incorporate order weight into their emission allocation
in these scenarios. These results are in accordance with Naber et al. (2015), as they also find that the
weight of the customer orders had little effect on the emission allocation in case the customer can be
visited on a single distribution tour.

We shortly elaborate on the Consistency performance of the Lorenz+ Allocation and the EPM+
in Scenario 4 at the end of the section where we discuss the average emission allocations to the target
customers in the different scenarios. Furthermore, we want to make a quick note here on the number of
test instances we used and the set-up of the test instances. In Appendix E, we evaluate the performance
of the emission allocation method in only Scenario 1 and 2, for two service area set-ups over 30 test
instances, of which one is the same as we use in our main results. For both service area set-ups, when
we use this larger set of test instances, we see that especially the Shapley Value, Lorenz+ Allocation and
EPM+ allocate relatively more emissions to the order of target customer 3, as compared to the values
we observe in Table 5. In addition, from the output results presented in this Appendix, we also conclude
that the Nucleolus method has the least consistent emission allocation, and is most sensitive to a change
in the service area set-up. Hence, the service area set-up and the rather small set of test instances we

consider for the set of 10 customers has some influence on the conclusions we draw in this section.

The Equal Treatment of Equals performance: Kellner and Schneiderbauer (2019), finds that the propor-
tional allocation methods achieve better results on the Equal Treatment of Equals evaluation criterion
than the Shapley Value. We indeed see that the Star method’s emission allocation always satisfies this
criterion and the Shapley Value’s emission allocations never. Also, the Lorenz+ Allocation and EPM+
both have a good performance on the Equal treatment of Equals criterion in Scenario 1, 2 and 3. Both
methods try to minimize differences between allocations to customer orders, and when the effect of the

order weight influences the emission allocation to a small degree, these methods seem to ensure that
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orders with similar characteristics get allocated similar amounts of emission.

The Nucleolus has the largest relative differences in the average emissions allocated over the
three target customers. Although target customers 1 and 2 have similar order characteristics, except for
the order volume, average allocated emissions differ 41.99% in Scenario 1 and 2, and even 95.42% in
Scenario 3. For the Star method, Lorenz+ Allocation and EPM+ we observe no such difference, and only
a small difference is observed for Shapley Value, of between 4% to 5%. It is thus not surprising that the
Nucleolus performs very badly on the Equal treatment of Equals criterion, and also on the Consistency

criterion, its performance is the worst of all allocation methods in each scenario.

Comparison of the average emission allocations in the different scenarios: In Table 5 we see that
the average emission allocations in Scenario 1 and 2, almost coincide, confirming that the minimum
emission tours found in Scenario 2, are very similar to the minimum distance tours found in Scenario 1.
Interestingly, if we compare the average emission allocations to the target customers’ orders in Scenario
2 and 3, we see similar allocations for the Shapley Value, Lorenz+ Allocation, and EPM+. This implies
that for these methods, it does not seem to have significant added value to use a computationally more
complex pollution routing game, instead of a simpler emission allocation game. Only the Nucleolus
allocates significantly different amounts of emission in Scenario 2 and 3, with an 18.30% difference
for target customer 1’s order and 16.34% difference for target customer 2’s. As this method tries to
minimize the maximum disaffection of any coalition, using it in the pollution routing game, which better
specifies the minimum emission tours by solving a pollution routing problem for each coalition, seems
to have added value. We note here, that the small difference between the average emission allocation
to the target customer’s orders for the other methods in Scenario 2 and 3, could be related to the small
customer sample considered. Larger differences might only become apparent for a bigger customer set.

The problem dynamics of Scenario 4 differ from the other three scenarios. In this scenario,
some of the coalitions of customers need to be serviced using two trucks, which increases the emissions
generated on such a sub-tour significantly, as compared to a case where all coalitions can be serviced
using a single truck. This affects the CGT allocation methods. As the order volume is now influencing
the routing of the customer orders, the marginal emissions of adding a customer to a tour seem to have
changed, reflected by the higher emission allocation to target customer 2’s order for the Shapley Value.

As the Lorenz+ Allocation, EPM+ and Nucleolus coincide in case the core is empty for a spe-
cific test instance, we also look at the results in Table 6. The Lorenz+ Allocation, EPM+ and Nucleolus
each explicitly incorporate the emissions generated on a sub-tour for each coalition in their LP problems.

In Scenario 4, these emissions changed because of the influence of the order volume characteristic on
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the routing of the two trucks, which is reflected by a change in the proportion of average emissions allo-
cated over the orders of the target customers. Each CGT allocation method seems to capture the effect
that order volume has on the routing of the customers, and hence on the total generated emissions for
both tours. In the conclusion of the paper of Naber et al. (2015) they share that they expect the demand
of a customer order to have a greater effect on the allocated emissions in the case that total demand
exceeds the limit of the truck. We can confirm this expectation with our results. In addition, Kellner
and Schneiderbauer (2019) conclude that volume has a greater effect on fuel consumption, and hence
generated emissions, than weight, because of its influence on the routing of trucks. From the values in
Tables 5 and 6, we can conclude this as well.

