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ARTICLE INFO ABSTRACT

2020 MSC: Given the dynamics of today’s markets, decision support based on advanced analytics is required to help market

90-05 players keep their top position. This paper presents an approach to help business decision-makers gain market

90B90 share by providing competitive tender offers for Full Truck Load (FTL) services. In particular, we compare oper-

2332; ating a fleet of full charter trucks (FCT), using Spot-Market (SM) capacity and a mixture of both options against
each other. A Pickup and Delivery Problem is modeled, and solved using an Adaptive Large Neighborhood Search

Keywords: heuristic. Computational results indicate strong service benefits combining FCT and SM usage. Numerical exper-
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Schenker is presented.

iments are presented in detail to support the findings. Additionally, a real-life case study originating from DB

1. Introduction

Full Truck Load (FTL) transportation gained limited attention from
the scientific community, compared to Less-than-Truck Load (LTL) or
express deliveries Wieberneit (2008). However, there is a multitude of
aspects related to FTL transportation, which have a significant financial
impact and are worth researching, e.g., fleet sizing, dynamic routing, or
FTL solution design.

Freight forwarders regularly compete at tenders organized by large
shippers who need tailored full-load logistics solutions. To win such ten-
ders, and thus gain more market share, the forwarders need to provide
cost-efficient full-load solutions, which are relatively complex to ana-
lyze. The core trade-off when designing such solutions is the following:
on the one hand, the solution needs to be economical and avoid overex-
posure to prohibitively high fixed costs; on the other hand, the shipper
needs to be provided with sufficient capacity at nearly any moment,
irrespective of volume development.

Consequently, a freight forwarder has two extreme options to orga-
nize capacity. One would be to cover all shipping demand exclusively
through flexible capacity sourced from SM. Usually, SM can provide
service at short notice. This flexibility, however, comes at a relatively
high market price and can not be taken for granted in special market
situations, e.g., during peak seasons or around public holidays.
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Alternatively, the forwarder could invest into a fleet of FCT dimen-
sioned according to the (assumed) peak demand. The main idea is the
following: rather than providing a customer an offer based on SM prices
per trip or trade lane, the forwarder would instead calculate the costs of
chartering and managing a fleet of trucks on a long-term basis, e.g., sev-
eral months or years. When sizing this fleet properly and dispatching it
efficiently, the offer involving FCT may eventually be more competitive
than an SM solution.

Finally, an effective mix of both solutions mentioned above may, at
least in theory, provide an even more cost-efficient solution than both
individual options introduced above.

As stated earlier, winning tenders and increasing market share is the
primary goal when designing such logistics solutions. Yet, the design
process itself includes costs and profits as secondary aspects. An inter-
nal analysis of a (cost-)effective mix of SM- and FCT-options provides
internal transparency about expected costs which enables the submis-
sion of a competitive tender bid. The profit aspect is in the hands of the
bid writer after studying the costs of the designed solution.

The problem has similarities with a multitude of problems exten-
sively studied by researchers over the years. Specifically, it boils down
to the Pickup and Delivery Problem with Time Windows (PDPTW)
(Sol and Savelsbergh, 1995), in particular to the FTL variant of the
PDPTW.
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A recent study on FTL-PDPTW can be found in Soares et al. (2019).
The authors propose a meta-heuristic to tackle the problem with syn-
chronization constraints. The approach is validated in a case study on
the biomass logistics industry. In a related study, Xue et al. (2021) de-
velop a column generation heuristic algorithm to solve large problem
instances for FTL routing problem with multiple shifts. The described
approach outperforms the previous attempts in terms of computational
time and solution quality. Due to the lengthy planning horizons con-
sidered, driving regulation constraints become crucial in achieving re-
alistic solutions. Goel (2009, 2010, 2018) study the driving regulations
and modeling approaches in the vehicle routing context. Goel and Vi-
dal (2013) describe a heuristic algorithm designed to solve the vehicle
scheduling problem and analyze different driving regulations around
the world. In a related study, Goel and Irnich (2016) propose an ex-
act approach to tackle the problem to optimality. In addition, consid-
ering the assumption that the trucks do not have pre-defined start and
end depots leads us to a particular case of the well-known Open Ve-
hicle Routing Problem (OVRP) (Repoussis et al., 2007), where vehi-
cles do not have to return to a depot. A recent study on OVRP can
be found in Lahyani et al. (2019). The authors propose a hybrid adap-
tive large neighborhood search approach to solve large-scale problems
for OVRP and manage to find new best-known solutions for specific in-
stances. Furthermore, various routing problems with practical side con-
straints, such as FTL property and driving regulations, have been stud-
ied by scientists in the last decades. The interested reader is referred
to Annouch et al. (2016); Braekers et al. (2016); Vidal et al. (2013) for
recent surveys on different types of routing problems.

The orienteering problem Archetti et al. (2009) is another related
well-known problem. In this context, each resource (i.e., truck) aims
at finding a minimum cost (or the most profitable) path, starting at a
pickup location and ending at a delivery location. Expensive shipments,
in terms of FCT cost, would then be serviced by SM. In this sense, the aim
is to find the right trade-off between FCT and SM costs. Note that both
the vehicle routing problem and the orienteering problem are similar
types of problems. The distinction is that the orienteering problem max-
imized profits, rather than minimizes costs. The orienteering problem
also does not force that every location is visited. Orienteering problems
can thus be seen as a routing problem with profits (Van Steenwegen and
Gunawan, 2019).

