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A B S T R A C T

Due to the increasing price pressure in the less-than-truckload (LTL) market, horizontal cooperation is an
effective and efficient way for small- and medium-sized LTL carriers to enhance their profits by exchanging
requests. For this purpose, a decentralized auction-based collaboration framework has proven to provide a good
approach. In this paper, such a collaboration framework is adopted and extended by applying it to a practical-
oriented routing problem, the Pickup and Delivery Problem with Time Windows and Heterogeneous Vehicle
Fleets. Particularly, we analyse the bundle selection process made by the auctioneers, which is a stochastic
problem and specify which requests are supposed to be offered together in a bundle to the cooperating
carriers. For the purpose of solving the selection problem properly, we implement a new procedure required
due to the characteristics of the considered routing problem: a scenario-based bundle selection approach.
In order to make this approach applicable, two pre-selection techniques (cluster- and neural network-based)
are developed. Our approach is evaluated on 240 collaboration network instances created from well-known
pickup and delivery research data sets generated by Li and Lim (2001). The collaboration framework results are
compared with respect to the profit to individual transportation planning of each carrier (lower threshold) as
well as centralized transportation planning of all carriers (upper threshold). It can be shown that the auction-
based collaboration approach is up to 43.49% better than the individual planning as well as exhausts at least
53.5% of the centralized transportation planning potential on average.
1. Introduction

The German less-than-truckload (LTL) market is strongly dominated
by small- and medium-sized freight carriers. About 60% of them have
small vehicle fleets consisting of at most 10 vehicles with different
capacities (cf. Schiller et al., 2017). In the LTL sector, several trans-
portation requests are consolidated into one truck as a rule. The freight
of each request is typically transported from an origin (pickup cus-
tomer) to a destination (delivery customer). Consequently, different
point-to-point transportation requests must be served. The resulting
Pickup and Delivery Problem (PDP) for a carrier consists of designing
a set of routes with maximum profit (or minimum costs) for a vehicle
fleet positioned at the depot. The routes must meet pairing and prece-
dence constraints of pickup and delivery customers. In addition, we
assume that time windows (TW) at the customer locations and hetero-
geneous vehicle (HV) capacities must be observed. Thus, we consider a
Pickup and Delivery Problem with Time Windows and Heterogeneous
Vehicle fleets (PDPTWHV) as underlying routing problem.

∗ Corresponding author.
E-mail addresses: ruether@bwl.uni-hildesheim.de (C. Rüther), rieck@bwl.uni-hildesheim.de (J. Rieck).

Due to the increasing price pressure in the LTL market, small-
and medium-sized carriers have to develop solutions to maintain their
competitive ability. A possible and clever strategy to stay in business
is to affiliate in horizontal cooperations for collaborative transportation
planning. In 2015, 20% of the top 25 players in the LTL market
(taking revenues into account) were already organized in coopera-
tions (cf. Statista, 2017). In such cooperations, the participating carriers
exchange transportation requests. Thereby, carriers often offer the re-
quests that seem to be unattractive for themselves in an auction process.
The requests are stored in an auction pool, which is managed by a
central entity (the auctioneer). From this pool, the auctioneer selects
bundles of requests that carriers can bid on (Bundle Selection Problem,
BuSP). Each carrier calculates the bid value for a bundle which specifies
the quality of the bundle for the corresponding carrier. After the
bidding process, the auctioneer re-assigns the bundles of requests to
the participating carriers through solving the Winner Determination
Problem (WDP). At the end, the overall profit improved by the auction
vailable online 14 June 2022
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is distributed as fairly as possible to all partners. Ideally, no carrier
should be worse off after exchanging requests.

The bundle selection procedure is the ‘‘heart’’ of the auction process,
as selecting suitable bundles has the greatest impact on the efficiency
of the auction process as well as the outcome of the cooperation. If too
many (maybe even all possible) bundles are offered, the computational
effort for calculating all required bids is too high due to the resulting
combinatorial complexity, since each bid is generated through solving
the underlying routing problem. If the bundles offered are unattractive
or the number is too small, the surplus of the process for the individual
carriers remains hidden. In contrast to Berger and Bierwirth (2010)
as well as Gansterer and Hartl (2016b, 2018a), the proposed bundle
selection approaches in this contribution do not operate on a fixed
number of released requests per carrier. Our new strategy allows each
carrier to offer all unattractive requests. This has the effect that there is a
higher degree of freedom when determining attractive bundles. How-
ever, this releasing strategy often leads to many possible bundles (at
least one million bundles in our instances), which have to be reduced
thoughtfully. In order to solve the stochastic bundle selection problem
efficiently in our collaboration framework, we present a scenario-based
selection approach that estimates the bids for request bundles with
respect to an attractiveness measure. Due to the huge number of
possible bundles, the attractiveness measure cannot be evaluated on
all bundles, and thus, pre-selection procedures have to be developed.
To create reasonable bundles for the scenario-based approach, two
different pre-selection techniques are implemented and compared with
each other: a cluster-based and a neural network-based pre-selection
pproach. Thus, in the approach, stochastic optimization and machine
earning techniques are combined in a reasonable way.

The paper is structured as follows: In Section 2, different collabora-
ive transportation planning contributions as well as the auction-based
olution framework applied in this paper are specified. In contrast to
ther papers using an auction-based request exchange approach, we
rovide a first-price sealed bid double auction. Moreover, it may happen
hat a carrier offers a relatively large number of requests, but then in
urn receives relatively few requests. Due to this natural imbalance, we
evelop a new bundle-based profit allocation method to fairly allocate
he profit gain received through the auction process. In Section 3,
he PDPTWHV as well as the applied solution approach (a genetic
lgorithm; cf. Rüther and Rieck (2020) for the corresponding multi-
epot problem) are briefly described. The decentralized collaboration
ramework is presented in detail in Section 4, while the scenario-based
undle selection approach with its cluster- and neural network-based
re-selection is proposed in Section 5. In Section 6, the results of
ndividually and centralized transportation planning as well as decen-
ralized auction-based planning with its bundle selection variants are
rovided and compared regarding the profit of transportation planning.
inally, we close the paper with a short discussion in Section 7.

. Collaboration framework and literature review

The collaborative transportation planning in the LTL market can
asically be divided into three categories: (a) centralized, (b) decen-
ralized without auctions and (c) decentralized with auctions (cf.
ansterer and Hartl, 2018b as well as Cleophas et al., 2019).

In category (a), a central entity optimizes the transportation plans
ver all partners of the cooperation, i. e., a multi-depot routing problem
as to be solved. The process requires complete information about all
ustomer data. Contributions in this category mainly deal with game-
heoretic profit allocation. For example, Krajewska et al. (2008) address

method of profit sharing based on the shapley value. In Liu et al.
2010), a variant of profit sharing is presented that minimizes the
ifference between relative saving regarding both, the profit allocation
alue and their individual costs. The variant is compared to game-
2

heoretic profit sharing alternatives, e. g., the shapley value and the s
ucleolus. Verdonck et al. (2016) also implement the profit shar-
ng methods presented by Liu et al. (2010). For the profit allocation
n Wang et al. (2019), the authors develop a shapley-value-based
echanism that seems to be very fair with regard to its closeness to

he centre of the core.
Categories (b) and (c) are characterized such that each participant

ptimizes his own transportation plan himself and decides which re-
uests to exchange. In category (b), the re-assignment of the released
equests is done without auction mechanisms. Dahl and Derigs (2011)
ntroduce a decentralized non-auction-based collaboration method with
ompensation payments. The procedure is used in a high dynamic
DPTW environment for an express carrier network and the solution
btained is very close to a centralized planning solution. Wang and
opfer (2014) present an approach in which each carrier determines

he requests to be released and their compensation price. Then, each
arrier identifies the requests to be acquired and reveals the realization
osts. A central entity solves the WDP and estimates if the subsequent
equest assignment has got less costs than the compensation prices.
f this is the case, the re-assignment has been found. Otherwise, each
arrier receives information about the winner determination and iden-
ifies again which requests to choose. As an extension, Wang et al.
2014) combine the framework described above with the possibility to
utsource a request to subcontractors.

In this paper, we present a solution framework for decentralized
uction-based transportation planning. Thus, category (c) is of cen-
ral importance, where released requests are exchanged using auction
echanisms. However, before we consider the contributions in cat-

gory (c) in Section 2.2, we elaborate on the applied collaboration
ramework in Section 2.1.

.1. Solution framework for decentralized auction-based planning

Berger and Bierwirth (2010) are the first authors who have shown
hat the decentralized auction-based planning works very well for the
ravelling Salesman Problem with Precedence Constraints (TSPPC) and
as the advantage that only little information has to be exchanged
etween the participating carriers. Since this approach appears very
romising and has been very popular in recent years (cf. Section 2.2), it
ill be applied in this paper for the collaborative PDPTWHV. In order to

olve the pickup and delivery problem, a Grouping Genetic Algorithm
based on the one by Pankratz, 2005) is implemented (cf. Section 3).
he genetic algorithm is used whenever a routing solution needs to be
alculated (e. g., during the bidding process, cf. Section 4).

Our decentralized coordinated auction-based collaboration frame-
ork is based on a 5-phase procedure (cf. Fig. 1 excluding the routing

teps) introduced by Berger and Bierwirth (2010). The phases can be
escribed as follows:

(i) Identification and release of unattractive requests by each car-
rier. Submission of requests to an auction pool.

(ii) Selection of favourable request bundles by an auctioneer (solv-
ing the BuSP). Offering the bundles to the participating carriers.

(iii) Determination of bids for each offered request bundle by each
carrier.

(iv) Solving the WDP (by implementing a Combinatorial Auction
Problem, CAP) that carries out the optimal allocation of bundles
to the carriers based on their bids.

(v) Allocation of the profit achieved by the combinatorial auction.

The phases show that a complex auction process has to be im-
lemented in which carriers act as sellers and buyers. In general, an
uction mechanism should be designed by considering the following
our properties: efficiency, budget balancing, individual rationality and
bayesian) incentive compatibility (cf. Krishna, 2010). Please note that

atisfying all properties in one mechanism is not possible if there is
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Fig. 1. Framework for collaborative PDPTWHV (cf. Berger and Bierwirth, 2010).
incomplete information (cf. Myerson and Satterthwaite, 1983). Incom-
plete information is given here, since the auctioneer does not know
anything about the customer data of the requests that a carrier have
not released (this data is the so-called hidden information). In order to
achieve efficiency, the auctioneer usually allocates the requests such
that the maximum possible outcome is gained from the auction (cf.
Gansterer et al., 2019b). In a budget-balanced mechanism, the buyers’
payment rule is defined such that all payments are completely allocated
to all sellers. For designing an individual rational auction mechanism,
each participating carrier should not be worse off after the auction
is done. Incentive compatibility implies that each bidder’s best strategy
is to bid truthfully, because deviating from this strategy would result
in a deterioration of the total as well as individual profit improve-
ment. Since the Vickrey–Clarke–Groves (VCG) mechanism holds the last
property (cf. Vickrey, 1961; Clarke, 1971; Groves, 1973), extensions of
the VCG are used in many contributions (cf. Jain and Varaiya, 2007).
However, truthful bidding as a dominant strategy can be achieved in
a VCG mechanism only if the allocation is determined optimally (cf.
Karaenke et al., 2019). Clearly, this cannot be guaranteed here, since
the auctioneer does not offer all possibilities in the considered auction
mechanism (cf. Section 5). Moreover, it can be shown that the VCG
payment rule may lower the price for a bundle too much, so that the
profit from the auction is less than the sum of minimum or ask prices
previously set by the sellers in the double auction mechanism applied
here. This will cause non-individual rationality or non-budget balance
if some carriers are worse off after payment or if the auctioneer has
to compensate for the loss, respectively. Since individual rationality
and budget balance are important for the proposed framework, we
implement in this contribution a first-price sealed bid double auction. In
doing so, we will fall back to the initial solution if the profit improved
by the auction is less than the sum of ask prices (double auction as
described in McAfee and McMillan, 1987). Consequently, we achieve
the auction properties needed for a successful request exchange (cf. step
(iii) in Section 4).