We furthermore see that in Scenario 4, we have the lowest average emissions allocated to the
orders of target customers 1 and 3 using the Lorenz+ Allocation, EPM+ and Nucleolus, as compared
to the other scenarios. This reflects that the order weight might now even have a smaller effect on the
emission allocation done by the allocation methods, although the difference in emissions allocated to
target customer 1’s and 3’s orders has increased. Lastly, we note that the different problem dynamics
of Scenario 4, make that the Lorenz+ Allocation seems to more consistently allocate emissions to the
orders of the three target customers. In contrast, the EPM+ has worse performance on the Consistency

criterion, as compared to the other scenarios.

4.3.3 Comparison of the allocation method performance in Scenario 1 and 2 with 10 customers
using both emission functions

In this section, we compare the allocation methods’ performance when we use Ligterink’s emission

function and the general emission function. Table 7 presents the emission percentages allocated to

the orders of the target customers for the set of test instances with 10 customers, using both emission

functions for Scenario 1 and 2.

We see that the Star method, the Lorenz+ Allocation and the EPM+ allocate very similar
percentages of emissions to the target customers’ orders using either of the two emission functions in
both scenarios. However, the Shapley Value seems to better capture the effect of order weight in its
emission allocation using Ligterink’s emission function. It allocates 6.70% more emissions to the order
of target customer 3, as compared to target customer 1 in Scenario 1, and 5.32% in Scenario 2. Using the
general emission function, this difference is 1.24% and 0.5%, respectively. For both emission functions,
these percentage differences do decrease in Scenario 2, as compared to Scenario 1.

The most striking difference between the use of the two emission functions is observed when

we look at the performance of the Nucleolus. When we look at its emission allocation in Scenario
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Table 7: Comparison of the two emission functions with respect to the emission allocation to the target
customers in Scenario 1 and 2.

Avg. emission alloc. Avg. emission alloc.
. Alloc. . .7, .. . .. .
Scenario Ligterink’s emission function =~ General emission function
method
(%) (%)
Target Target Target Target Target Target
cust. I cust. 2 cust. 3 cust. 1 cust.2 cust. 3
1 Star 1024 10.24 1037 1026 1026  10.33
method
Shapley 9.55 9.12 10.19 9.70 9.28 9.82
Lorenz+ 9.88 9.88 9.88 9.88 9.88 9.88
EPM+ 10.16  10.16 10.29  10.18 10.18 10.25
Nucleolus 9.13 8.62 9.51 8.82 1222 8.74
2 Shapley 9.59 9.15 10.10 9.72 9.29 9.77
Lorenz+ 9.88 9.88 9.88 9.89 9.89 9.89
EPM+ 10.16  10.16 10.29  10.18 10.18 10.25
Nucleolus 8.77 9.05 9.34 885 12.25 8.68

The reported values are computed for a set of 10 customers over 15 random test instances.
The target customers is fixed in all test instances, see Section 4.1.

1 using Ligterink’s emission function, target customer 2’s order gets allocated 5.92% less per cent of
emissions than target customer 1’s, while if we use the general emission function, target customer 2’s
order gets allocated 38.55% more. In Scenario 2, we do not observe this. Furthermore, when we use
the Nucleolus with Ligterink’s emission function, we see a higher percentage of emissions allocated to
target customer 3’s order than to target customer 1’s in both scenarios, while we see an opposite result for
the general emission function, although the difference is smaller. It seems that the emission allocation
using the Nucleolus is most sensitive to a change in emission function. In Appendix E we reach a similar
conclusion in case we change the parameters of a specific emission function. Also then, the Nucleolus
is most affected.

In Appendix F we have included a table with results of the emission allocation methods’ performance
with respect to the evaluation criteria for Ligterink’s emission function in Scenario 1 and 2. They do
not perform very differently with respect to the evaluation criteria when using either emission function.

Hence, similar conclusions can be drawn from these results, as from the results in Table 5.

4.3.4 Performance of the allocation methods in the four scenarios with 14 customers

We now look at the results in Table 8 for the set of test instances with 14 customers. These results are
comparable to the results in Table 5 for the set of 10 customers. We do notice some small differences
in the relative CoV values for the Lorenz+ Allocation and the EPM+, and around a 40% higher value
for the CoV for the Shapley Value, and a 60% higher value for the Nucleolus in both Scenario 1 and 2

for the set of test instances with 14 customers. However, the conclusion that the Shapley Value has the
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second-worst performance on the Robustness criterion and the Nucleolus the worst, remain the same.

Table 8: Performance of the five allocation methods with respect to the evaluation criteria in the four
scenarios, where we use the general emission function and an approximation to the total number of
coalitions in Scenario 3.