The contributions of the paper at hand are as follows:

1. We analyse the needed decision support for FTL transportation and
the related tendering process.

2. We model the described problem as a Pickup and Delivery Problem
and propose a tailored adaptive large neighborhood search (ALNS)
to solve the underlying routing problem.

3. Numerical results show that the mix of SM and FCT may lead to
cheaper FTL solutions compared to traditional pure SM strategy, hav-
ing the transformed VRP Gehring & Homberger instances as bench-
marks.

4. We also present a practical case application to the tender support
for FTL business based on a real-life setting originating from DB
Schenker. DB Schenker is a freight forwarder that supports indus-
try and trade in the global exchange of goods by land transport,
worldwide air and ocean freight, contract logistics and supply chain
management.

This paper is organized as follows. The tender decision process is
briefly sketched in Section 2. In Section 3 we formally define the con-
sidered mathematical problem, we present the related literature, and
discuss the transformation of the business scenario into the formal prob-
lem. In Section 4 we present a single-solution meta-heuristic tailored
to solve the problem at hand. Finally, we discuss the experiments on
transformed literature instances and real-world data sets involving two
customers and the obtained solutions in Section 5.
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2. Tender decision process

For tender preparation, freight forwarders generally are given a
historical data-set of shipments, which is assumed to be representa-
tive. Shipment data includes origin, destination locations, along with
timing/lead-time and other requirements, if applicable.

For operations planning, it is of great importance when the shipment
information becomes available. In real-life, the shipments are generally
not known well in advance (e.g., one month in advance), and if so, the
information often changes.

Once the shipment data is fixed and known, the dispatchers inves-
tigate the available options: possibly multiple SM offers, and, if avail-
able, FCT. If no FCT fleet is available, the dispatchers generally choose
the cheapest SM offer. However, if the FCT option exists, the dispatch-
ers would choose it only if the total cost, including the incurred empty
travel, would not exceed the cheapest offer from SM (considering actual
locations of the FCT vehicles).

The dispatching approach described above may have economic
drawbacks, thus leading to high operating costs. In particular, the dis-
patchers might choose an insignificantly cheaper SM offer compared to
FCT. However, at the end of the e.g, month, the already available FCT
vehicles may incur additional costs if they were underutilized due to
such sub-optimal decisions by dispatchers. Hence, from an operational
perspective, a dynamic decision support tool is needed to assure eco-
nomic viability, however, this is not the scope of this paper.

As aforementioned, SM is dynamic and to reduce the risk, freight
forwarders consider certain safety buffer in the assumed SM rates for the
tender offers. For this purpose, predictive analytic methods are generally
used. For the scope of this paper, we assume the SM rates to include the
safety buffer given by the business experts.

3. Problem description and mathematical model

We consider a set R of transportation requests between a finite
set of locations L. Each request r € R has an origin r° € L, a destina-
tion r¥ € L, as well as a time window r¢, at the origin and a set of time
windows r¢ at the destination. A time window is defined by two abso-
lute points in time. Every request must be picked up at its origin within
its origin time window, transported directly to its destination and be
delivered within one of its destination time windows. The travel-time
and travel-distance between two locations #,¢’ are given by 7, , and
dygr.

Each transportation request r can be outsourced at a cost of s,. The
remaining requests must be served by a set of vehicles at a cost of x per
unit of driven distance.

The task at hand is to find a cost-optimal assignment of all requests
to the options of outsourcing it or serving it by a vehicle. Note that the
set of vehicles is determined as part of the task.

Serving the non-outsourced requests by vehicles is subject to the fol-
lowing constraints:

e Each vehicle can serve at most one request at any given point in
time.

¢ Each vehicle starts at the origin of its first request, ends at the des-
tination of its last request, and has to drive a distance of at least
ut

¢ Each (un-)loading operation requires a time of . The complete (un-
)loading operation has to be executed within one of the respective
time windows. Hence, if a vehicle arrives outside the time windows,
it has to wait for the next one.

1 Note that this induces a minimum cost of ux per vehicle. Thus, an explicit

fixed cost per vehicle is not considered.
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Table 1
Parameters and variables in the model.
Variable Meaning
x, vehicle is traveling along arc a (=1) or not (=0)
Vooom distance from origin to m when a vehicle travels along n — m
L=, state of the driver at node » (arrival time, nonstop driving time)
Parameter Meaning
d, distance of arc a
K cost of driving per unit distance
u minimum driving distance of a vehicle
M sufficiently large constant
s, cost of out-sourcing request r to the spot-market

e Each vehicle has to fulfill the following driving time regulations: A
shift-break is a break of duration of at least 7, and a Sunday-break
is a break of duration of at least 7, > time. After a duration of z,
cumulative driving without shift-breaks, a shift-break is required.
(Un-)Loading does not count as break time, whereas waiting time
does. Every Sunday, a Sunday-break is required.

A mathematical model combining classical arc-based vehicle rout-
ing, the minimum driving distance constraint from (Kara, 2011, Sec-
tion III), and the labeling technique from Goel and Gruhn (2006) for the
driving time regulations is constructed in three phases: First, we define
a graph as basis for an arc-based vehicle routing model. Then, a model
respecting everything except for the timing constraints is built. Finally,
the timing constraints (time windows, simplified driving regulation) are
added.