2.2. Contributions in the field of decentralized auction-based planning

In the following literature review, we highlight papers from the field
of decentralized auction-based planning (i. e., category (c)). However,
the papers differ from our approach regarding the auction-based pro-
cedure or the underlying routing problem. In Dai and Chen (2011),
each carrier is auctioneer and bidder at the same time in a multi-
round auction, which is modelled as a multi-agent system. Each carrier
determines the requests to be offered and the corresponding prices
through a so-called outsourcing request selection problem. All other
carriers then decide whether to accept these offers or not. If requests
are chosen by many (few) carriers, the price will be reduced (in-
creased) in the next round. The multi-round process is executed until
a stopping criterion is met. Dai et al. (2014) extend the approach
by a central entity acting as auctioneer, i. e., the carriers are only
3

bidders. In this procedure, the auctioneer sets outsourcing prices for
requests and carriers decide which bundles they want to receive with
respect to the prices. Afterwards, a combinatorial auction problem is
solved by the auctioneer. If no solution can be found, e. g., due to non-
disjunct request bundles, the auctioneer adjusts the prices for the next
round and the carriers again determine which requests they want to
buy. Consequently, carriers have to evaluate the same set of offered
bundles multiple times. Moreover, it cannot be guaranteed that all
requests are allocated (see, e. g., the cherry-picking problem described
in Schopka, 2018). Contrarily to the possibility that the auctioneer
forms bundles, Ackermann et al. (2011) consider the option that the
bundle selection is performed by the carriers. The authors model a col-
laboration network based on combinatorial auctions in order to take the
main goals relevant for the realization into account, e. g., data privacy
protection or providing effective incentives for staying in the coopera-
tion. Krajewska and Kopfer (2006) also focus on maintaining effective
incentives for a combinatorial auction-based LTL carrier network. They
apply a new profit sharing method based on game theoretical concepts
and show in general that their method is individual rational, i. e., no
carrier is worse off after the request exchange. Berger and Bierwirth
(2010) introduce a decentralized collaboration framework with five
consecutive steps (cf. Section 2.1). The individual phases of the frame-
work and their effects on the solution quality are discussed, e. g., the use
of single unit or combinatorial auctions for a TSPPC. Please note that
the TSPPC is solved to optimality. Schopka and Kopfer (2017) analyse
a Vehicle Routing Problem with Time Windows (VRPTW) and compare
several pre-selection techniques for the determination of which request
not to add to the auction pool. They show that there is no superior
strategy in general, i. e., the best strategy always depends on the given
data structure. Gansterer and Hartl (2016b) investigate the phases
of Berger and Bierwirth (2010) and apply them to a TSPPC. Instead
of the former exact approach used by Berger and Bierwirth (2010),
they implement a heuristic for the routing in order to make the frame-
work applicable for large collaboration networks. In addition, request
evaluation strategies are introduced to find unattractive requests to be
released to the auction pool. The authors indicate that strategies with
regard to the distances between the depots and requests as well as
with regard to the marginal profit are dominant for overlapping non-
identical carrier regions and thus yield the best profit improvement.
The question of how the complexity of the combinatorial auction
included in the framework can be reduced, is studied in Gansterer and
Hartl (2018a). Thereby, a stochastic mathematical model for the BuSP
is formulated. Moreover to solve the BuSP, a genetic algorithm is im-
plemented making use of a proxy in order to approximate the unknown
objective function values. As a result, the number of bundles offered in
the combinatorial auction can be reduced significantly. In Gansterer
et al. (2019b), the profit sharing is examined comprehensively. The
result of the profit sharing phase provides incentives for staying in the
collaboration. Therefore, the authors present two incentive compatible
approaches and show that both of them do not satisfy all theoretical
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characteristics of a fair allocation mechanism. As information is a
valuable good in collaboration, Gansterer et al. (2019a) investigate
how aggregated information about the requests to be released can
enhance the outcome of the collaboration. In Karels et al. (2020), the
decentralized auction-based approach of Berger and Bierwirth (2010)
is extended by several auction mechanisms which are compared on a
collaboration network for carriers operating in the VRPTW field. They
evaluate, e. g., the so-called Limited Reassignment Auction where the
requests can be submitted as fixed bundles to the auction process or the
so-called Combinatorial Reassignment Auction in which the participants
are allowed to bid on self-created bundles additionally to the ones
generated by the auctioneer.

To summarize, collaboration in the LTL market is promising and
offers potential to improve the steps within the process, e. g., bun-
dle selection, which is considered here. Additionally, the underlying
vehicle routing problem to be solved for each carrier is different; it
is based on a TSP, a VRP(TW) or a PDP. Especially, authors using
the auction-based exchange mechanism also applied in this paper,
study only rather simple routing problems (cf. Berger and Bierwirth,
2010; Gansterer and Hartl, 2016b, 2018a). Hence, we discuss a more
practical-oriented routing problem (the PDPTWHV), which is solved
by a Grouping Genetic Algorithm (GGA). Both the problem itself and
the solution approach are described in Section 3. Additionally, the
collaboration framework introduced in Section 2.1 has to be adjusted
in some steps, which is described in detail in Sections 4 and 5.

3. Underlying routing problem and its solution approach

The practical-oriented PDPTWHV considered in this paper deals
with requests in which goods have to be transported from pickup
customers to corresponding delivery customers using the same vehicle.
In the process, capacity constraints for the vehicles have to be observed.
Since occupied loading ramps can lead to waiting times for vehicles and
thus affect the transportation plan of carriers, customers are enabled
to specify time windows in which the request has to be picked up
or delivered, i. e., when the service should start. As the cooperation
framework is developed especially for small and medium-sized carriers
that have typically vehicles with different characteristics, we consider
a heterogeneous vehicle fleet (three capacity types are used in the
problem instances described in Section 6.1).

The routing problem (as an extension of a VRP) is -hard and
thus an effective and efficient heuristic solution approach must be
developed. For the multi-depot PDPTWHV, Rüther and Rieck (2020)
extended and implemented a Grouping Genetic Algorithm originally
introduced by Pankratz (2005). The approach produces promising re-
sults and is therefore also used in our decentralized auction-based
collaborative framework to solve PDPTWHV. For all terms and concepts
related to genetic algorithms, see Eiben and Smith (2015). Please
note that to evaluate the solution quality of the collaborative frame-
work, centralized collaborative transportation planning (i. e., solving
the multi-depot problem) can be used as an upper threshold for the
profit (see Section 6).

In the GGA approach, a group-oriented genotype encoding is used,
i. e., for each vehicle the served requests are stored in one gene.
In Fig. 2, an example for a genotype encoding is displayed, where
9 requests have to be transported. In total, 3 vehicles (labelled with
negative numbers) are available; request indices following after a vehi-
cle index are served by the corresponding vehicle. Please note that the
order in which pickup and delivery customers are visited is determined
in the corresponding phenotype. An example route is described in Fig. 2
for vehicle 2, where 𝑝𝑟 is the pickup and 𝑑𝑟 the corresponding delivery
customer of request 𝑟. It is important to mention that the GGA is able
to handle infeasible solutions. Thus, if requests cannot be served due
to certain constraints, they will be listed before the first vehicle index.
4

Fig. 2. Genotype encoding for the GGA with 9 requests and 3 vehicles.

Fig. 3. Grouping Genetic Algorithm Framework with Mating Pool and Elitism.

In general, our GGA proceeds as follows (see Fig. 3). Initially,
a population 𝑃 of 𝑛pop individuals is determined. We assume that
each individual has a fitness value that is equal to the profit of the
PDPTWHV solution minus a penalty term for all non-served requests.
Consequently, this fitness value is to be maximized. In order to achieve
a high level of diversity, we do not allow duplicates within the (initial)
population. For this purpose, a comparison of fitness values, numbers
of vehicles used and fixed costs is carried out, since each pair of the
three attributes is not unique for comparing two individuals.

As long as the termination criterion has not been met (maximum
number of generations created 𝑛gen), two parents 𝑝1, 𝑝2 for generating
offsprings are selected according to their fitness. With a probability
of 𝑝cross, a two-point crossover operator is applied to 𝑝1 and 𝑝2 in
order to create two children 𝑐1, 𝑐2. Moreover, each child is modified
by using one of the mutation operations with probability 𝑝mut, and so,
two mutated children 𝑐1 and 𝑐2 are generated. In case no operator is
applied, the created offsprings are just clones of their ancestors. As
population management technique, general replacement with elitism is
performed using a mating pool. Hence, the generated offsprings 𝑐1, 𝑐2
are first inserted into a mating pool, which has a size of 1.5 𝑛pop. When
the size of the mating pool is reached, the best 5% of the pool is
transferred into the next generation. To make use of elitism, also the
best 5% of the last generation is copied to the next generation. The
remaining 90% is filled with randomly chosen individuals (without re-
placement) from the mating pool. Finally, the best individual regarding
its fitness is selected as result after the GGA terminated. Please note that
𝑛pop, 𝑛gen, 𝑝cross, 𝑝mut are parameters that have to be set manually (see
Table 4 in Appendix A).

4. Framework for the collaborative PDPTWHV

In order to apply the 5-phase procedure of Berger and Bierwirth
(2010) introduced in Section 2.1 (cf. Fig. 1), we take the individual
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steps and extend them for our purposes. In what follows, a detailed
description of each step is given. For the notations of Sections 4 and 5,
which are needed for the approaches implemented in the collaboration
framework, we kindly refer to Table 3 in the Appendix (cf. Appendix A).