. % of % of %ol pobust- AV
Sce- Alloc. Average emission allocated to: . alloc. eq. comp.
. alloc. in alloc. ness .
nario method (kg) . treatment time
core consistent (CoV)
of eq. (s)
Target cust. 1 ~ Target cust. 2 Target cust. 3
Star
1 method 1.71 (0.13) 1.71 (0.13) 1.72 (0.13) 66.67 100.00 100.00 0.07 0.00
Shapley 1.60 (0.41) 1.58 (0.39) 1.66 (0.35)  100.00 53.33 10.00 0.26 0.07
Lorenz+ 1.61 (0.12) 1.61 (0.12) 1.61 (0.12)  100.00 3.33 90.00 0.07 0.16
EPM+ 1.69 (0.13) 1.69 (0.13) 1.70 (0.13)  100.00 100.00 96.67 0.08 0.16
Nucleolus 1.44 (0.61) 1.44 (0.43) 1.44 (0.49)  100.00 33.33 6.67 0.42 10.76
2 Star 170(0.12)  1.70(0.12)  1.71(0.12)  66.67 10000  100.00 007  0.00
method
Shapley 1.60 (0.40) 1.58 (0.39) 1.66 (0.35)  100.00 50.00 6.67 0.25 0.06
Lorenz+ 1.60 (0.12) 1.60 (0.12) 1.61 (0.11)  100.00 3.33 90.00 0.07 0.14
EPM+ 1.69 (0.12) 1.69 (0.12) 1.70 (0.13) 100.00 100.00 96.67 0.07 0.14
Nucleolus 1.26 (0.58) 2.08 (2.82) 1.34 (0.57)  100.00 30.00 3.33 0.46 9.63
3* Shapley 1.58 (0.21) 1.62 (0.27) 1.63 (0.21) 0.00 60.00 13.33 0.13 0.00
Lorenz+** 1.63 (0.12) 1.63 (0.12) 1.63 (0.12)  100.00 13.33 100.00 0.07 0.02
EPM+ 1.70 (0.12) 1.70 (0.12) 1.71 (0.13)  100.00 100.00 100.00 0.07 0.02

The reported values are computed for a set of 14 customers over 30 random test instances.

For the average emissions allocated to the target customers, the standard deviations are reported in the brackets.
Robustness is measured for the target customer 1, see Section 4.1.

The computation time is for emission allocation only. See Table 4 for the run time to define the emission alloca-
tion/pollution routing game.

The reported values for Scenario 3 are computed using an approximation to the total number of coalitions including only
the 6 nearest neighbours, see Section 2.3.

A more noticeable difference is discovered when we look at the emission allocation to the
three target customers’ orders for the Nucleolus method in both Scenario 1 and 2. Similar to the set
of test instances with 10 customers, the Nucleolus method allocates the least emissions to the orders of
target customers 1 and 2 in both scenarios. However, for the set of test instances with 10 customers,
the Nucleolus allocates around 42% more emissions to target customer 2’s order as compared to target
customer 1’s in Scenario 1, and around 2% fewer emissions to target customer 3’s order as compared
to target customer 1’s in Scenario 2. Table 8 present contrasting results. The emission allocations of
the Nucleolus in Scenario 1 for the set of test instances with 14 customers, however, is more aligned
with the emission allocations of the other methods. In addition, this time we see in Scenario 2 that the
Nucleolus method allocates more emission to the order of target customer 3, as we would expect because
this customer has a bigger order weight.

Another observation is the increase in computation time of the allocation methods, associated

with the increase in the number of customers. This is what we would expect to see. In addition, similar
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to what Naber et al. (2015) found, we see that increasing the number of customers on a route, decreases
the emissions allocated to orders of the target customers.

Lastly, we look at the results of the emission allocation methods’ performance in Scenario
3. For this set of test instances, we used an approximation to the total number of coalitions to reduce
the computational effort to define the pollution routing game. The emission allocations of the Shapley
Value, Lorenz+ Allocation and EPM+ in Scenario 3 using this approximation, are comparable to the
emissions allocations of these methods in Scenario 2. We have also seen this for the set of test instances
with 10 customers. If we compare the average emission allocations to the target customers in Scenario
3 for both sets of test instances, the most notable difference is that the Shapley Value allocates slightly
more emissions to target customer 2’s order than to target customer 1’s, in the set of test instances with
14 customers, while we see an opposite result for the set of test instances with 10 customers where no
approximation is used. Other than that, we do not observe striking differences. Furthermore, the used
approximation affects the emission allocations’ standard deviation for the Shapley Value, which results
in a lower CoV value, as compared to the set of test instances with 10 customers.

The performance of the approximation seems reasonable, however, for the set of test instances
with 10 customers, we already commented that using the pollution routing game (in Scenario 3), might
not be worth the extra computational efforts for all types of emission allocation methods. We can reach

a similar conclusion for this set of test instances.

5 Conclusion & Discussion

In this paper, we evaluate the performance of the Star method, a proportional allocation method, and
four cooperative game theory (CGT) allocation methods, the Shapley Value, the Lorenz+ Allocation,
the EPM+ and the Nucleolus, in the context of an emission allocation game and a pollution routing
game. The Star method is easily applicable and understandable and it allocates emissions proportional
to the emissions allocated when a customer would be served on a separate tour. In the emission allocation
game, we first determine either a minimum distance or minimum emission route visiting all customer
orders by solving a mixed-integer linear programming (MIP) problem. Based on this grand-tour, for each
coalition of customers, we approximate the emissions generated on the sub-tours visiting the customers
in the coalition, to define the game. In the pollution routing game, we find (a) minimum emission grand-
tour(s) and for each coalition, we also solve a MIP problem to find the associated minimum emission
sub-tours. As this requires solving an exponential number of MIP problems when we consider test

instances with 14 customers, we use an approximation to the total number of coalitions, where we only
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consider the coalitions for each customer that includes up to their nearest 6 neighbours. We consider
the pollution routing game in a setting with one truck that can always fit all customer orders, and a
setting with two trucks, with each having a limited volume capacity. The five allocation methods are all
evaluated based on stability, consistency, robustness, equal treatment of equals and computation time.
In addition, we evaluate the impact of the order characteristics, volume and weight, on the allocated
emission and compare the emission function of Ligterink et al. (2012) and a general emission function

used in Kellner and Schneiderbauer (2019).