Variables are denoted by bold lower-case letters. Instance indepen-
dent parameters are denoted by greek letters. We write B := {0, 1}
and N :={0,1,2,...}. By M we denote a sufficiently large constant. An
overview of the variables and parameters can be found in Table 1.

Let G := (N, A) denote the directed graph constructed as follows:
The set N of nodes consists of

N :={(.n:reRu{(r.r) s re Ryu{nyny}

all origin- and destination locations together with two artificial nodes
and n,, denoting the start and end of all tours. We write N, := N\
{ng, ny, }. For a request r we define r* as the start of the time window r{,
and r¢ as its end. The set A of arcs represents the vehicles realizing the
non-outsourced request, traveling empty between locations or waiting

at a location. It consists of the arcs serving requests r € R, the tour start,
the tour end, and waiting/empty travel:

A={0r) = ()
U{ny— (r°,r) : r € R}
r € R}

r € R}

U@, r — Ny °
d .
v {(rl,rl) = (r5,ry) 1 ry £y € R 1Y + o+ +30 <715 }

For an arc a = n — m we define target(a) := m and source(a) := n as the
target and source of a. We extend the distances d, , and travel times 7, ;
between locations to d, and ¢, on arcs a € A by

0 source(a) = ny, 0 source(a) = ny,
d, :=30 target(a) = n,, and ¢, :=40 target(a) = ny,,
dey a=(.r)= (k1) tp a=(,r)— (k1)

Let x, € B denote whether a vehicle is traveling along arc a € A
(x, = 1) or not (x, = 0). Note that for an arc a = (°,r) — (+%, r) this de-
notes whether the request r is served by vehicles (x, = 1) or out-sourced
(x, = 0). As introduced in (Kara, 2011, Section III) we define y,,_,,, € N
as the total distance from the origin n, to node m € N traveled by a ve-
hicle when it goes along n — m € A. We focus purely on the routing and
the minimum distance per vehicle constraint:
minZ Kd,x, + Z 85,(1 = X0y ) (la)

acA rerR
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st Y X =Xpopgin VrER (1b)
a€A

target(a)=(r°,r)
Y X =Xgop.gip VrER (1c)

a€A
source(a):(rd )

Z Vo= Z d,x, + Z Ya Vn € Ny (1d)
a€A a€A a€A
source(a)=n source(a)=n target(a)=n
Yny—(ro.n=0 VreR (le)
Yo<Mx, VaeA (1f)
Vo> HX, Va € A : target(a) = n, (1g)
x, €EBy,eR" VaeA (1h)

Description: The model minimizes the sum (1a) of the driving cost of
non-outsourced requests and the outsourcing cost. If a request r is real-
ized by own vehicles, there needs to be a vehicle entering the node (1, r),
see (1b), and a vehicle leaving the node (+%,r), see (1c). Driven dis-
tances y are initially set by (1e) at the artificial origin node, updated via
(1d), and restricted to used arcs by (1f). As shown in Kara (2011), fur-
ther subtour-elimination constraints are not required. (1g) ensures the
minimum travel distance for each route.

Finally, we consider the simplified driving time regulations. Inspired
by Goel and Gruhn (2006), we define for all nodes n € Ny a label:

[ = L) _ arrival time
"~ \l,»/ ~ \nonstop driving time

to represent the state of the driver at the node. The vehicle can start the
service at node n € Ny at time /, ; and can depart from » at time /,, | + o.
It may drive 7, — [, , before the next break.

As shown in (Goel and Gruhn, 2006, Section V), it is possible to pre-
compute the set £,,(I,) of potential labels for a vehicle that is supposed
to travel from node n € Ny with label I, to a node m € Ny. This takes

o the simplified driving regulation,

o the time window(s) of the requests r € R at origin and destination,
and

e the Sunday-break 7z,

into account. Let /" := (r*,0)T denote the label of a vehicle when the
request r is the first request within the tour.

The extended model taking time windows and driving time regula-
tion into account is then

min(la)
s.t.(1b), (1), (1d), (le), (1f), (1g), (1h)

Xpogom = 1=l =" VreR (2a)
Xpom=1=1,€L,(1,) VnomeA:nmeNg (2b)

4. Solution approach

The algorithm presented in this section is a single-solution meta-
heuristic based on Large Neighborhood Search (LNS). The general idea
originates in Shaw (1998), and has been gaining significant popularity
in the recent past. In particular, it has proven to be highly effective in
tackling vehicle routing problems and provides a good trade-off between
solution quality and computational time. Note that in the literature the
term shipment is used instead of request.

The main workflow of the algorithm is as follows: given an initial
solution, iteratively modify it until a stopping criterion is reached. Two
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basic operators in the LNS framework are removal and insertion proce-
dures. In the current context, i.e., the pickup and delivery problem, the
removal method un-plans a percentage & of already planned requests
(pickup and delivery vertices associated with a request) from the solu-
tion, and the insertion method would re-plan these requests, by using,
e.g., an insertion heuristic. Note that for large instances, removing, e.g.,
20 % of the requests might still lead to a large optimization sub-problem,
hence we limit it by an absolute upper bound y on the number of re-
quests to remove. At every iteration, the modified solution is compared
to the best solution found, and promoted to the new best solution if
proved to be better. It is worth noting that a solution might contain un-
planned requests, which are assumed to be serviced by SM, and thus
incur additional costs. The original framework is extended to consider
an adaptive mechanism (Pisinger and Ropke, 2007), i.e., Adaptive LNS
(ALNS), where user-defined removal and insertion methods are selected
based on their performance during the search.