Step (i): Identification of unattractive requests. In order to
dentify unattractive transportation requests, evaluation techniques are
sed that depend on auction pool data and generally known carrier
ata, e. g., the ratio of revenue and request load, time-dependent
haracteristics or the depot locations of competitors. An extensive study
hows that the request evaluation variants based on a cooperative
trategy lead to the best results for the whole cooperation as well as
or each individual carrier (cf. Gansterer and Hartl, 2016b). Hence, we
ssume that each carrier acts cooperatively. This is particularly true in
ur framework, since a non-cooperative strategy leads to the return of
equests, e. g., such requests that are obviously badly located for the
artners will be returned. Thus, a carrier 𝑐 ∈  releases requests 𝑟 ∈ 
olding condition (1):
min𝑐∈⧵{𝑐}{dist(𝑟, 𝑑𝑐 )}

dist(𝑟, 𝑑𝑐 )
≤ 1

1 − 𝜀
∀ 𝑐 ∈  . (1)

The operator dist(⋅, ⋅) characterizes the distance between request 𝑟
and depot 𝑑𝑐 ; more precisely, the sum of distances from 𝑑𝑐 to the
corresponding pickup and delivery locations is considered. Please note
that operator dist(⋅, ⋅) needs not only to include distances, as mentioned
in the beginning of step (i), but it can also take other influences
into account such as positions of time windows, request’s revenue
or the demand that has to be transported. The parameter 𝜀 ∈ [0, 1)
controls how strictly the condition has to yield that the distance to the
competing depot is smaller than to the own depot. If, e. g., 𝜀 = 0.5,
hen due to (1) carrier 𝑐 releases all requests that are at most twice
s far away from a depot of a competing carrier as from the own
epot. The number of requests holding condition (1) may vary from
arrier to carrier. Contrary to Berger and Bierwirth (2010) as well
s Gansterer and Hartl (2016b), we do not restrict the number of
equests to be released in our approach in order to achieve a great
otential for optimization. The larger the number of requests 𝑝 included
n the auction pool  is, the more exchange opportunities leading to

profit improvement are available. However, this results in a higher
omputational complexity; an auction pool of size 𝑝 results in 2𝑝 − 1
ossible bundles of requests to be built (omitting the empty bundle).
herefore, placing a bid on each conceivable bundle is not practicable
or the carriers (e. g., even for small auction pools with 𝑝 = 10, each
arrier has to submit over 1,000 bids). Consequently, the auctioneer
ust select bundles of requests ‘‘matching’’ to each other to ensure the

eneration of a sufficiently high profit from the auction.
Step (ii): Bundle selection. In the process of selecting bundles,

he attractiveness of bundles must be addressed. This requires carefully
hosen and comprehensive approaches, which are described in detail in
ection 5.
Step (iii): Determination of bids. In our first-price sealed bid

ouble auction (cf. Section 2.1), each carrier must determine an ask
rice (cf. Rahul and Varaiya, 2009) which a carrier wants to get for
ll offered requests and must calculate a bid for every bundle offered
y the auctioneer. Let 𝑏𝑚,𝐵 be the bid and 𝑣𝑚,𝐵 the corresponding true

valuation of bidder 𝑚 for bundle 𝐵. Furthermore, let 𝑎𝑠 be the ask price
and 𝜈𝑠 the corresponding true valuation of the seller 𝑠. Since the carriers
are both, sellers and bidders, i. e., for simplicity we write 𝑚 = 𝑠 = 𝑐.

When bidding, auction participants may behave strategically, i. e.,
hey maximize their own benefit through submitting bids deviating
rom their true valuation. An incentive compatible mechanism that yields
ruthful bidding is desirable, but particularly might result in violating
ne of the other properties in the considered double auction mecha-
ism (cf. Gansterer et al., 2020). However, assuming that participants
re aware of and weigh the following two cases, they are less likely to
uote prices or bids that deviate from the true values.
5

1. Carrier 𝑐 could lower his ask price (𝑎𝑐 < 𝜈𝑐) or raise his bid
(𝑏𝑐,𝐵 > 𝑣𝑐,𝐵) for a certain bundle 𝐵. Since the ask price is
the minimum price for the offered requests that is paid to the
associated carrier within the auction process, the first strategy
will lower the profit of 𝑐. Analogously, the second strategy will
also reduce the carrier’s profit if the carrier bids higher than the
true valuation. In case the bundle is won for a bid of 𝑣𝑐,𝐵 anyway,
this implies a profit loss of 𝑏𝑐,𝐵 − 𝑣𝑐,𝐵 .

2. Carrier 𝑐 can set a higher ask price (𝑎𝑐 > 𝜈𝑐) or lower his bid
(𝑏𝑐,𝐵 < 𝑣𝑐,𝐵). In both of the cases, the probability increases
that there is not enough profit from the auction process to
be allocated, i. e., ∑

𝑐,𝐵 𝑏𝑐,𝐵 ≱
∑

𝑐 𝑎𝑐 (see Eq. (5) in the WDP,
step (iv)). This leads to the fall back solution, i. e., all requests are
returned to their origin carriers, which also reduces the possible
outcome of the auction.

Accordingly, it is possible to assume truthful bidding here. Then,
the value of a bid can be assumed as the carrier’s marginal profit
with respect to the corresponding bundle. We thus calculate 𝑏𝑐,𝐵 =
prof it(′

𝑐 ∪ 𝐵) − prof it(′
𝑐 ), i. e., the difference of profits for carrier 𝑐

coming from the solution with the retained requests ′
𝑐 in combination

with bundle 𝐵 and the solution without bundle 𝐵. Please note that an
ask price 𝑎𝑐 is just referred to a carrier 𝑐 ∈ , since it describes the profit
loss of 𝑐 for submitting his requests 𝑐⧵′

𝑐 into the auction pool  , i. e.,
𝑎𝑐 = prof it(𝑐 ) − prof it(′

𝑐 ). All profits are determined through solving
the underlying routing problem using the Grouping GA described in
Section 3.

Step (iv): Winner determination problem. In order to find the
optimal bundle to carrier allocation, the WDP has to be solved. The de-
tailed formulation of this problem depends on the auctioneer’s objective
and more basically on the auction at hand. Here, a multi-unit auction
is considered, where the requests are to be allocated in bundles. The
problem can be modelled as a combinatorial auction problem as in de
Vries and Vohra (2003), which we adopt and extend to include the ask
price condition.

Let  be the set of bidders (or carriers),  ⊆  the set of requests
called auction pool and  the set of offered bundles, which is a subset
of all possible bundles (i. e.,  ⊆ 2 ). Please note that bundle 𝐵 ⊂ 
consists of several requests that we designate with 𝑟 ∈ 𝐵. The value of a
bid for bundle 𝐵 ∈  of bidder 𝑐 ∈  is described by 𝑏𝑐,𝐵 . Variable 𝑦𝑐,𝐵
defines if 𝐵 is allocated to 𝑐 (𝑦𝑐,𝐵 = 1) or not (𝑦𝑐,𝐵 = 0). Suppose that
the ask price of seller (or carrier) 𝑐 ∈  for his released requests 𝑐 ⧵′

𝑐
is 𝑎𝑐 , which corresponds to the profit loss that carrier 𝑐 will obtain for
releasing these requests. The Combinatorial Auction Problem associated
with the WDP has the following form:

max
∑

𝑐∈

∑

𝐵∈
𝑏𝑐,𝐵𝑦𝑐,𝐵 (2)

s. t.
∑

𝐵∈
𝑦𝑐,𝐵 ≤ 1 ∀ 𝑐 ∈  (3)

∑

𝑐∈

∑

𝐵∋𝑟
𝑦𝑐,𝐵 = 1 ∀ 𝑟 ∈  (4)

∑

𝑐∈

∑

𝐵∈
𝑏𝑐,𝐵𝑦𝑐,𝐵 ≥

∑

𝑐∈
𝑎𝑐 (5)

𝑦𝑐,𝐵 ∈ {0, 1} ∀ 𝑐 ∈ , 𝐵 ∈  . (6)

The objective function (2) to be maximized determines the sum of
bids for bundles assigned to carriers. Each carrier 𝑐 gets at most one
bundle 𝐵 (cf. constraints (3)) and each request 𝑟 is assigned to each
allocated bundle exactly once (cf. constraints (4)). This formulation
differs from de Vries and Vohra (2003) due to the fact that all requests
are supposed to be allocated (i. e., we use an equation instead of a
‘‘less or equal’’ formulation in (4)). We follow this approach, since
otherwise requests/bundles may remain unassigned. Non-allocated re-

quests would revert back to the original carrier and might not be
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able to be served due to capacity restrictions (cf. Gansterer and Hartl,
2016a). Please note that the reformulation also means that the auction’s
efficiency (cf. Section 2.1) is not necessarily achieved (perhaps a better
solution would be possible with slack in (4)). For the participating
carriers, however, the individual rationality is more important, which
is guaranteed with the model (in particular with constraints (5)). The
profit from the auction has to be greater than the minimum value each
seller wants to receive.

The considered CAP is embedded in the collaborative framework
and solved by ILOG Cplex to optimality. After the optimal bundle
allocation has been found, the payment for each winning carrier has
to be set, which is done by Eq. (7).

𝑝𝑐,𝐵 =

{

𝑏𝑐,𝐵 if 𝑐 wins bundle 𝐵
0 otherwise

(7)

Since each carrier is associated with at most one bundle 𝐵, the price a
carrier has to pay 𝑝𝑐 =

∑

𝐵∈ 𝑝𝑐,𝐵 as well as the price which has to be
paid for a bundle 𝑝𝐵 =

∑

𝑐∈ 𝑝𝑐,𝐵 is unique. Hence, we sometimes drop
the index 𝑐 or 𝐵 for a better comprehension depending on the situation.

Step (v): Profit allocation. Finally, the profit of the auction ∑

𝑐∈ 𝑝𝑐
has to be allocated to the participating carriers. Thereby both, budget
balancing and individual rationality, must be taken into account, as
dissimilarities of the exchanged requests have to be balanced between
the carriers. In order to provide individual rationality, first each carrier
gets his ask price 𝑎𝑐 , i. e., ∑𝑐∈

(

𝑝𝑐 − 𝑎𝑐
)

has to be allocated afterwards.
Since classical allocation approaches from cooperative game theory,
e. g., shapley value or nucleolus (cf. Liu et al., 2010), are not applicable
due to the information available, custom allocation techniques must be
developed.

Based on preliminary investigations, we develop and apply a new
bundle oriented approach: For each allocated bundle 𝐵, a price 𝑝𝐵 is
identified associated with a carrier 𝑐 according equation (7). This price
determines the quality of a bundle for the corresponding carrier. Thus,
we define a fair profit allocation 𝜋𝑐 to carrier 𝑐 in such a way that
he carriers involved in an attractive bundle regarding their released
equests, i. e., with respect to the value 𝑝𝐵 , obtain a higher profit-
haring. Therefore, we allocate a share of the price 𝑝𝐵 for each bundle

according to the revenue a carrier 𝑐 has contributed to bundle 𝐵.
his results in the following profit allocation:

𝑐,𝐵 =
∑

𝑟∈𝐵 𝜒𝑟,𝑐 𝜌𝑟
∑

𝑟∈𝐵 𝜌𝑟
⋅

∑

𝑐∈
(

𝑝𝑐 − 𝑎𝑐
)

∑

𝑐∈ 𝑝𝑐
⋅ 𝑝𝐵 ∀ 𝑐 ∈ , 𝐵 ∈  . (8)

Please note that 𝜌𝑟 determines the revenue of a request 𝑟 ∈  coming
originally from carrier 𝑐 ∈  if and only if the binary allocation
parameter holds 𝜒𝑟,𝑐 = 1. This revenue is specified by the route’s
length of carrier 𝑐 serving only request 𝑟 (cf. Eq. (17)). The first term
of the product in (8) specifies the ratio of revenue that has been
submitted to the bundle 𝐵 by carrier 𝑐. The fact that exactly the residual
of the auction prices ∑

𝑐∈
(

𝑝𝑐 − 𝑎𝑐
)

is allocated, is provided by the
second term, while the last term holds that the price of a bundle 𝑝𝐵
is distributed.