In all our test instances and considered scenarios for the emission allocation and pollution routing game,
the Star method is best performing in terms of equally treating equal customer orders, and consistently
allocating emissions when customer order characteristics change. In addition, it also has the best or
second-best performance on the robustness criteria. Furthermore, it has the lowest computation time.
However, the Star method does not capture the effect order volume has on the routing of the customer’s
orders, and hence the total produced emissions of a tour, in the pollution routing game where we use two
trucks with small volume capacity. Regarding the stability criterion, the Lorenz+ Allocation, the EPM+
and the Nucleolus all have equally good performance. Depending on what criteria are most important to
customers, either the Star method or the EPM+ can be considered the best performing method over all
scenarios.

Regarding the effect that the order characteristics have on the emission allocation of each
method, we see that the CGT allocations methods allocate more emissions to customers with orders of
larger volume in a pollution routing game context where we use two trucks with small volume capacity.
This is not observed when we use one truck with enough volume and weight capacity to transport all
orders, suggesting that a customer in one route also affects the emission generated on other routes.
In general, in the pollution routing game where we needed two trucks to visit all customers, the CGT
allocation methods seem to better capture the effect of the order characteristics, both volume and weight.
This suggests that the dynamics of the problem change the performance of the allocation methods.

Regarding the comparison of the performance of the allocation methods using different emis-
sion functions, we find no striking differences. Hence, we would prefer to use the simpler emission
function as used by Kellner and Schneiderbauer (2019) as it is easily applicable, also in a vehicle rout-
ing context. Furthermore, we find that the method most sensitive to changes in the emission function or
their parameters was the Nucleolus.

Lastly, we want to note that we did not observe a big difference in the performance of the

allocation methods in the emission allocation game versus the pollution routing game in case we use
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one truck that can serve all customers in both games. Only the Nucleolus method had a significantly
different performance. This suggests that it might not benefit the performance of all the CGT emission
allocation methods in all routing settings when they are used in the more specified, but computationally
more complex pollution routing game. A benefit of using the methods in the emission allocation game
is that it is more easily implementable and has fast run times.

Limitations: We evaluate consistency by comparing three customer orders with different char-
acteristics (distance, volume and weight) and check if they get allocated emissions in a way we would
expect. Naber et al. (2015) evaluate consistency by performing an ordinary least squares regression with
the allocated emission as dependent variables and the distance to the depot, the average distance to other
customers and the order characteristic as independent variables. We believe this gives more insight into
the consistency of the allocation methods than the approach we use.

Furthermore, we want to remark that in the implementation of the Nucleolus method we did
not explicitly implement a stop criterion, but always performed a maximum of 50 iterations to ensure the
method found a solution, which we assumed to be optimal. This however comes at a cost, as it increased
the computation time of the allocation method.

Lastly, we remark that we use a small service area, and hence do not incorporate the maximum
daily operating time into our routing model. This reduces the effect that the distance to the depot for
each customer order has on the proportion of emissions allocated to a customer. Moreover, not only the
service area we define but also the choice for each order weight, order volume and the truck capacities
influence our results.

Future research: We see in our experiment that the pollution routing game becomes com-
putational more complex when we increase the number of customers. This makes the CGT allocation
methods hard to implement in such a game if we aim to achieve solutions within reasonable run times.
Only a proportional allocation method seems to be suitable in this case. Future research could be done
to better specify the benefits of using the emission allocation methods in a pollution routing game. In
addition, new research could look into which (CGT) allocation methods perform well in various routing
scenarios, where different service areas, constraints on the truck capacities and the daily operating time,
and number of trucks are used. Furthermore, it would be useful to find good approximations to the CGT
allocation methods in a pollution routing game context with a large number of customers.

Moreover, to use the allocation methods in a more realistic scenario, with maybe over 50
customers, heuristics need to be used to find the grand- and sub-tours for the coalitions of customers. It
could be interesting to investigate which common heuristics used in vehicle routing problems could be

adapted to incorporate emissions into the objective, in addition to costs and/or travel time.
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6 Appendix

A Ligterink’s emission function

We follow the reasoning of Naber et al. (2015) and use Egs. (2) and (3) of Ligterink et al. (2012), and
the values found for CO4 emission in Table 1 to compute emissions on a distribution route. Each truck
is assumed to have a mass of 5 ton, each loading unit weighs 0.01 ton, and the truck has a maximum
capacity of 507 loading units. Let d be the total number of loading units that are transported. The
specific power, KW, is the engine power per ton gross vehicle weight expressed in kW/ton. In our
case, this is defined as, KWt = 131.25/(5 + 0.01d). In addition, we let V be the velocity of the truck
in km/h. Similar to Naber et al. (2015) we assume the velocity is 35 km/h between two locations in the
considered region, see Section 4.1. Now we introduced the relevant parameters, we can compute the

emissions of a truck transporting d loading units and travelling one kilometre with velocity V' by

465.390 + 48.143 KWt
* % +32.389 + 0.8931 KWt — (0.4771 + 0.02559 K Wt)V
(25)

+ (0.0008889 + 0.0004055 KWt) V2.