The high-level pseudo-code of ALNS is presented in Algorithm 1.

Algorithm 1 ALNS

s « generateInitialSolution()

Sbest < S
while !stoppingCriterion do

r* « chooseRemovalOperator ()
"*
s’ « partiallyDestroySolution(r*, s)
« repairSolution(i*, )
) then

« chooseInsertionOperator ()

sﬂeW
if accept (s

§ < S

new

new

if Spew < Spey then
Sbest < Snew

updateOperatorProbabilities()
return sy,

The interested reader is referred to Ghilas et al. (2016);
Grimault et al. (2017); Pisinger and Ropke (2007); Ropke and
Pisinger (2006) for more details about applying ALNS to a broad range
of VRPs.

The starting solution s is constructed using a greedy algorithm. Its
basic idea is to insert an unplanned request in the feasible position which
increases the objective function value the least. Note that the initial so-
lution out-sources all requests, nothing is planned on vehicles. A request
is given to a vehicle only if the insertion cost is smaller than the corre-
sponding out-sourcing cost. While the stopping criterion is not reached,
e.g., the maximum number of iterations m, the algorithm randomly se-
lects one removal and one insertion operator, and applies them to the
current solution s, thus generating a new solution s,,. The method
accept verifies whether the newly-built solution is accepted. Simu-
lated annealing acceptance criteria are used in the current implementa-
tion, similarly to Pisinger and Ropke (2007); Ropke and Pisinger (2006),
so that worse solutions may also get accepted. If the newly-built solu-
tion is accepted, the current solution s is overwritten. Finally, the best
solution found is returned.

Note that the probability of an operator being chosen is dynamically
updated every nth iteration. The better the performance of the oper-
ator, the higher its chance of being chosen. Eventually, the algorithm
will converge to using only good-performing operators, see Pisinger and
Ropke (2007); Ropke and Pisinger (2006).

It is important to note that the number of vehicles is unlimited, how-
ever at the end of each ALNS iteration, certain number of requests may
remain unplanned. This is mainly due to the fact that out-sourcing may
be cheaper if a significant empty travel would be induced by servicing a
specific request using a vehicle, or if simply the SM rate is cheaper than
the FCT rate.

EURO Journal on Decision Processes 10 (2022) 100022
4.1. Removal operators

Several removal operators are used in the current implementation,
as described below. Note the that acronyms are taken from the literature
and use the term shipment instead of request.

RRR: Random Route Removal randomly selects a route and removes
it from the solution. All routes have the same probability of being
selected;

TRR: Time-based Route Removal is similar to RRR, however, the
probability of a route being chosen depends on the total travel
time of the corresponding route in the current solution. In other
words, longer total travel time leads to a higher probability of
being selected;

SRR: Stop-based Route Removal is similar to TRR, however, smaller
number of requests planned within a route leads to a higher prob-
ability of being selected. The intuition behind this is that the
fewer requests are planned in a route, the easier it is to re-plan
them into other routes, thus avoiding this route in the solution.

RSR: Random Shipment Removal randomly selects a set of requests
to be removed from the current solution. This operator helps in
terms of search diversification.

TSR: Time-based Shipment Removal is similar to RSR, however, the
probabilities of being selected depend on the incurred driving
times. In particular, the probability of selecting a request is higher
if, in a given solution, total driving time to its pickup location,
and from its delivery location, is longer.

SR: Shaw Removal removes a set of requests similar to each other
(Shaw, 1998). The similarity is defined by the distance between
pickup locations and delivery locations of each pair of requests.
In addition, the time windows of the requests are part of the simi-
larity function. Two variants of SR are used: (i) with distance and
time windows as similarity criteria, and (ii) only time windows
as similarity criterion.

4.2. Insertion operators

We provide more details about the insertion operators used as fol-
lows.

Classical greedy: identifies in each iteration the request (of the set
of unplanned requests and the set of (partial) routes) which incurs
the lowest insertion cost and inserts it in its best feasible position.
It repeats this operation until no unplanned request exists or no
insertion cost (i.e., FCT cost) is lower then the corresponding SM
cost.

Regret insertion: finds the request which incurs the maximum regret
if not inserted in its cheapest feasible position at every iteration.
Let ¢, represent the cost of inserting the requests in the route
with the cheapest feasible position within the FCT routes, ¢, —
in another route with the second cheapest position, c¢; — third,
etc. Then, the regret function can be defined as ¢, — ¢;, known
as 2-regret. For more details on regret insertion, please refer to
Potvin and Rousseau (1993). In order to take into account more
information when deciding which request to insert next, the re-
gret function is generalized, known as k-regret, considering mul-
tiple routes. For example, it is possible to look at the three cheap-
est insertion positions. i.e., fozz(ci — ¢;), where k = 3 is the num-
ber of look-ahead insertion positions to take into account (ie.,
3-regret). Note that several regret operators (with different & val-
ues) can be used within the ALNS.