To achieve the profit allocation of carrier 𝑐 (over all bundles), the
values of Eq. (8) has to be summed up over all bundles 𝐵 ∈  and
added to the ask price, i. e.,

𝜋𝑐 = 𝑎𝑐 +
∑

𝐵∈
𝜋𝑐,𝐵 . (9)

Since each carrier 𝑐 gets at least his ask price 𝑎𝑐 , i. e., 𝜋𝑐 ≥ 𝑎𝑐 for all
𝑐 ∈ , the developed profit allocation is individual rational. It is shown
in the following that (9) satisfies ∑

𝑐∈ 𝜋𝑐 =
∑

𝑐∈ 𝑝𝑐 , thus, the method
is budget balanced.

∑

𝜋𝑐
(9)
=

∑

(

𝑎𝑐 +
∑

𝜋𝑐,𝐵

)

6

𝑐∈ 𝑐∈ 𝐵∈
Fig. 4. Bundle-wise profit allocation with respect of the participating carrier’s revenue.

(8)
=

∑

𝑐∈

(

𝑎𝑐 +
∑

𝐵∈

∑

𝑟∈𝐵 𝜒𝑟,𝑐 𝜌𝑟
∑

𝑟∈𝐵 𝜌𝑟
⋅

∑

𝑐∈
(

𝑝𝑐 − 𝑎𝑐
)

∑

𝑐∈ 𝑝𝑐
⋅ 𝑝𝐵

)

=
∑

𝑐∈
𝑎𝑐 +

∑

𝑐∈
(

𝑝𝑐 − 𝑎𝑐
)

∑

𝑐∈ 𝑝𝑐
⋅
∑

𝐵∈

𝑝𝐵
∑

𝑟∈𝐵 𝜌𝑟
⋅
∑

𝑟∈𝐵
𝜌𝑟

∑

𝑐∈
𝜒𝑟,𝑐

⏟⏟⏟
=1

=
∑

𝑐∈
𝑎𝑐 +

∑

𝑐∈
(

𝑝𝑐 − 𝑎𝑐
)

∑

𝑐∈ 𝑝𝑐
⋅
∑

𝐵∈
𝑝𝐵

⏟⏟⏟
=
∑

𝑐∈ 𝑝𝑐

=
∑

𝑐∈
𝑎𝑐 +

∑

𝑐∈

(

𝑝𝑐 − 𝑎𝑐
)

=
∑

𝑐∈
𝑝𝑐

In Fig. 4, the bundle-wise profit allocation method of Eqs. (8) and
9) is displayed with an example of three bundles and four carriers. In
he way the profit allocation is done the price 𝑝2 of bundle 𝐵1 paid by

carrier 𝑐2 will be allocated to carriers 𝑐1 and 𝑐2, taking into account
their request’s revenue submitted to the bundle (cf. Fig. 4). Since the
carriers 𝑐3 and 𝑐4 are not involved in the bundle 𝐵1 due to their requests
submitted to the auction pool, the nominator of the first fraction in
(8) will be zero for 𝑐3 and 𝑐4. Moreover, if the proportion of revenue
contributed to the bundle by 𝑐1 is very high (relatively to 𝑐2), this will
be rewarded through the first term of the product in 𝜋𝑐,𝐵 . Additionally,
if 𝐵1 is very suitable for 𝑐2, the valuation of the bundle represented
by 𝑝2 is relatively high, which increases the profit allocation value 𝜋𝑐,𝐵1
for 𝑐1 and 𝑐2.

5. The bundle selection problem

The bundle selection problem requires identifying bundles of re-
quests that carriers can bid on. Since bidding on all 2𝑝 − 1 possible
bundles from an auction pool of size 𝑝 is not reasonable for carriers, the
number of bundles (step (iii)) must be reduced (cf. Gansterer and Hartl,
2018a). In addition, limiting the number of bundles is a natural part of
auction design (cf. Pekeč and Rothkopf, 2003). This can be done, for
example, by defining an appropriate bidding language (cf. Bichler et al.,
2011), which implies in this context whether the bundles are built by
the carriers or the auctioneer. Considering that Berger and Bierwirth
(2010), Schopka (2018) and Gansterer et al. (2020) have shown for
similar collaboration approaches that the outcome of the auction is
better when the auctioneer generates the bundles, we also follow
this approach. It is worth mentioning that creating bundles by the
carriers (bidders) can also lead to good results. However, the auction
mechanism has be designed in a suitable way, e. g., a combination of
iterative multi-round and combinatorial auction as in Chen (2016).

The selection of sufficiently attractive bundles offered in the auction
process (cf. step (ii)) is a difficult task for the auctioneer due to in-

complete information. Hence, such an auction can never be completely
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neutral (cf. Pekeč and Rothkopf, 2003). On the other hand, the bundle
selection has the biggest influence on the collaboration’s outcome as
well as the efficiency of the auction. Thus, this process can be seen
as the ‘‘heart’’ of the entire collaboration procedure. The quality of
this step gives a natural incentive whether to join a cooperation or
not. The attractiveness of a bundle depends primarily on the valuation
of the carriers, which is only determined once the bundles to be bid
on are known. Thus, the selection of sufficiently suitable bundles is a
stochastic optimization problem, known as Bundle Selection Problem (cf.

ansterer and Hartl, 2018a), whose formulation is introduced in detail
n the following. Please note that all notations used in this section with
espect to sets, parameters or variables are given in Table 3.

Let 𝛯𝑐,𝐵 be the stochastic distribution of bids for bundle 𝐵 ∈ 
from carrier 𝑐 ∈ . The distribution depends on 𝐵 and 𝑐, because the
nterdependence between the carrier’s hidden customer data and the
equest information of a bundle affects the bid of 𝑐 for 𝐵. Moreover,
∈  describes a scenario of bundles that are supposed to be allo-

ated and 𝜅 is an upper bound of bundles to be selected. As in the
DP (cf. Section 4), the decision variable 𝑦𝑐,𝐵 specifies the allocation

etween carrier 𝑐 and bundle 𝐵. Then, the BuSP can be formulated
athematically as follows:

max
𝜎∈

E𝜎

(

max
∑

𝑐∈

∑

𝐵∈𝜎

𝛯𝑐,𝐵𝑦𝑐,𝐵

)

(10)

s. t.
∑

𝐵∈𝜎

𝑦𝑐,𝐵 ≤ 1 ∀ 𝑐 ∈ , 𝜎 ∈  (11)

∑

𝑐∈

∑

𝐵∋𝑟∶𝐵∈𝜎

𝑦𝑐,𝐵 = 1 ∀ 𝑟 ∈  , 𝜎 ∈  (12)

∑

𝑐∈

∑

𝜎∈

∑

𝐵∈𝜎

𝑦𝑐,𝐵 ≤ 𝜅 (13)

𝑦𝑐,𝐵 ∈ {0, 1} ∀ 𝑐 ∈ , 𝐵 ∈ 𝜎 (14)

The objective function (10) determines the expected value of the
stochastically modelled bids over all possible scenarios 𝜎, which is to
be maximized. Constraints (11), (12) and (14) must be fulfilled, as it
was the case in the WDP. Condition (13) models that at most a formerly
fixed number 𝜅 of bundles in total is allocated over all scenarios 𝜎 ∈ .

Since the only stochastic variable in this optimization problem
is represented by the bids, a robust optimization technique must be
applied in order to predict them well (cf. Shapiro et al., 2009). For
this purpose, a scenario-based approach is presented in which different
scenarios with different possible bids for the bundles are run (cf. Sec-
tion 5.1). In order to apply only a relatively small number of reasonable
bundles in the scenario-based approach, pre-selection techniques have
to be developed to reduce the number of bundles. In this paper, two
pre-selection techniques are implemented and compared. In the cluster-
based (see Section 5.2) and in the neural network-based (cf. Section 5.3)
approach, machine learning methods are utilized, which has not been
studied in the literature so far. In particular, the use of machine learn-
ing methods is mandatory in order to achieve reasonable results due to
the complex collaborative setting (cf. Gansterer and Hartl, 2020).

5.1. Scenario-based bundle reduction approach

The scenario-based bundle reduction approach builds several sce-
narios in which the bids for solving the BuSP are approximately deter-
mined by a stochastically distributed bid-proxy. In order to create such
a bid-proxy, a measure to indicate the attractiveness for a bundle has to
be developed (cf. Section 5.1.1). This attractiveness measure is used in
order to approximate bids stochastically by an appropriate distribution
7

(cf. Section 5.1.2). t
5.1.1. Attractiveness measure of a bundle
The attractiveness of a bundle (or more general of a set of points

with certain features) can be defined in several ways depending on
the problem considered. In this paper, we developed an attractiveness
measure specified by commonly known attributes that might have an
impact on the real bid of a carrier, such as:

• density 𝛿𝐵 of bundle 𝐵,
• number of vehicles 𝑣𝐵 and length of routes 𝑙𝐵 needed for serving

the requests within bundle 𝐵,
• distances from locations in bundle 𝐵 to each carrier’s depot 𝑑𝑐 ,

i. e., the value dist(𝐵, 𝑑𝑐 ), as well as
• total revenue ∑

𝑟∈𝐵 𝜌𝑟 of bundle 𝐵 and number of requests within
a bundle |𝐵|.

The density 𝛿𝐵 is identified by the weighted sum of direct travel
istances 𝑡𝑟 = dist(𝑝𝑟, 𝑑𝑟) for request 𝑟 divided by the maximum distance
etween the requests and the bundle’s centroid 𝑐𝐵 , i. e., dist(𝑟, 𝑐𝐵). This

distance is determined through the sum of distances of pickup and
delivery locations to 𝑐𝐵 . The weights for the direct travel distances 𝑡𝑟
equal dist(𝑟, 𝑐𝐵), i. e.,

𝛿𝐵 =

∑

𝑟∈𝐵
𝑡𝑟

dist(𝑟,𝑐𝐵 )

max𝑟∈𝐵 dist(𝑟, 𝑐𝐵)
∈ (0, 1) with 𝑐𝐵 =

∑

𝑟∈𝐵 𝑡𝑟 ⋅ centroid𝑟
∑

𝑟∈𝐵 𝑡𝑟
,

while the centroid of a request centroid𝑟 is defined as the midpoint on
the line between pickup and delivery node. In order to identify the
number 𝑣𝐵 of routes and the length 𝑙𝐵 for bundle 𝐵, an artificial depot
is located at 𝑐𝐵 and a double insertion heuristic is applied, where the
time windows are considered to generate a vehicle routing solution
for the requests included in 𝐵 served from the artificial depot. The
distance dist(𝐵, 𝑑𝑐 ) between bundle 𝐵 and depot 𝑑𝑐 is calculated as the
sum of distances between all pickup locations and depot as well as all
delivery locations and depot.