We want to make a critical remark here. In Naber et al. (2015), the emission function is
presented as above, without mention of the units of the produced emissions. If we look at the original
paper of Ligterink et al. (2012), we see that the emissions produced by the above function are in grams
per ton transported and kilometre driven. Hence, it is of importance to multiply the above number with
the travelled distance and the gross vehicle weight (GVW) of the truck per segment of the distribution
route driven to calculate the right amount of produced emissions. If in the above function, the value is not
multiplied with the GVW, we see that CO2 emissions will increase when the transported truck weight
decreases, as KWt will increase. This result is inconsistent with what we would expect in practice and

will lead to a wrong allocation of emissions to customer orders.

B The general emission function
In Kellner and Schneiderbauer (2019), and Kellner (2016) emissions are calculated by combining the
emissions generated by an empty truck, and a fully loaded truck, in the following way:
t
(FClmpty + (FCput — FCompty * 070) /100 * distance x ECF (26)
ap
The function calculates emissions, in kg COg, by multiplying the vehicle fuel consumption
(FC) per kilometre, the driven distance, and an energy conversion factor (ECF). For this ECF, we use

2.67 kg COq per liter 100% mineral diesel (DBEI, 2021). The technical data to be used in the emissions

function is presented for different heavy good vehicle in Kellner and Schneiderbauer (2019). They
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derive this data from INFRAS (2011) and Kranke, Schmied, and Schon (2011). We use the values for
FCempty, and F'Cpyy, for a truck with gross vehicle weight rating 7.5 — 12 ton with a payload of 6.0,
as this best compares to the truck characteristics used in the emission function in the paper of Naber et

al. (2015). The values are F'Ceppry = 16.5, and F'Cpyy = 19.9 per 100 km.

segment of the distribution route. For the truck capacity, we similarly as in Ligterink’s emission function

use a value of 5.07 ton.

C Linear programming model to find the Nucleolus

The following procedure to compute the Nucleolus is used in Naber et al. (2015) and Engevall et al.
(2004). We denote, ¢, to be the excess of an allocation x. Furthermore, we let £; be the optimal value of
¢ in iteration [. All coalitions for which the excess is fixed after solving the below linear programming
(LP) problem in iteration [, are part of the set F}, with F; = ().

The subsequent LP problem is solved successively until a unique solution to the LP problem

is found. We represent the LP for iteration I:

g =maz e, (27)
st 2({i}) < e({i}) Vi e N, (28)
z(S) +¢e <e(S) VS CN,S ¢ (Un<iFn), (29)
xz(S) +em =e(9) VYm < 1,S € F, (30)
z(N) = e(N). €1y

In the first iteration, constraint (30) is not included and constraint (29) holds for all coalitions,
S C N. From duality theory, when the optimal value of a dual variable is positive, the inequality
constraint that is associated with this variable holds with equality at an optimal solution. We denote y; to
be the vector dual variable for iteration [ for the coalition with non-fixed excess. For a given solution of
the above LP at iteration [, we can find set F; by including in the set all coalitions for which the associated
dual variable is strictly positive. For these coalition, we fix the excess to €;, because constraint (29) will
hold with equality for the coalition with y;(S) > 0. More precisely, F; = {S € Nly(S) > 0}.
The algorithm stops when the constraint matrix of constraints (30) and (31) of the corresponding fixed

coalitions has rank | N|.

35



D Evaluation of the quality of the approximations of the number of coalitions in the

pollution routing game for Scenario 3 and 4

In Section 2.3 we propose the idea to use an approximation to reduce the number of coalitions con-
sidered in the pollution routing game (that we use in Scenario 3 and 4) by only considering for each
customer the coalitions including its 5 nearest neighbours. Before running our test instances with such
an approximation, we check if these approximations produce accurate emission allocations as compared
to the case where such an approximation is not used.

Table A.1 provides the results of the evaluation of the performance of the allocations methods
when using the discussed approximation with a varying number of nearest neighbours in Scenario 3 and
4, as compared to the case where this approximation is not used. We use a set of test instances with 10
customers in our evaluation.

Table A.1: Comparison of the emission allocation to target customer 1 in Scenario 3 and 4, calculated
with and without an approximation to the total number of coalitions using a varying number of nearest
neighbours.

Avg. emission Avg. emission Avg.
Scenario Alloc. # of nearest alloc. alloc. difference
method neighbours ~ No Approx. Approx. alloc.
(kg) (kg) (%)
3 Shapley 4 2.09 (0.44) 2.06 (0.21) 2.74
5 2.06 (0.26) 2.79
6 2.08 (0.33) 0.88
Lorenz+ 4 2.03 (0.17) 2.06 (0.18) 3.04
5 2.06 (0.18) 3.04
6 2.06 (0.18) 3.04
EPM+ 4 2.11 (0.11) 2.14 (0.10) 2.59
5 2.14 (0.10) 2.59
6 2.14 (0.10) 2.59
Nucleolus 4 1.37 (0.60) 2.07 (1.33) 69.93
5 1.59 (1.06) 21.74
6 2.80 (2.74) 143.13
4 Shapley 4 2.15(0.33) 2.78 (0.50) 63.62
5 2.50 (0.38) 35.25
6 2.40 (0.30) 25.28
Lorenz+ 4 0.78 (0.44) 3.11 (0.36) 232.48
5 2.98 (0.44) 219.56
6 3.23 (1.88) 244.82
EPM+ 4 0.91 (0.54) 3.13(0.21) 222.55
5 2.84 (0.69) 193.39
6 2.85(1.97) 194.66
Nucleolus 4 0.85 (0.49) 2.59 (1.80) 174.27
5 2.54 (1.76) 169.47
6 2.75 (3.20) 190.51