The general framework of an insertion operator is shown in
Algorithm 2: Given a set .S, of unplanned requests and a set P of par-
tial routes, iteratively find the cost of inserting a request into a route
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Algorithm 2 Insertion procedure

Require: S, = unplanned Requests, P = partial Routes, s, (out-sourcing
costs)
Sout < @
while S;, # ¢ do
forre S, pe Pdo

¢,p < computeCostOfInsertingRequestInRoute(r, p)

(r*, p*) « requestToInsertNext (c)
if ¢,» » <5, then
insertRequestInRoute (r*, p*)
else
Prew < 9
insertRequestInRoute (r*, pp..)
if allRoutesAreWellUtilized(P) and cost(p,,) < s, then
P < PU {pyew}
else
Sout < Sout Y {r}
Sin < Sin \r*

n
return S,

that incurs the most beneficial change of the given cost function. If the
insertion cost is cheaper than the corresponding out-sourcing cost, the
insertion is performed.

Otherwise, a new trip is created only if no feasible insertion is found
in the existing vehicle trips, and the corresponding out-sourcing cost is
higher or equal than using a new vehicle trip. In addition, a new trip is
created only if all vehicles used are utilized w.r.t. distance traveled at
least y per planning horizon.

Otherwise, the request is placed into the out-sourcing bank S, i.e.,
the set of the requests which are out-sourced.

The algorithm is assumed to start with one vehicle available. As soon
as the vehicles used are well-utilized as aforementioned, the algorithm
makes an additional vehicle available.

We compute an insertion cost matrix c,, for each unplanned request
and each existing route. The method requestToInsertNext re-
turns the request with the least incurred insertion cost, along with the
route and the corresponding position within the route. Here, either clas-
sical greedy or a k-regret insertion is used. The selected request is then
evaluated, i.e., if the incurred insertion cost is cheaper compared to out-
sourcing, it is inserted in the chosen route (in its cheapest position). The
request is then removed from S;,. Note that in the event that no feasi-
ble insertion is found, the request r with the least cost per distance unit
is selected (ie., 5,/d; ). Finally, the insertion procedure returns the
out-sourcing bank S,.

4.3. Constraints

The feasibility of (intermediate) solutions is enforced at any time
during the run of the algorithm. To recap, the following constraints need
to be satisfied during cost matrix computation: (i) every request is out-
sourced or must be served by a vehicle, (ii) time window(s) at origin and
destination of the requests must be respected, and (iii) breaks between
working shifts as well as (iv) Sunday-breaks must be taken into account.
Constraints (ii), (iii), and (iv) are enforced only if the requests are served
by a vehicle. As aforementioned, out-sourced requests are assumed to
satisfy all the considered constraints.

Constraints (i) and (ii) are straightforward to implement. Many re-
searchers have investigated ways to consider these constraints in an effi-
cient manner, i.e., by using auxiliary data structures, e.g., Campbell and
Savelsbergh (2004); Savelsbergh (1990). However, when combined with
constraints (iii) and (iv), it is not trivial to efficiently implement them
within ALNS.
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Table 2

Business-specific parameters.
Parameter ~ Description Value  Unit
7, duration of cumulative driving without shift-breaks 450 min
time minimum duration of a break 990 min
7, minimum duration of a Sunday-break 1,320 min
c duration of an (un-)loading operation 120 min
v average speed of vehicles 70 km/h

Table 3

Technical parameters.
Parameter Description Value
m maximum number of ALNS iterations 25,000
v maximum absolute number of requests to remove 100
I3 maximum relative number of requests to remove 35%
n every n iterations update operators weights 200

5. Computational experiments

First, we describe the assumptions made during the transformation
of Gehring & Homberger VRP instances, along with their corresponding
results. The second part presents a case study at DB Schenker and de-
scribes the instance characteristics of the input data sets and costs. In
both sections, the costs for out-sourcing no request and out-sourcing all
requests are computed for comparison. Finally, the solutions that assign
all requests to outsourcing it or serving it by a vehicle are discussed.

The ALNS is implemented in C+ +11 and all experiments are run
on an Intel Core i7-8750H machine @2.2GHz, with 16 GB DDR4-RAM
@2.4GHz.

Algorithm parameters The algorithm contains various parameters that
need to be set. Some of them are business-related, others are heuristics
technical in nature. The business-related parameters, along with corre-
sponding explanation and values, are shown in Table 2.

After performing extensive computational experiments, we found
that the best performance can be achieved by applying the removal op-
erators RRR, SRR, SR, TSR, and RSR and the insertion operators greedy,
4-regret, 5-regret, and 6-regret, as well as the technical parameter set-
tings of Table 3.

Furthermore, we apply simulated annealing (SA) acceptance crite-
ria in our ALNS framework, as inspired by Ropke and Pisinger (2006).
We considered a similar parameter setup as in Ghilas et al. (2016), as
it proved to be beneficial for solution quality: In particular, generating
a new best solution is rewarded with 33, generating an improved cur-
rent solution, but not better the best-known solution is rewarded with
9, and finally, generating a solution, not better than the current one,
but accepted by the SA mechanism is rewarded with 13. In such setup
diversification is rewarded.

Note that this presented parameter setup is used throughout this sec-
tion.