Each assessed impact of the attractiveness measure has to be
weighted such that the influences are normalized which is done by the
exponents in the product of Eq. (15). To summarize, the valuation of
attractiveness of bundle 𝐵 for carrier 𝑐 is modelled as

𝜂𝑐,𝐵 =

(
∑

𝑟∈𝐵 𝜌𝑟
)𝛼

|𝐵|𝛽 (𝑣𝐵)𝛾 (𝛿𝐵)𝜇

(𝑙𝐵)𝜈 dist(𝐵, 𝑑𝑐 )𝜏
, 𝛼, 𝛽, 𝛾, 𝜇, 𝜈, 𝜏 ∈ R≥0 . (15)

Contrary to the similar concept of the proxy in Gansterer and Hartl
(2018a), the attractiveness measure 𝜂𝑐,𝐵 is modelled in a different way,
since additional information on time windows or vehicle capacities has
to be considered here. The measure’s structure in Eq. (15) is chosen
in this manner, because intuitively the sum of profits 𝜌𝑟 and the
umber of requests |𝐵| included in a bundle are supposed to have
positive influence on the attractiveness of a bundle. Thus, these

alues are listed in the numerator. Additionally, a dense bundle 𝛿𝐵
eems to be a good one due to small travel distances. The number of
ehicles 𝑣𝐵 needed with respect to the customers’ time windows should
lso affect the attractiveness positively, since the carriers usually look
or single requests that fit into scheduled routes with free capacity and
ot for bundles of requests that have to be served together on one
ew vehicle. Intuitively, the length of the route within a bundle 𝑙𝐵 and
he sum of request distances to the depot dist(𝐵, 𝑑𝑐 ) are supposed to
ave a negative effect on 𝜂𝑐,𝐵 , hence, these values are assigned to the
enominator.

Preliminary studies have shown that the best combination of
eights is (𝛼, 𝛽, 𝛾, 𝜇, 𝜈, 𝜏) = (0.15, 1.8, 0.2, 0, 0, 1.5). It can be noticed that
ensity has no impact on the attractiveness of a bundle. The reason for
his is that density does not take time window information into account,
hich is an important relationship between requests, and that a dense
undle does not have a preferred L- or U-shape, which can be easily
ntegrated into existing routing solutions as these are requests located
round a depot (cf. L-shape in Fig. 9). Additionally, since the shuttle–

our distances are included in dist(𝐵, 𝑑𝑐 ), the potential length of a tour
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Fig. 5. Triangle distribution 𝛯𝑐,𝐵 for an approximated bid 𝜉bid
𝑐,𝐵 .

ithin a bundle 𝑙𝐵 also seems to have no influence on the attractiveness
f a bundle. Nevertheless, these key values are still included, since
he bundle reduction approach is also supposed to be applicable on
ifferent data structures, where density or tour length might have an
mpact. In order to find the weights of influence for 𝜂𝑐,𝐵 in differently

structured data, e. g., a Bayesian Optimization approach can be used for
the parameter tuning (cf. Roman et al., 2016). The number of vehicles
needed has a very large impact, as the time windows are considered in
the determination.

In the following subsection, the introduced attractiveness measure
is used to build a triangle distribution which represents a bid-proxy.
With such a distribution, bids can be generated that are supposed to
reflect the real bid of a carrier for the bundle taken into account.

5.1.2. Stochastic triangle distribution as a bid-proxy
After all bundles are valuated by means of Eq. (15), the bundle

selection has to be carried out with respect to the BuSP. Since the
attractiveness value 𝜂𝑐,𝐵 is only an approximation and the bids for
various bundles can be located in different bid ranges, each bundle’s
attractiveness has to be mapped on the range of its minimum and max-
imum possible bid [𝑏𝐵min, 𝑏

𝐵
max]. This is done through an affine mapping,

while 𝜂min = min𝑐∈,𝐵∈{𝜂𝑐,𝐵} and 𝜂max = max𝑐∈,𝐵∈{𝜂𝑐,𝐵}, i. e.,

𝑓 ∶ [𝜂min, 𝜂max] ⟶ [𝑏𝐵min, 𝑏
𝐵
max] ,

𝜉bid
𝑐,𝐵 = 𝑓 (𝜂𝑐,𝐵) =

𝑏𝐵min − 𝑏𝐵max

𝜂min − 𝜂max
𝜂𝑐,𝐵 −

𝑏𝐵min𝜂max − 𝑏𝐵max𝜂min

𝜂min − 𝜂max
∀ 𝑐 ∈ , 𝐵 ∈  .

In order to reduce approximation errors and to achieve a robust
olution for the BuSP, triangular distributions 𝛯𝑐,𝐵 are created by
sing the approximated bids 𝜉bid

𝑐,𝐵 to estimate the bids for a bundle 𝐵
iven from carrier 𝑐. For this purpose, 𝜉bid

𝑐,𝐵 is taken as mode, while
he lower limit can be set to zero and the upper limit to the sum of
evenues for bundle 𝐵, i. e., ∑𝑟∈𝐵 𝜌𝑟. However, this will result in a very
lat triangle that behaves like a uniform distribution due to a wide
efinition range [𝑏𝐵min, 𝑏

𝐵
max]. Since we want the attractiveness value to

ffect the selection of sufficiently good bundles but also let the selection
eep its probabilistic behaviour, the right size of the definition range of
𝑐,𝐵 is of crucial importance. Preliminary studies have shown that 20%
f the entire value range is a good measure for defining the width of
he triangular distribution to maintain the desired properties described
efore (cf. Fig. 5).

In the scenario-based approach, we randomly draw a bid for each
undle 𝐵 and carrier 𝑐 with the created triangle distribution 𝛯𝑐,𝐵 , which
s called a scenario. Hence, an approximated bid matrix is generated in
ach scenario that is used to solve the WDP without constraint (5). In
his way, the best bundle allocation is found, holding all assignment
onditions. If this procedure is repeated sufficiently often, frequently
ssigned bundles can be identified. These bundles represent the most
romising ones for allocation. Hence, they are offered by the auctioneer
uring the bidding process.

Please recall that the number of possible bundles which can be
enerated out of 𝑝 requests is increasing exponentially with the number
8

b

of requests within the auction pool  . This explains why the valuation
of the attractiveness 𝜂𝑐,𝐵 for all create-able bundles is not possible.
Thus, a clever pre-selection approach must be applied to find bundles
with potentially good attractiveness. For this purpose, we use a 𝑘-means
luster-based approach as well as a deep feed forward neural network
pproach. Please remark that both approaches are not used in their
riginal intention for which they were developed, but as tools to weakly
lassify a request to a bundle in order to generate multiple different and
ufficiently diversified bundles for the scenario-based bundle reduction
pproach described in this section. Both pre-selection techniques create
probability matrix that measures how likely a request shall be as-

igned to a certain bundle (cf. cluster-based, Section 5.2) or carrier (cf.
eural network-based, Section 5.3). In order to create bundles for the
cenario-based reduction approach, this probability matrix is used for
ssigning the requests to bundles randomly with respect to the discrete
istribution described by the matrix.

.2. Cluster-based pre-selection of bundles

As we need to find a good pre-selection of bundles, which are
isjoint to each other in a bundle solution, a clustering partitioning
ethod such as 𝑘-means is a useful approach (cf. Rokach, 2009).

However, before implementing 𝑘-means, the number of clusters to be
generated has to be defined. Here, this is equivalent to the knowledge
of the number of bundles leading to the best outcome of the auction,
which is only revealed after the bidding process.

A clever strategy is to apply 𝑘-means 𝑛𝑐 times; each time with
ifferent number of clusters 𝑘 in order to create several bundles. To
btain reasonable clusters, 𝑘 is randomly drawn uniformly distributed
ithin the boundaries of

min =
||
2

, 𝑘max = max
{⌊

||

2.5

⌋

, 𝑘min

}

.

he lower bound 𝑘min is chosen, because bundles with too many
equests are not suitable for the carriers due to the applicability, i. e.,
ith the size of the bundle, the probability increases that a bundle

onsists of a combination of requests that no carrier is able to serve.
urthermore, if the bundle sizes get too small (which comes along with
any clusters), the bundles will be unattractive for the carriers, which

xplains the choice of 𝑘max.
In order to determine a similarity measure of requests to clusters,

the location of pickup and delivery customers are taken into account,
while euclidean distance is applied within the 𝑘-means approach. For
this reason, a request is represented as a vector (𝑥𝑝, 𝑦𝑝, 𝑥𝑑 , 𝑦𝑑 ) ∈ R4.
ince there is no intuitive measure for calculating the ‘‘distances’’
etween other request features, e. g., time windows, revenues etc., we
mit them in the 𝑘-means approach. Moreover, the (ordered) feature
ector (𝑥𝑝, 𝑦𝑝, 𝑥𝑑 , 𝑦𝑑 ) describes a direction within the space R4 that
s irrelevant in clustering of the requests, as it implies an order in
hich the requests are served that cannot be checked to feasibility
ithin the clustering approach, and thus, only occurs during bidding on

he requests. In Fig. 6, different distance values are depicted between
wo requests, (𝑥𝑝1 , 𝑦𝑝1 , 𝑥𝑑1 , 𝑦𝑑1 ) and (𝑥𝑝2 , 𝑦𝑝2 , 𝑥𝑑2 , 𝑦𝑑2 ). The left hand side
hows the distance of the requests considered for the fixed order, i. e.,
he feature vector always contains the pickup coordinates first and the
elivery coordinates second. In contrast, the right hand side displays
he distance of the two feature vectors in lexicographical order with
espect to the 𝑥 and 𝑦 values being compared to each other. It can
e seen that the two requests in Fig. 6 might be a good cluster, since
ithout knowing capacity or time windows, the order (𝑝1, 𝑝2, 𝑑1, 𝑑2)

an possibly be a feasible sequence. A good cluster can be specified
s a size-balanced cluster with pairwise small distances of pickup and
elivery nodes to each other. However, in the first case (see left hand
ide in Fig. 6), the requests would not be considered as a cluster

ecause of the large distance. In the last case (see right hand side in
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Fig. 6. Different distances measured when ordering pickup and delivery lexicographically or not.
Fig. 6) it appears that the requests can form a good cluster. To avoid
this problem, and consequently, to associate also pickup with delivery
nodes, we first apply lexicographical ordering on each vector before
performing 𝑘-means. In particular, vector (𝑥𝑝, 𝑦𝑝, 𝑥𝑑 , 𝑦𝑑 ) describes the
same request as vector (𝑥𝑑 , 𝑦𝑑 , 𝑥𝑝, 𝑦𝑝).

When a run of 𝑘-means with a randomly fixed 𝑘 is finished, the
calculated cluster centres are taken for measuring how likely a request
is assigned to each centre, i. e., for calculating the probability matrix
described above. As mentioned at the end of Section 5.1, we do not
use 𝑘-means in its original intention, i. e., the clusters determined by
𝑘-means for defining the request bundles. Here, we use the so-found
cluster centres for a fuzzy classification criterion in order to receive
several bundle constellations through a weak request to cluster centre
assignment. A probability matrix for assigning request 𝑟 to cluster 𝐶
with respect to the similarity measure is determined by

Prob(𝑟, 𝐶) =
sim(𝑟, 𝐶)

∑

𝐶 sim(𝑟, 𝐶)
, sim(𝑟, 𝐶) = (dist(𝑟, 𝐶) + 1)−1 . (16)

In (16), the operator dist(𝑟, 𝐶) describes the distance of request 𝑟 to
he considered cluster 𝐶 as the distance of 𝑟 to the cluster centre.