The reported values are computed for a set of 10 customers over 10 random test instances.
For the average emissions allocated to the target customers, the standard deviations are reported in the brackets.
Target customer 1 is fixed in all test instances, see Section 4.1.
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We find a deviation in the emissions allocated to target customer 1’s order, of more than 25% for all
allocation methods in Scenario 4 using either 4, 5 or 6 nearest neighbours in our approximations, as
compared to the emission allocation using these methods without an approximation to the total number
of coalitions. It appears that reducing the number of coalitions used in the allocation methods makes
them unable to capture the dynamics of the pollution routing problem in Scenario 4. This is presumably
the case because coalitions of customers that would need to be served with two trucks are excluded
from the set of coalitions when using the approximation. In Scenario 3, we also find that the approxi-
mation performs bad and inconsistent for the Nucleolus method using either of these number of nearest
neighbours, with a deviation larger than 20%. As the Nucleolus method tries to minimize the maximum
disaffection of any coalition, it is not surprising that when we leave out certain coalitions when using
the approximation, this method does not perform accurately and consistently anymore. However, for
the Shapley Value, the Lorenz+ Allocation and EPM+, we find a deviation below 5%, suggesting the
approximation can be reliably used for these methods in Scenario 3. The approximation has the best

performance for the Shapley value when using 6 nearest neighbours in Scenario 3.

E Sensitivity of the results with respect to the set-up of the test instances and the param-

eters of the emission functions

We want to check our results with regards to the sensitivity they might have to the set-up of the test

instances and the choice of the input values for the emission functions.

Effect of the input parameters in the general emission function: This emission function (see Appendix
B) has parameters for the vehicle fuel consumption (FC) per kilometre, and the energy conversion factor
(ECF). DBEI (2021) also provide values for the CO2 emissions (kg) per kilometre driven for a truck
with gross vehicle weight rating 7.512 ton. These values do not take the FC explicitly into account and
can be considered more general. For an empty truck, 0.53196 kg COs are emitted per kilometre, and
for a full truck 0.69111 kg CO» per kilometre. We label this ‘settings 2’, while the input parameters
discussed in Appendix B, which are used to generate our main results, are labelled ‘settings 1°.

We compare the performance of the emission allocation methods in Scenario 1 and 2 using
these two settings in the general emission function. The results of their performance can be found in
Table A.2 and Table A.3. The emission function finds the same optimal tours using both settings, but
we see in Table A.2 that for parameter settings 2, we observe higher average emissions generated on
a tour. This is reflected in the emission allocations using settings 2, as we see in Table A.3. The only

noticeable difference is that using settings 2, the emission allocation of the Nucleolus to the order of
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target customer 2 is lower, than using settings 1, despite the overall higher emissions generated on an
average tour. We observe this as well when we compare the general emission function using settings 1
with Ligterink’s emission function (see Section 4.3.3). This suggests that the Nucleolus appears to be

most sensitive to changes in the emission function and its parameter settings.

Table A.2: Characteristics of Scenario 1 and 2 using two parameter settings for the general emission
function.

Random Avg. emissions  Avg. total
. . % of empty
Scenario  instances core games per tour length of
with & (kg) tour(s) (km)

1 Settings 1 0.00 21.17 46.90
Settings 2 0.00 25.79 46.90
2 Settings 1 0.00 21.11 46.91
Settings 2 0.00 25.70 46.91

The reported values are computed for a set of 10 customers over 30 random test instances.

Table A.3: Average emission allocations to the target customers in Scenario 1 and 2 using two parameter
settings for the general emission function.

Scenario Alloc. Settings 1 Settings 2
method Average emissions allocated to (kg): Average emissions allocated to (kg):
Target cust. 1  Target cust. 2 Target cust. 3 Target cust. 1  Target cust. 2 Target cust. 3
1 Star method 2.14 (0.14) 2.14 (0.14) 2.16 (0.14) 2.61 (0.17) 2.61(0.17) 2.64 (0.17)
Shapley 1.93 (0.35) 1.90 (0.46) 2.10 (0.57) 2.34 (0.42) 2.30 (0.56) 2.60 (0.70)
Lorenz+ 2.09 (0.15) 2.09 (0.15) 2.15(0.35) 2.54 (0.18) 2.54(0.18) 2.62 (0.44)
EPM+ 2.12(0.13) 2.12(0.13) 2.19 (0.34) 2.58 (0.16) 2.58 (0.16) 2.68 (0.42)
Nucleolus 1.68 (0.50) 3.37(3.79) 1.92 (0.83) 1.87 (0.81) 291 (3.27) 2.42 (1.05)
2 Star method 2.14 (0.14) 2.14 (0.14) 2.15(0.14) 2.60 (0.17) 2.60 (0.17) 2.63 (0.17)
Shapley 1.93 (0.35) 1.90 (0.46) 2.08 (0.57) 2.34(0.42) 2.30 (0.56) 2.57 (0.69)
Lorenz+ 2.09 (0.15) 2.09 (0.15) 2.14 (0.34) 2.54 (0.18) 2.54 (0.18) 2.61(0.43)
EPM+ 2.12(0.13) 2.12(0.13) 2.19 (0.33) 2.58 (0.16) 2.58 (0.16) 2.67 (0.41)
Nucleolus 1.74 (0.38) 2.99 (3.34) 1.94 (0.83) 2.06 (0.71) 2.17 (0.93) 2.48 (0.96)

The reported values are computed for a set of 10 customers over 30 random test instances.