5.1. Transformed Gehring & Homberger instances

In this section, we present the computational results obtained by
solving the transformed well-known Gehring & Homberger VRP in-
stances (Gehring and Homberger, 1999). To convert the literature in-
stances, we made the following assumptions:

e Node 0 is ignored, as it corresponds to the depot;

e Demand, capacity and service time data is ignored;

e For an instance with N nodes, node n and N/2 + n correspond to
pickup and delivery nodes of a request;

e To assure that the planning horizon consists of multiple days, we
multiplied the Euclidean distances and pickup start time windows
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Table 4

Assumptions on spot-market rates.
distance & & < 150 km 150 km < 6 <350 km 350 km < 6
cost in EUR/km 1.75 1.40 1.15

by a factor f = 6. The resulting distances are then rounded to the

closest integer;

For simplicity, all locations (i.e., pickup and delivery locations) are

assumed to be open between 06:00 and 18:00;

e The transformed pickup time is used to determine the ready day
within the planning horizon. Then, the corresponding time window
from 06:00 to 18:00 of that day is used as pickup time window. Both
time windows of the delivery location are computed given the pickup
time window;

e SM rates per km are assumed as shown in Table 4;

o FCT rate is assumed 1.06 EUR/km;

e u is computed for each instance separately: 250 km per day with
pickups in the planning horizon.

Table 5 presents the results obtained after solving the transformed
Gehring & Homberger instances. In particular, the numbers show the
averages over all corresponding instances for each instance class (e.g.,
C100). Three scenarios are computed: all requests served by an own
fleet, all requests out-sourced, and a mix between those as mentioned
above.

Not surprisingly, the results indicate that considering the mix of FCT
and SM leads to best results w.r.t. operating costs. In particular, on av-
erage 0.5 % savings can be achieved for the clustered (C) instances by
serving approx. 5 % of the requests using own vehicles compared to out-
sourcing everything. On the other hand, an average of 0.2 % cost savings
can be achieved in the mixed scenario for random (R) and randomly-
clustered (RC) instances by serving approx. 2 % of the requests using
own vehicles.

For the C instances, more savings can be achieved compared to R
and RC instances. The main reason is that requests that are compatible
from a temporal point of view are more compatible from a geographical
point of view. In other words, the chances that a pickup location of a
request is close to a delivery location of another request are higher in C
instances. Hence less empty driving can be achieved.

Note that serving all requests by own vehicles is the most costly out
of all scenarios considered. A minimum-driving-distance constraint is
enforced, and the requests are not perfectly compatible in terms of tim-
ing and spatial aspects.

5.2. DB Schenker case study

DB Schenker is one of the key players in the global logistics
sector. Founded in 1872 by Gottfried Schenker in Vienna, Austria,
Schenker & Co. began its business by consolidating rail consignments
from Paris, France, to Vienna, Austria. DB Schenker is a freight for-
warder that supports industry and trade in the global exchange of goods
by land transport, worldwide air and ocean freight, contract logistics,
and supply chain management. With more than 76,000 employees work-
ing in approx. 2,000 locations around the world, DB Schenker is a leader
in its industry.

DB Schenker’s land transport in Europe covers 36 countries and of-
fers a variety of products and services. One of them is direct product for
large loads, e.g., FTLs that are transported directly from consignor to
consignee.

Large shippers frequently conduct tenders that require logistics
providers to tailor dedicated full-load solutions. DB Schenker partici-
pates in such tenders via sales department representatives, who need to
prepare the business offers. To come up with competitive solutions, dif-
ferent scenarios need to be analyzed, such as: operating a fleet of FCT,
using SM capacity, as well as a mix of both options mentioned above.
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The approach presented in this paper aims at helping sales depart-
ments get more insights about various scenarios, given e.g., histori-
cal/forecasted FTL transportation demands. As a result, sales teams can
become more competitive during tenders.

Two of DB Schenker’s customers conducted a tender, and the sales
department was given the following problem (per customer):

A set of plants is operating on a weekly schedule with working hours
per day. For an entire month, all full-load shipments that have to be
transported between the plants are given. Every shipment has a pickup
date and must be transported directly (no consolidation, no pickup on
a later date, etc.) to its destination.

For small instances, an offer can be created by assuming that every-
thing is given to the spot market or that the volume can be included
in DB Schenker’s internal transportation network. However, for large
instances as given by the two customers (with up to 12,427 full-load
shipments per month), none of the approaches has enough capacity,
and none of them would enable the sales department to present a com-
petitive offer. An option with enough capacity that can be operated at a
competitive cost is the combination of its own dedicated fleet of trucks
and outsourcing to the spot market.

To determine the size of such a fleet and the cost of operating it,
the above model can be applied: The full-load shipments correspond to
requests R that have to be transported between the locations L given
by the plants. The origin time window r{, of a request r is given by the
operating hours of the pickup plant. The destination time windows rf
is given by the operating hours of the destination plant. Note that up to
two such time windows are required, as a truck can arrive late and wait
for the next day. The two options of using the spot market and operating
an own fleet correspond to outsourcing requests and serving them by a
set of vehicles, respectively.

As the result should be a business offer within the tender process,
no party requires a detailed schedule for the trucks of the own fleet. A
simplified driving regulations model based on shifts and including the
Sunday-driving ban is sufficient.

5.2.1. Data description

In this section, we describe the request- and cost-related data we
used in the analysis.

Request data Two data sets obtained from DB Schenker customers are
used. We consider two instances for Customer 1 and three instances for
Customer 2, each consisting of monthly request data, representing low-,
average- and high-demand months. In contrast to Customer 2, the de-
mand for Customer 1 is relatively stable over time. Hence the difference
between high- and low-volume months is rather insignificant. Table 6
provides the total number of requests, along with the corresponding
sum of the direct origin-destination distances over all requests for all
instances. Fig. 1 visualizes the number of in- and out-going requests per
location. Note that most locations have a significant imbalance between
in- and out-going requests. Additionally, the maps in Figs. 2 and 3 visu-
alize the number of requests as well as the in- and out-degree.