Hence, dist(𝑟, 𝐶) can be interpreted as the dissimilarity of request 𝑟
to cluster 𝐶, the reciprocal value sim(𝑟, 𝐶) describes the corresponding
similarity. Additionally, we added some value in the denominator such
that division by zero is prevented. Altogether, Prob(𝑟, 𝐶) depicts the
relative similarity of 𝑟 to 𝐶, thus a kind of probability. Using the
probability matrix (16) as a discrete distribution, the assignment of
request 𝑟 to cluster 𝐶 is done 𝑛𝑎 times. To avoid multiple classes or
bundles with identical requests, we provide a unique index for each
class or bundle, respectively.

Since this procedure is repeated multiple times, we generate a vast
variability within the bundles given to the bundle reduction process,
while the computational complexity is manageable. For example, 𝑛𝑐 =
40 and 𝑛𝑎 = 25 leads to over 2,000 bundles that must be evaluated and
reduced by the scenario-based approach solving the BuSP described in
Section 5.1.

As the cluster-based pre-selection does only take customer locations
into account, it can be seen as a intuitive first pre-selection method
for the considered problem. However, since the customer data of each
carrier stays unrevealed and the suitability of a bundle for a carrier
strongly depends on this hidden customer data, it is not purposeful to
develop similarity measures for other attributes, e. g., time windows,
as we do not know whether similar or complementary time windows
of requests within a bundle are compatible for a carrier. Still it is
worth investigating whether time windows or demands are supposed
to be used in the pre-selection process without developing various
distance measures. In addition, applying machine learning methods
within the auction-based exchange mechanism is of interest to inves-
tigate (Gansterer and Hartl, 2020). Hence, a neural network based
approach for pre-selecting bundles that takes all request attributes into
account is introduced in Section 5.3, which may learn (non-linear)
9

relations between the request attributes and the carriers.
Fig. 7. Deep feed forward neural network architecture for request to carrier
classification.

5.3. Neural network approach for pre-selection

The principal task for the auctioneer is to evaluate, which carrier is
supposed to get which requests. Hence, the bundle selection problem
can also be regarded as classification problem. For identifying the best
classes in the pre-selection process, various classification algorithms
can be used (cf. Narayanan et al., 2017). Particularly, neural net-
works have shown promising results solving classification problems (cf.
Zhang, 2000), especially for the kind of problem at hand. Here, requests
with certain attributes have to be assigned to specific carriers. Neural
networks are universal function estimators for recognizing patterns. In
their proceeding, they are similar to the human brain. Considering a su-
pervised learning setting, neural networks can approximate a function
which is able to identify different classes in given data (cf. Aggarwal,
2018). Thus, a neural network can approximate the distance measure
between features such as revenues or even time windows, which cannot
be calculated intuitively (cf. Section 5.2). In our approach, a deep feed
forward neural network (DFNN) is implemented in order to learn which
requests are supposed to be assigned to which carrier. As mentioned
at the end of Section 5.1, we do not use the classification result of
the neural network as fixed request-carrier-assignment. It is used as a
weak classification for determining random assignment of a request to
a certain bundle by using a probability matrix defining the likelihood
of a request-carrier-assignment derived from the neural network.

To train the network, training data has to be generated from the
function that needs to be approximated with the correct classifications
for the data. This is provided by the centralized cooperative solution of
artificial cooperation data sets, which are generated according to the
auction pool data known by the auctioneer (cf. Section 6.2). A part of
this data (33%) is used as test data to evaluate the loss of the trained
network. In addition, the network architecture has to be defined for the
specific problem. A larger network would lead to overfitting, whereas
a smaller network would lead to underfitting on the training data.
Also, other characteristics such as (non-)linearity have an impact on
overfitting (cf. Aggarwal, 2018). Therefore, the network architecture is
carefully chosen, based on previous empirical investigations (cf. Fig. 7).

Since the input is a request to be classified, the number of features
and thus of input neurons equals 11. Each request has 11 features in
particular: (𝑥, 𝑦) locations for pickup and delivery, beginning and end
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of time windows at pickup and delivery location, duration of service,
demand and revenue. We provide two different DFNN depending on
the number of carriers participating in the cooperation network. This
can be seen in the number of output neurons (4 or 6 carriers). In
general, the neural network has two dense hidden layers with 8 and 16
neurons. Each neuron is connected to each neuron of the subsequent
layer. In order to ensure non-linearity within the network, different
techniques can be applied. A rather simple but effective method is to
drop information between layers (cf. Srivastava et al., 2014). So, we
use a dropout before the first hidden layer (with 40%) and after the
second hidden layer (with 30%). Additionally, we include non-linear
activation functions after the first (Sigmoid) and the second (Rectified
Linear Unit, ReLU) layer on the neuron’s signal, given by

Sigmoid(𝑥) = 1
1 + 𝑒−𝑥

and ReLU(𝑥) = max{0, 𝑥} .

ooking at the output signal, a softmax activation is utilized in order to
btain classification scores in the range of [0, 1] ensuring that the sum
f them equals one. Hence, the results represent a probability of class
ssociation. Finally, cross entropy is defined as loss function so that the
eural network can backpropagate the gradients of this loss during the
earning process.

Once the DFNN has been trained, the auctioneer can determine a
robability matrix for the assignment of each request in the auction
ool to the carriers through calculating the softmax vector for each
equest. This probability matrix is used for drawing requests randomly
o carrier assignments (similar to the cluster-based approach) on which
he scenario-based bundle reduction is applied. The random drawing is
onsidered 𝑛̃𝑎 times to create several bundles.

Please note that the proposed technique does not learn any de-
endencies between the requests within the auction pool, since each
equest is presented individually to the DFNN. However, this might be
n advantage, as learning dependencies can have impacts like overfitting
he request bundles. Requests that fit well together (probably on one
ehicle) do not necessarily have to be attractive to carriers that often
earch for several single requests for routes already planned. Conse-
uently, the real valuation of a bundle strongly depends on the part
f customer data that is not revealed to the auctioneer and thus this
aluation cannot be learned.

. Evaluation

In this section, we present the results of the evaluation of the
uction-based framework for the collaborative PDPTWHV. Therefore,
e generate suitable data sets (cf. Section 6.1). The outcomes of the co-
peration, which are determined with our framework, can be evaluated
ith an upper and lower threshold. The lower threshold is obtained
hen all carriers individually optimize their vehicle routing solution,
hile the upper threshold is estimated by a central transportation
lanning carried out by a central entity (cf. Section 2.1). The profit
f decentralized cooperation cannot exceed the two bounds, as Fig. 8
hows. The exact individual vehicle routing solution consumes many
esources and time (if it can be calculated at all), which is why the
enerally better solution of cooperative planning provides a higher
verall benefit (cf. Section 6.2). Please note that the exact solutions
n individual as well as centralized planning are rather a conceptual
olution and cannot be calculated for the underlying routing problem
n most of the cases due to the complexity of the problem (which is
-hard) as well as the size of the instances.

.1. Data generation

For evaluating our framework, we generate data sets based on the
ell-known PDPTW benchmark of Li and Lim (2001) that is available
ia (SINTEF, 2008). The data sets are organized in three classes lc, lr
10
nd lrc that describe whether the customer nodes are clustered (lc),
andomly distributed (lr) or partially clustered and partially distributed
andomly (lrc) on the plane. The benchmark also differs in terms of
ehicle capacities and length of time windows. In particular, data
ets with small time windows and small vehicle capacities (1xx) as
ell as others with large time windows and large capacities (2xx) are

onsidered.
In our application, we assume heterogeneous vehicles. Therefore,

he existing capacities are changed randomly. For this purpose, 25%
f the vehicles are reduced by 30% of their original capacity, 25% of
he vehicles are increased by 30%, and the rest of the vehicles remains
nchanged. The fixed costs for a vehicle are determined depending on
he capacity. Furthermore, a revenue 𝜌𝑟 for request 𝑟 is added to the
ata. Thereby, we use the variable costs resulting from the length len(𝑟)

of a shuttle–tour serving 𝑟 and starting from the depot of the carrier
who originally acquired the request. In practice, the largest share of
the total costs is accounted for by personnel, which corresponds to the
duration and thus the length of a tour. It is weighted with the variable
cost factor 𝑐var and a certain factor 𝜌var indicating the required size
of the buffer for achieving a profit. Here, the variable cost parameter
is 𝑐var = 1. Since the profit margin in practice is about 5%, we
consequently choose 𝜌var = 1.05.

𝜌𝑟 = 𝜌var𝑐var len(𝑟) . (17)

In order to generate multi-depot instances from the heterogeneous
single depot instances, four, six, eight or nine instances are distributed
over the plane in such a way that their business areas overlap slightly.
The structure of the instances created is shown in Fig. 9. Since the
benchmark of Li and Lim (2001) contains approximately 50 requests
(i. e., 100 nodes) per depot, the number of customers were randomly
reduced, such that there are problem instances with 20, 25 or 30 re-
quests per depot. In this way, 4-, 6-, 8- and 9-depot data sets are created
containing 60 problem instances each, where the classes (lc, lr, lrc)
are chosen with equal proportions. The data sets can be downloaded
from BWOR (2020).

6.2. Results

In our performance analysis, we compare the cluster-based (CB) and
the neural network-based (NN) pre-selection variant for the scenario-
based bundle selection. To do so, the parameters of the decentralized
collaboration framework are generally set as specified in Table 4. The
variants are evaluated on all generated instances (cf. Section 6.1),
which are considered as planning periods for the collaboration network.
The framework itself is implemented in C++ and executed multi-
threaded (i. e., each carrier’s calculations are done with a single thread)
on a Windows Server with a 2.72 GHz CPU and 383 GB RAM.

For using the neural network-based pre-selection approach, 1,200
instances each with 4, 6, 8 as well as 9 depots were created with a
data set generator implemented by the authors. These instances have
different characteristics regarding, e. g., time window and capacity
parameters (cf. Rüther and Rieck, 2020). The generated instances are
divided into training and test data, while the latter represents 33% of
the entire data. The trained networks have a final accuracy of 89%
(4-depot), 90% (6-depot), 92% (8-depot) and 92% (9-depot) on the
test data with respect to the correct classification. Please note that the
networks need not to be trained to its best accuracy, since we do not
use them for a precise request to bundle assignment but in a weak
classification manner (cf. Section 5.3). Furthermore, the artificially
generated data sets for training the neural network differ from the
structure of the collaboration network instances, so that the neural
network can also be applied on other instances distinguishing in, e. g.,
the carrier’s customer data than the used data sets derived from Li and

Lim (2001).
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Fig. 8. Evaluation of auction-based framework’s solution to individual and centralized cooperative planning; the dashed boxes containing the exact solutions are conceptual.
Fig. 9. Structure of generated data set of a collaboration network with 4, 6, 8 and 9 depots, where the regions of neighbouring depots overlap slightly.
In addition to the decentralized auction-based approaches, we con-
ider both the individual and the centralized solutions as lower and
pper thresholds, respectively (cf. Fig. 8). The individual and central-
zed transportation planning is heuristically solved by the Grouping
A introduced in Rüther and Rieck (2020) (cf. Section 3) while also
pplying the GA parameters given in Table 4. Moreover, these heuris-
ical results are taken as initial solutions in order to calculate exact
olutions for the (Multi-Depot) PDPTWHV with ILOG Cplex. To do so,
mathematical model formulation is implemented in GAMS and run

n a Windows Server (2.72 GHz and 383 GB RAM) with 12 threads in
arallel and an execution time limit of 2 h (7,200 s.). Please note that
AMS needs some time to set up the mathematical model, thus the

ime limits given for Cplex can be exceeded with respect to the entire
xecution (cf. Table 1).