For the average emissions allocated to the target customers, the standard deviations are reported in the brackets.

The target customers are fixed in all test instances, see Section 4.1.
Effect of velocity in Ligterink’s emission function: Naber et al. (2015) chose to use a velocity of 35
km/h in Ligterink’s emission function. In Table A.4 we share some percentual output differences in case
we choose a different velocity. The average emission per tour changes significantly when we change
the velocity parameter in the emission function. When we decrease (increase) the velocity, we observe
higher (lower) emissions. In general, the average emissions allocated to target customer 1’s order change
proportional to this increase/decrease. This is especially the case for the Star method and the Lorenz+
Allocation. The Shapley Value, EPM+ and Nucleolus do show some changes in the emission allocation
to target customer 1’s order when different velocities are used, which are not directly proportional to the

change in overall emissions. Again, the Nucleolus method seems to be most sensitive to changes in the
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parameter settings.

Table A.4: Percentual output differences as compared to Ligterink’s emission function with truck veloc-
ity of 35 km/h.

Output variable Differences (%)

Velocity

(kin/h) 25 50 65

Avg. emission

on tour (kg)

Avg. alloc. to
target cust. 1 (kg):

-30.78 22.41 29.96

Star method -30.75 2237 29.84

Shapley -30.78 22.04 28.95
Lorenz+ -30.78 22.39 29.90
EPM+ -26.79 2235 29.78

Nucleolus -30.78 24.37 32.72

The reported values are computed for a set of 10 customers over 30 random test instances.
Target customer 1 is fixed in all test instances, see Section 4.1.

Effect of a change in the service area set-up: When we defined the location coordinate area and the
depot location, we also considered a situation where the depot was located at coordinates (0, 0), target
customers 1, 2 and 3 had a fixed distance to the depot of 6 kilometres, and the x, y-coordinates of the
other customers were randomly chosen between 0 and 15 kilometres. We label this service area, ‘set-up
2’, and the set-up discussed in Section 4.1.3, ‘set-up 1°. We evaluate the emission allocation methods
in both service area set-ups, to see if it results in any difference in the performance of these methods.
The results of the average emission allocation to the target customers for both set-ups can be found in
Table A.5, and Table A.6 presents the performance of the emission allocations methods with respect to
the evaluation criteria when we use service area set-up 2 in a set of test instances with 10 customers.
From Table A.5 we see that the percentages allocated to the target customers in service area
set-up 2 are overall lower. This seems reasonable as for all customers in service area set-up 1, the
distance to the depot is at least 5 kilometres, and presumably larger than in service area set-up 2. Fur-
thermore, when service area set-up 2 is used in Scenario 1, all CGT allocation methods allocate more
emissions to orders with a bigger volume, such as the order of target customer 2, as compared to when
we use service area set-up 1. In Scenario 2, this is also the case, except for the EPM+, although for
all emission allocation methods the difference between the emissions allocated to the orders of target
customers 1 and 2 are smaller. This is a difference we would not have predicted, and hence it seems that
the set-up of the service area influences the conclusions we make with respect to the average emission
allocations over the target customers, and the degree to which the allocation methods incorporate the
effect of the order characteristics into their emission allocation. Only the Star method performs exactly

similar in both service area set-ups, and also the EPM+ has a very similar performance. The Shap-
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ley Value, Lorenz+ Allocation and Nucleolus method seem to be most affected, as the proportion of

emissions allocated to the target customers in both service area set-ups differs inconsistently.

Table A.5: Average emission allocations to the target customers using two different service area set-ups
in Scenario 1 and 2.

Scenario Alloc. Set-up 1 Set-up 2
method Average emissions allocated to (%): Average emissions allocated to (%):
Target cust. 1 Target cust. 2 Target cust. 3 Target cust. 1  Target cust. 2 Target cust. 3
1 Star method ~ 10.15 (0.62)  10.15(0.62)  10.22 (0.61) 6.20 (1.18) 6.20(1.18) 6.24 (1.19)
Shapley 9.19 (1.86) 9.03 (2.30) 9.95 (2.68) 4.22 (1.02) 4.58 (1.04) 5.02 (1.01)
Lorenz+ 9.87 (0.25) 9.87(0.25)  10.14 (1.35) 8.51 (1.49) 8.74 (1.68) 8.49 (1.52)
EPM+ 10.05 (0.61) 10.05 (0.61)  10.36 (1.43) 6.02 (1.03) 6.08 (1.02) 6.12 (1.12)
Nucleolus 7.98 (2.60) 15.75(17.44) 9.08 (3.77) 6.77 (1.51) 7.27 (1.58) 7.97 (1.38)
2 Star method ~ 10.15 (0.62)  10.15 (0.62) 10.22 (0.61) 6.19 (1.18) 6.19 (1.18) 6.24 (1.19)
Shapley 9.20 (1.86) 9.05 (2.30) 9.90 (2.70) 4.33 (1.06) 4.56 (0.97) 4.73 (1.09)
Lorenz+ 9.88 (0.25) 9.88 (0.25) 10.14 (1.33) 8.48 (1.48) 8.52 (1.34) 8.91 (1.84)
EPM+ 10.06 (0.61) 10.06 (0.61) 10.37 (1.42) 6.05 (1.03) 6.05 (1.03) 6.13 (1.12)
Nucleolus 8.29 (2.11) 13.92(14.94) 9.19 (3.77) 6.91 (1.52) 7.82 (2.89) 7.55 (1.70)

The reported values are computed for sets of 10 customers over 30 random test instances using the general emission
function.