Fig. 3 indicates that for Customer 1, quite some locations are imbal-
anced, i.e., has either (almost) only incoming, or (almost) only outgoing
requests. In contrast, the demand from Customer 2 looks more balanced,
except for the western location.

Distances between physical locations were computed using the Open
Source Routing Machine (Luxen and Vetter, 2011).

Overall, it can be observed that the problem instances are large, with
up to 12,427 requests.

As aligned with the FTL operations team, the minimum amount to
travel by an own vehicle was set to y = 8,000 km and x = 5,000 km, for
Customer 1 and 2, respectively.

Note that the ultimate goal is to generate insights regarding the FCT
fleet size for each customer, as operational plans are out of scope in
this paper. Hence, solving multiple scenarios depending on different
monthly volumes helps the sales department develop cost-efficient and
reliable business offers.
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Costs (average: grouped by class and number of nodes) for the mixed scenarios. Distances are given in 1,000 km. Minimum distance u per own vehicle
is enforced in all scenarios (i.e., assumed fixed cost ux). %req. denotes the percentage of requests. Costs are given in 1,000 EUR. The highlighted

cost is better.

out-sourcing

out-sourcing

mixed scenario

Class nothing everything own vehicles out-sourced z
& % km km
Nodes km cost km cost req. loaded empty cost km cost cost
C 100 58.0 64.5 45.0 54.6 2.2 1.14 0.04 1.3 44.0 53.2 54.5
C 200 145.0 154.5 115.0 136.4 5.2 6.00 0.18 6.5 109.0 129.0 135.6
C 300 324.0 343.3 267.0 310.1 5.2 17.29 0.41 18.8 250.0 290.0 308.8
C 400 527.0 558.3 449.0 518.6 5.6 29.70 0.74 32.3 419.0 484.2 516.5
C 500 869.0 921.2 764.0 881.0 7.2 67.31 1.15 72.6 697.0 803.4 876.0
R 100 58.0 63.3 44.0 53.0 2.0 0.90 0.02 1.0 43.0 51.9 52.9
R 200 154.0 163.6 120.0 142.2 2.0 2.35 0.08 2.6 118.0 139.4 141.9
R 300 342.0 362.7 272.0 3149 1.7 6.06 0.11 6.5 266.0 308.0 314.5
R 400 607.0 643.0 497.0 573.8 2.3 15.26 0.32 16.5 482.0 556.2 572.7
R 500 960.0 1017.9 791.0 910.9 3.2 34.09 0.49 36.7 757.0 871.7 908.4
RC 100 59.0 63.1 44.0 53.4 2.1 1.20 0.03 1.3 43.0 52.0 53.3
RC 200 155.0 164.5 126.0 147.7 2.4 3.55 0.08 3.8 122.0 143.5 147.4
RC 300 338.0 357.8 262.0 305.2 2.0 6.35 0.19 6.9 256.0 297.8 304.7
RC 400 622.0 659.2 500.0 577.8 2.5 17.82 0.43 19.3 482.0 557.3 576.6
RC 500 980.0 1039.2 806.0 929.5 2.8 30.08 0.69 32.6 776.0 894.8 927.5
Table 6
Instances
High Volume Month Average Volume Month Low Volume Month
Customer #requests kilometer #requests kilometer #requests kilometer
1 12,427 10,215,308 — — 11,432 9,197,733
2 2,316 1,094,550 2,257 1,145,214 1,162 678,370
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Fig. 2. Number of Requests per Location for Customer 1 (left) and 2 (right).
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Cost data DB Schenker’s FTL operations team provided us with SM
rates to be used for outsourced requests corresponding to the given
datasets. Since it was impossible to obtain all rates (for all points in
time and all origin-destination pairs), we had to make assumptions re-
garding missing rates. In close collaboration with our business partners,
we managed to develop realistic assumptions for static SM rates per
kilometer.

In particular, we distinguish three different specific rate levels, de-
pending on the distance between origin and destination, as shown in
Table 4. Regarding the cost per driven kilometer of the FCT vehicles,
our business partners provided a cost benchmark of 1.06 EUR/km (both
empty or loaded). Fig. 4 displays the relation between specific rates in
EUR/km and the distance from the origin to the destination. In partic-
ular, SM: default rates indicate the distance-specific approximation de-
scribed above, whereas SM: rate indicates the real rates for out-sourcing
to the SM obtained from the operations team.

For Customer 1, approximately 35 % of the SM rates could not be
obtained by the operations team and were, thus, approximated using
the approach described above. In contrast to that, all SM rates could be
retrieved for Customer 2. No clear trend can be observed in Fig. 4. This
is mainly because specific rate levels differ strongly between trade lanes,
and that they are not symmetric per trade lane: a transport from East-
ern Europe to Western Europe, with a distance of, e.g., 750 km would
cost less than the corresponding trip in the opposite direction. Also, rate
levels are dynamic in time. Certain months of the year experience high
demand for transportation services, hence the costs get higher. Simi-
larly, for low-volume months the transportation costs are expected to
be cheaper.