In Table 1, the means of profits as well as of execution times for
he considered transportation plannings regarding all 60 instances for
ach data set with 4, 6, 8 and 9 depots. Please note that the described
rofits are calculated for the entire collaboration network, i. e., the sum
f all participating carriers within an instance are taken into account.
oreover, a the mean, standard deviation, minimum and maximum of

he relative profit improvement (RPI) regarding the heuristically solved
ndividual solution is given. Thus, the impact of collaboration as a
hole is compared to the individual and centralized planned solution

cf. Fig. 8). The RPI for a certain planning period, i. e., instance, is
alculated through equation (18) regarding the ratio of collaborative
rofit ∑

𝑐∈ prof it
(

̃𝑐
)

and the initial profit ∑

𝑐∈ prof it(𝑐 ), while ̃𝑐
describes the set of requests after collaboration, i. e.,

𝑅𝑃𝐼 =
∑

𝑐∈ prof it
(

̃𝑐
)

∑

𝑐∈ prof it(𝑐 )
− 1 . (18)

ased on the RPI in (18) for one instance, the mean as well as minimum
nd maximum are determined regularly over all instances.
11
Fig. 10. Boxplot of rel. profit improvement in 60 periods for 4-depot collaboration
network.

Please note that it is not reasonable to compare the bundle
(pre-)selection of this contribution to results of formerly published bun-
dle generation approaches, since the methods taken into account are
suited particularly for the PDPTWHV. Thus, the additional attributes
considered here, e. g. time windows, multiple and capacitated vehicles
as well as heterogeneous fleets, might make our approaches rather
inefficient for simpler TSPPC instances as investigated with respect to
the auction-based exchange mechanism at hand in Berger and Bierwirth
(2010) and Gansterer and Hartl (2016b, 2018a).

It can be seen that the improvement through the use of an exact
solver for the individual routing is almost non-existent (0.27% at 4-
depot, 0.14% at 6-depot, 0.18% at 8-depot and 0.14% at 9-depot),
whereby the time limits (2 h) of the exact solver are exceeded for nearly

every instance. The Grouping GA is up to 907 (9-depot) times faster,
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Table 1
Average profit, mean, standard deviation as well as minimum and maximum of relative profit improvement (RPI) [%] and the execution time
[sec.] over all 4-, 6-, 8- and 9-depot instances.

Heuristical
individual

Exact
individual

Collaborative Heuristical
centralized

Exact
centralized

CB NN
4-
de
po
t

av. profit 3,193.42 3,196.01 3,455.43 3,413.23 3,603.06 3,610.87
mean RPI. —- 0.27 10.07 9.99 16.77 17.17
min. RPI —- 0.02 0.20 0.47 2.77 2.77
max. RPI —- 0.77 36.35 43.49 74.40 76.53
exe. time 6.38 5,643.70 249.48 94.87 54.48 7,259.40

6-
de
po
t

av. profit 5,654.46 5,658.14 6,129.44 6,101.95 6,817.82 6,822.63
mean RPI —- 0.14 10.17 10.34 18.92 19.01
min. RPI —- 0.01 0.86 0.94 0.83 0.93
max. RPI —- 0.72 42.69 34.83 190.22 190.22
exe. time 7.88 6,125.58 542.04 180.43 157.48 7,228.80

8-
de
po
t

av. profit 7,404.62 7,410.29 8,041.33 8,098.62 8,314.63 8,320.84
mean RPI —– 0.18 9.66 10.71 14.43 14.52
min. RPI —– 0.00 0.60 1.05 1.28 1.28
max. RPI —– 1.29 34.28 26.40 54.16 54.18
exe. time 6.97 5,979.26 863.42 213.53 249.99 7,248.73

9-
de
po
t

av. profit 7,292.94 7,298.70 7,783.52 7,744.18 8,047.67 8,053.19
mean RPI —- 0.14 7.41 6.82 12.19 12.27
min. RPI —- 0.00 0.27 0.63 1.07 1.10
max. RPI —- 0.69 18.97 18.90 32.66 32.66
exe. time 6.19 5,614.32 856.91 217.13 250.94 7,253.18
while finding a sufficiently good solution (for all data sets). Please
remember that the exact solver Cplex was executed with a warm start,
i. e., the solution found by the GGA has been passed to Cplex as an
initial solution that has to be improved. In doing so, 64 of the 240 single
depot instances within the 4-depot, 78 of the 360 single depot instances
within the 6-depot, 99 of the 480 single depot instances within the 8-
depot and 149 of the 540 single depot instances within the 9-depot
collaboration framework have been solved to optimality by Cplex. The
relative gap of Cplex regarding the exact solution has been about 23%
(4-depot), 25% (6-depot), 26% (8-depot) and 22% (9-depot) on average
for all single depot instances. This is due to the complexity of the
routing problem considered here. Consequently, this shows that the use
of exact solvers for individual routing does not have a big impact on
enhancing the transportation planning. Analogously, similar effects can
be identified for the centralized transportation planning. Thereby, the
exact solver does hardly improve the heuristically found initial solution
(by 0.40% for 4-depot, 0.09% for 6-depot, 0.09% for 8-depot and 0.08%
for 9-depot), while exhausting the time limit. As for the single depot
instances, the GGA results have been used in Cplex for a warm start.
Here, no multi-depot instance could be solved to optimality within the
time limit. Moreover, the relative gap regarding the exact solution has
been about 42% (4-depot), 48% (6-depot), 42% (8-depot) and 48% (9-
depot) on average over all multi-depot instances. Hence, the GA’s result
represents a sufficiently good solution for centralized transportation
planning, which is about 16.77% better for the 4-depot, 18.92% better
for the 6-depot, 14.43% better for the 8-depot and 12.19% better for
the 9-depot than the individually planned ones. Nevertheless, since
centralized planning needs access to all customer data, these results
can only be seen as a benchmark of our bundle selection approaches
within the collaborative framework.

The scenario-based bundle selection approach with both of its vari-
ants, the cluster- and the neural network-based pre-selection, shows
reasonable results with respect to the enhanced profit compared to the
individual solution as well as the possible profit improvement given
by the centralized planning approach. On average, the collaboration
framework improves the overall profit by 10.07% for the 4-depot, by
10.17% for the 6-depot, by 9.66% for the 8-depot and by 7.41% for
the 9-depot instances using cluster-based as well as by 9.99% for the
4-depot, by 10.34% for the 6-depot, by 10.71% for the 8-depot and
by 6.82% for the 9-depot instances using neural network-based pre-
selection. Both methods utilize over 52% of the cooperative potential
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with respect to the profit improvement which is specified by (exact)
centralized planning solution. In addition to the enhanced profit, the
computational time is significantly smaller compared to the exact cen-
tral solution. Since the neural network-based pre-selection reduces the
number of offered bundle substantially compared to the cluster-based
technique, it performs much faster with similar solution quality on
average. In addition, considering more attributes than just the cus-
tomer’s locations may lead to slightly worse solutions, as dyssynergies
regarding the unknown customer data of the carriers can be evoked
more likely. Thus, the cluster-based approach determines a broader
selection of bundles which are investigated with respect to problem
specified attributes only in the next step, e. g., number of vehicles due to
time windows, which can be derived from the gap between maximum
RPIs of cluster- and neural network-based pre-selection for 6-depot
instances in Table 1. It is worth mentioning that the neural network-
based pre-selection achieves better results for the minimum RPI, which
implies that considering other features than customer locations may
improve the profit in more cases. To summarize, the collaboration
approaches provide good solutions to optimize carrier’s profit, while
revealing as little information as possible.

From the maximum and minimum RPIs in Table 1, it can be seen
that there are rather simpler and harder instances, respectively, i. e.,
some instances have a bigger potential for optimization than others. On
the one hand, this can result due to the initial acquisition of requests
and on the other hand because of the data structure itself, i. e., the
variety between the instances regarding size of the time windows or
vehicle capacities (see Li and Lim, 2001). Though, there are some
instances with bigger potential than the bundle selection approach
exploited (see max. RPI), over all instances the gap between the average
RPI for the collaborative approach and the centralized optimization is
very small for both cooperation network structures.

In Table 2, further results on the auction process itself are presented.
The table shows mean values over all 4-, 6-, 8- and 9-depot instances
for the number of requests within the cooperation network 𝑛̄req, the
auction pool size 𝑝̄, the ratio of released requests regarding the total
number of requests 𝑝̄

𝑛̄req
as well as the relation of released to reserved

requests 𝑝̄
𝑛̄req−𝑝̄

. Additionally, the number of bundles pre-selected and
finally selected (for the bidding process) are depicted for both pre-
selection approaches CB and NN. It can be seen from the results that

about 25% in the 4-depot, 29% in the 6-depot, 33% in the 8-depot
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n
N

Table 2
Mean values over all 4-, 6-, 8- and 9-depot instances of number of requests 𝑛̄req, number
of requests within the auction pool 𝑝̄, ratio of number of auction pool and total requests
within the cooperation network 𝑝̄

𝑛̄req
, ratio of released to reserved requests 𝑝̄

𝑛̄req−𝑝̄
and

umber of bundles pre-selected as well as finally selected for both approaches CB and
N.

𝑛̄req 𝑝̄
𝑝̄

𝑛̄req

𝑝̄
𝑛̄req−𝑝̄

Bundles pre-selected Finally selected

CB NN CB NN

4d 101.67 25.30 24.89% 33.82% 9,120.57 197.70 9.72 10.15
6d 173.27 49.65 28.66% 41.38% 11,294.28 315.20 14.82 15.22
8d 232.00 77.53 33.35% 51.21% 16,121.72 1,090.38 27.85 24.27
9d 240.93 67.75 28.16% 40.04% 14,335.28 846.52 31.12 28.93

Fig. 11. Boxplot of rel. profit improvement in 60 periods for 6-depot collaboration
network.

Fig. 12. Boxplot of rel. profit improvement in 60 periods for 8-depot collaboration
network.