For the average emissions allocated to the target customers, the standard deviations are reported in the brackets.

The target customers are fixed in all test instances, see Section 4.1.

When we look at the results in Table A.6 we see that the relative performance of the allocation
methods on the evaluation criteria in Scenario 1 and 2 is similar to their performance when service area
set-up 1 is used. We do see some differences, for example, the Star method has somewhat worse stability
performance, the Nucleolus method performs better on the Consistency criterion, and both the Lorenz+
Allocation and the EPM+ perform worse on the Equal Treatment of Equals criterion. In addition, we
see higher values for the CoV, but still, the Shapley Value and Nucleolus methods have the worst per-
formance, while the Star method and EPM+ perform best in both scenarios. The Lorenz+ Allocation
performance on the Robustness criterion is worse for service area set-up 2, slightly below the Shapley
Value CoV. Nevertheless, a similar overall conclusion can be drawn when test instances are used with
service area set-up 1 and 2, namely, that the Star Method has the best performance on the Consistency
and Equal Treatment of Equals criteria, and good performance on the Robustness criteria. The CGT
allocation methods perform best on the Stability criterion, and when looking at the performance over all
criteria, the EPM+ performs best.

It seems that the service area set-up mostly affects how the allocation methods capture the
effect of the order characteristics in their emission allocation. This effect should become even more
visible when we would evaluate the allocation methods in Scenario 3 and 4, as in Scenario 1 and 2, we
would not yet expect the emission allocation methods to allocate more emissions to target customer 2’s

order. Further research could be conducted to get more insight into these dynamics.
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Table A.6: Performance of the five allocation methods with respect to the evaluation criteria in Scenario
1 and 2 for service area set-up 2.

% of % of % of Robust- Ave.
Sce- Alloc. . alloc. eq. comp.
. alloc. in alloc. ness .
nario  method . treatment time
core consistent (CoV)
of eq. (s)
1 Star 46.67 10000  100.00  0.14 0.0
method
Shapley 93.33 76.67 0.00 0.20 0.00
Lorenz+ 100.00 10.00 60.00 0.19 0.00
EPM+ 100.00 100.00 76.67 0.12 0.00
Nucleolus 100.00 56.67 0.00 0.21 0.52
2 Star 5667 100.00  100.00  0.14 0.0
method
Shapley 100.00 63.33 0.00 0.22 0.00
Lorenz+ 100.00 16.67 66.67 0.19 0.00
EPM+ 100.00 100.00 83.33 0.13 0.00
Nucleolus 100.00 60.00 0.00 0.21 0.46

The reported values are computed for a set of 10 customers over 30 random test instances using the general emission
function.
The computation time is for the allocation of emissions only.

F Performance of the five allocation methods with respect to the evaluation criteria in

Scenario 1 and 2, using Ligterink’s emission function

Table A.7: Performance of the five allocation methods with respect to the evaluation criteria in Scenario
1 and 2, using Ligterink’s emission function.

. % of % of % of Robust- Ave.
. Alloc. Settings 1 . alloc. eq. comp.
Scenario .. alloc. in alloc. ness .
method Average emissions allocated to (%): . treatment time
core consistent (CoV)
of eq. (s)
Target cust. 1 ~ Target cust. 2 Target cust. 3
1 Star 1.94 (0.11) 1.94 (0.11) 1.97 (0.12) 73.33 100.00 100.00 0.06 0.00
method
Shapley 1.80 (0.33) 1.71 (0.41) 1.92 (0.30)  100.00 73.33 0.00 0.18 0.00
Lorenz+ 1.88 (0.16) 1.88 (0.16) 1.88 (0.16) 100.00 0.00 86.67 0.08 0.00
EPM+ 1.92 (0.11) 1.92 (0.11) 1.95 (0.11) 100.00 100.00 93.33 0.06 0.00
Nucleolus 1.72 (0.37) 1.63 (0.33) 1.80 (0.34)  100.00 40.00 0.00 0.22 0.59
2 Star 1.93 (0.11) 1.93 (0.11) 1.96 (0.11) 80.00 100.00 100.00 0.06 0.00
method
Shapley 1.80 (0.33) 1.71 (0.41) 1.89 (0.31) 100.00 60.00 0.00 0.18 0.00
Lorenz+ 1.87 (0.15) 1.87 (0.15) 1.87 (0.15)  100.00 0.00 86.67 0.08 0.00
EPM+ 1.92 (0.11) 1.92 (0.11) 1.94 (0.11)  100.00 100.00 93.33 0.06 0.00
Nucleolus 1.65 (0.55) 1.70 (0.40) 1.76 (0.33)  100.00 40.00 0.00 0.33 0.60

The reported values are computed for a set of 10 customers over 15 random test instances.

For the average emissions allocated to the target customers, the standard deviations are reported in the brackets.
Robustness is measured for the target customer 1, see Section 4.1.

The computation time is for the allocation of emissions only.
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