Fig. 13. Boxplot of rel. profit improvement in 60 periods for 9-depot collaboration
network.
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a

and 28% in the 9-depot instances of the requests are released for
exchange. Since the bundle creation by the auctioneer depends on the
number of requests within the auction pool, this naturally results in
more possible bundles and thus higher computational time for the 8-
depot instances compared to the other data sets as it can be seen
in Table 1. Therefore, the number of bundles generated in the pre-
selection approaches is also larger for the 8-depot instances than the
remaining data sets. Moreover, the number of pre-selected bundles
in the neural network-based technique is remarkably smaller than in
the cluster-based approach. This results in a much faster approach (cf.
NN results in Table 1). The number of finally selected bundles which
are given to the auction process can be reduced significantly through
the scenario-based bundle reduction (cf. Section 5.1) while keeping
efficiency with respect to the profit improvement. In both cases (CB
and NN) the number of bundles and thus the number of bids to be
determined is less than the number of requests within the auction pool.
This implies that the carriers within this cooperation network have to
calculate even less bids than if the requests are offered in a single item
auction.

In what follows, we take a closer look at the pre-selection variants
themselves. In Figs. 10, 11, 12 and 13, boxplots regarding the different
types of collaboration networks are presented, in which the relative
profit improvement is depicted over all instances. Please note that the
outliers over a certain value (bigger than 60%) are not included in
the boxplots. It is shown that the neural network-based pre-selection
achieves similarly good results in terms of individual profit increase as
the cluster-based approach, since the median’s values are close to each
other. Please note that the latter is a more stable method over almost
every carrier for both collaboration network types due to the tighter
box plots. A reason for this is that the 𝑘-means approach generates
a higher variety within the generated bundles (e. g., bundle size).
Consequently, this leads to a more complex auction process and thus
to higher computational time (cf. Table 1). However, the cluster-based
pre-selection technique can be applied on each collaboration network
independently of the instance structure. For example, if the partici-
pating carriers of the collaboration network changes, the cluster-based
pre-selection can be used immediately, while the neural network-based
technique has to be trained again with new artificially created in-
stances, which are similar to the new structure of the collaboration
network. It is worth to mention that this pre-processing step can be
done in short time due to the fact that we do not need very high
accuracy of the neural network. If the accuracy is too high, the bundles
created by the random choice based on the probability matrix coming
from the neural network would have too low variety, and thus hinder
the outcome of the request exchange through the auction.

The profit allocation within the cooperation network with 4 depots
seems to be a bit fairer than within the network consisting of 6 depots.
Fig. 11 displays that carriers 1 and 2 obtain a higher benefit from the
cooperation. This is because these carriers are located in the middle
of the collaboration network with respect to their customer region.1
Thus, they have a higher potential to contribute to a bigger profit
improvement within the cooperation than others located on the edges
of the network’s plane, e. g., during request releasing in step (i), that
in turn is rewarded in the profit allocation. In order to maximize
the incentive for staying within the cooperation, this effect has to be
implemented in the profit allocation process (cf. step (v), Section 4).
Consequently, carriers which cannot contribute in a suitable manner

1 This effect can also be found in the 8-depot data set for carriers 1, 2, 3
nd 4 (cf. Fig. 12) as well as in the 9-depot instances for carrier 1 (cf. Fig. 13).
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naturally due to their location in the collaboration network ought not
to be disadvantaged.

7. Conclusion

In this paper, we have presented a decentralized and double auction-
based collaboration approach for request exchange in the less-than-
truckload market, i. e., routing is modelled as pickup and delivery
problem with time windows and heterogeneous vehicle fleets. For this
purpose, we have adopted a request exchange procedure introduced
by Berger and Bierwirth (2010) and extended this in order to apply
it on the underlying routing problem. In particular, we have focused
on the selection of bundles, since this step has the biggest impact
on the outcome of the collaboration. The auctioneer carries out this
selection in order to offer attractive bundles in the auction process
maximizing the profit. Since this is a stochastic problem, a scenario-
based bundle selection approach has been developed in combination
of two pre-selection techniques, a cluster- and a neural network-based
pre-selection. All pre-selected bundles are valuated by an attractiveness
value, in which several bundle attributes are included. In order to
evaluate these selection variants, 4-, 6-, 8- and 9-depot cooperation
network data sets were generated with 240 problem instances in
total by using the well-known (Li and Lim, 2001) benchmark. The
collaboration framework has been compared to the individual trans-
portation planning (lower threshold) and the centralized planning
(upper threshold) with respect to the profit improvement. It could be
shown that the scenario-based bundle selection approach provided a
relative profit increase of about 6.82% to 10.71% on average (depend-
ing on the considered cooperation network structure as well as the
pre-selection technique) and up to 43.49% at its best compared to the
individual planning. Moreover, the profit exhausts at least 53.5% of
the centralized transportation planning potential on average. Therefore,
the collaborative framework with scenario-based bundle selection is a
reasonable approach for solving the collaborative PDPTWHV, while the
neural network-based pre-selection technique is faster, but determines
slightly worse profit improvement than the cluster-based technique.
However, the cluster-based pre-selection is more stable and can be
applied on each collaboration network structure immediately without
any pre-processing steps.

In future research, an approach for parameter tuning that finds
the optimal weights for the attributes within the attractiveness value
can be applied. In this way, the estimation of bids will be further
enhanced and thus the selection will lead to better bundles for the
auction process. Since the neural network-based pre-selection appears
promising, an extended research should be conducted to investigate
how the structure of the feed-forward neural networks can be optimized
to improve the assignment estimation. Particularly, also other (machine
learning) classification techniques, such as self-organizing maps, might
be conceivable in the pre-selection process and worth to investigate
their impact. It is worth examining how the ratio of released requests
impacts the profit increase of the cooperation network, thus appropriate
releasing strategies used in step (i) are supposed to be developed and
evaluated in combination to the proposed bundle selection approaches.
Finally, as we have seen that the profit allocation method strongly
depends on the structure of the cooperation network, i. e., where a
participating carrier is located, this information has to be included into
the profit distribution to achieve fairness.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
14
influence the work reported in this paper.
Table 3
Indices, sets, variables and parameters (alphabetically ordered)
Indices and sets:

𝐵 ∈  Set of offered bundles during the auction process; every bundle 𝐵
contains several requests,  = {𝐵1 ,… , 𝐵𝑝} ⊆ 2

𝐵 ∈ 𝜎 Set of bundles for a certain scenario 𝜎 within the stochastic BuSP
𝑐 ∈  Set of carriers (or bidders in the auction problem),  = {𝑐1 ,… , 𝑐𝑚}
𝑟 ∈  Requests within the auction pool  = {𝑟𝑖1 ,… , 𝑟𝑖𝑝 }
𝑟 ∈  Set of requests of all carriers,  = {𝑟1 ,… , 𝑟𝑛}, 𝑛 > 𝑝
𝑟 ∈ 𝑐 Set of requests acquired by carrier 𝑐 ∈ 
𝑟 ∈ ′

𝑐 Set of retained requests of carrier 𝑐 ∈  after releasing the offered ones
to the auction pool 

𝜎 ∈  Set of scenarios 𝜎 within the stochastic BuSP

Parameters:

𝑎𝑐 Ask price that carrier 𝑐 ∈  needs at least to compensate the lost profit
due to the offered requests for the auction process

𝑏𝑐,𝐵 Bid of carrier 𝑐 ∈  for bundle 𝐵 ∈  within the auction process
𝑐𝐵 Centroid of a bundle 𝐵 ∈  respecting direct travel distances 𝑡𝑟 and the

midpoints between pickup and delivery customers of all requests 𝑟 in
bundle 𝐵

𝜒𝑟,𝑐 Binary allocation parameter that indicated if a request 𝑟 ∈  is
acquired by carrier 𝑐 ∈  (𝜒𝑟,𝑐 = 1) or not (𝜒𝑟,𝑐 = 0)

𝛿𝐵 Density of bundle 𝐵 ∈  based on direct travel distances 𝑡𝑟 of all
requests 𝑟 in bundle 𝐵 and the bundle’s centroid 𝑐𝐵

𝑑𝑐 Depot node of carrier 𝑐 ∈ 
𝜂𝑐,𝐵 Attractiveness measure of bundle 𝐵 ∈  for carrier 𝑐 ∈ 
𝜅 maximum number of bundles chosen in the BuSP (or by the

scenario-based bundle selection approach)
𝑙𝐵 Length of the vehicle routing solution serving all requests in bundle

𝐵 ∈  taking time windows into account
𝑛𝑎 , 𝑛̃𝑎 Number of times requests are assigned to certain cluster centres or

carriers determined by 𝑘-means in the cluster-based or by the DFNN in
the neural network-based pre-selection, respectively

𝑛𝑐 Number of times 𝑘-means is applied in the cluster-based pre-selection
technique

𝑝 Number of requests included within the auction pool, i. e., 𝑝 = ||

𝑝𝑐,𝐵 The price that has to be paid by carrier 𝑐 ∈  for bundle 𝐵 ∈  if 𝑐
has won 𝐵 during the auction process

𝜋𝑐,𝐵 Profit allocation 𝜋𝑐,𝐵 for carrier 𝑐 ∈  and bundle 𝐵 ∈ 
𝜋𝑐 Total profit allocation 𝜋𝑐 for carrier 𝑐
𝜌𝑟 Revenue for serving a request 𝑟 ∈ 
𝑡𝑟 Direct travel distance of a request 𝑟 ∈ , i. e., the distance between

pickup and delivery customer
𝑣𝐵 Number of vehicles needed to serve all requests in bundle 𝐵 ∈  taking

time windows into account
𝑣𝑐,𝐵 True valuation of carrier 𝑐 ∈  for bundle 𝐵 ∈ 
𝜈𝑐 True valuation of carrier 𝑐 ∈  for all released requests 𝑟 ∈ 𝑐 ⧵′

𝑐
𝜉bid
𝑐,𝐵 Best bid approximation for bundle 𝐵 ∈  and carrier 𝑐 ∈  depending

on attractiveness 𝜂𝑐,𝐵
Decision variables and distributions:

𝛯𝑐,𝐵 Triangular distribution for modelling stochastic bids of bundle 𝐵 ∈ 
from carrier 𝑐 ∈  depending on the best bid approximation 𝜉bid

𝑐,𝐵
𝑦𝑐,𝐵 Binary variable that indicates if bundle 𝐵 ∈  is allocated to

carrier 𝑐 ∈  (𝑦𝑐,𝐵 = 1) or not (𝑦𝑐,𝐵 = 0)
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Appendix A

In the appendix, we give information about notations (cf. Table 3)
and parameter (cf. Table 4) settings that are necessary for the collabo-
rative framework.
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Table 4
Parameter settings of the collaboration framework.

Approach Parameter Value Description

Grouping GA

𝑛pop 50 Population size
𝑛gen 200 GA’s number of generations while routing / bidding
𝑝cross 1.0 Crossover probability
𝑝mut 0.3 Mutation probability

Scenario-based
bundle selection

𝛼 0.15 Weight for bundle’s revenue
𝛽 1.65 Weight for number of requests within bundle
𝛾 0.2 Weight for number of vehicles
𝜇 0 Weight for density
𝜈 0 Weight for bundle’s tour length
𝜏 1.5 Weight for depot bundle distance
𝑛scenario 50 Number of scenarios

Cluster-based
pre-selection

𝑛𝑐 40 Number of 𝑘-means runs
𝑛𝑎 25 Number of request to cluster assignments in each run

Neural network
pre-selection

𝑛̃𝑎 30 Number of request to carrier assignments
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