The enforced minimum total distance u per vehicle, along with an
appropriate cost k per unit of driven distance, reflects the fixed cost of
using a vehicle, i.e., labor, truck leasing, etc. In other words, we assume

that if a vehicle is used, it would cost at least u«. In addition, the vehicles
are assumed to be deployed only for the customer which e.g., organizes
the tender (set R).

In order to assure that the final business offer is economically vi-
able, considering spot market volatility, s, (for r € R) contains a certain
amount of buffer, as discussed with the operations team.

Note that these costs reflect the market at the time of writing this
article, and an additional uncertainty buffer.

5.2.2. Out-sourcing everything vs. nothing

Here, we present the computational results of enforcing all requests
to be outsourced and all requests to be served by vehicles. Computing
the cost of outsourcing is easy. We have to sum up all outsourcing costs
of all requests. For computing the cost of serving all requests by own
vehicles, we consider the cost of unplanned requests within the ALNS as
a huge number.

Tables 7 and 8 indicate the results considering complete sets of re-
quests for each customer and month. In particular, Table 7 shows the
number of vehicles needed to perform the service. Additional columns
present the empty travel distance between loads relative to the loaded
travel distance, i.e., between the previous delivery and the next pickup,
KPIs related to the distance traveled per vehicle, and, finally, the com-
putational time needed.

It can easily be seen that significant additional empty travel would
be required in a scenario where nothing is outsourced. One of the main
reasons for this is, of course, the imbalanced demand structure that was
displayed in Fig. 3. In particular, several locations in both data sets serve
either as origins (sources) or destinations (sinks). This naturally leads to
empty runs, e.g., when a vehicle delivers at a pure sink location and then
is forced to travel empty to its following source location.
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Table 7
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Computational results for a solution out-sourcing nothing. Distances per vehicle are given in 1,000 km. The additional empty distances are given

relatively to the loaded distances in Table 6.

Cus- Additional Dist. p. Vehicle CPU
tomer Month #requests #vehicles Empty Dist. Max Avg Min [sec]
1 High 12,427 1,172 +31.3 % 18.8 11.7 8.0 4,386
1 Low 11,432 1,095 +35.1 % 18.8 11.9 8.0 3,917
2 High 2,316 153 +35.6 % 13.2 9.7 5.4 525

2 Avg 2,257 153 +41.1 % 13.8 10.6 5.4 727
2 Low 1,162 95 +33.8% 12.5 9.6 5.4 345

Table 8

Costs for solutions out-sourcing everything and out-sourcing nothing.
highlighted cost is better. #req. denotes the number of requests.

Distances are given in 1,000 km. Costs are given in 1 million EUR. The

out-sourcing everything nothing
requests grouped per orig.-dest. dist. &

Customer 6<150 150<6<350 350<6

Month #req. Tkm #req. Tkm #req. Tkm cost km cost
1 High 458 46.9 2,651 726.3 9,318 9,442.1 12.43 13,417 14.22
1 Low 435 44.3 2,650 747.4 8,347 8,406.0 11.40 12,431 13.18
2 High 1,099 52.7 16 4.9 1,201 1,036.9 1.50 1,485 1.57
2 Avg 958 45.9 24 7.4 1,275 1,091.9 1.50 1,616 1.71
2 Low 439 21.0 17 5.3 706 652.1 0.85 908 0.96

Table 9

Costs for the mixed scenarios. Distances are given in 1,000 km. %req. denotes the percentage of requests. #veh. denotes the number of vehicles.

Costs are given in 1 million EUR. The highlighted cost is better.

out-sourcing out-sourcing

mixed scenario

nothing everything own vehicles out-sourced z
% km km #
Customer & Month km cost km cost req. loaded empty veh. cost km cost cost
1 High 13,417 14.22 10,215 12.43 6.9 294.4 39.3 36 0.35 9,921 11.83 12.18
1 Low 12,431 13.18 9,198 11.40 6.2 264.8 24.2 31 0.31 8,933 10.87 11.18
2 High 1,485 1.57 1,095 1.50 41.1 56.2 35.7 14 0.10 1,038 1.26 1.36
2 Avg 1,616 1.71 1,145 1.50 35.4 50.2 26.0 11 0.08 1,095 1.30 1.38
2 Low 908 0.96 678 0.85 34.5 26.3 15.0 7 0.04 652 0.74 0.79

To assess the merits of a scenario without outsourcing, we compare
its overall cost to that of a scenario where everything is outsourced, as
summarized in Table 8. In all five instances, outsourcing nothing is less
competitive than outsourcing everything, with an overall cost disadvan-
tage of up to 16 %. Again, this result does not come as a real surprise
since an outsourcing approach is, at least in theory, fully flexible and of
unlimited capacity and, thus, more efficient in serving the rather imbal-
anced and erratic demand patterns inherent to our customer instances.

5.2.3. Cost-optimal mix

After computing the costs for outsourcing no request and outsourcing
all requests for comparison, we compute the cost-optimal assignment of
requests to outsourcing options or an own fleet of vehicles. We call a
scenario where both options are allowed a mixed scenario.

Table 9 indicates results for the most cost-efficient mixed scenarios
found and compares them to outsourcing nothing and outsourcing ev-
erything. In all five instances, the mixed scenario is more competitive
than any other two options, although the relative gain is more marked
for Customer 2 than Customer 1.

The demand structure of Customer 1 (as discussed in Section 5.2.1)
shows an extreme imbalance of in- and out-going requests for many lo-
cations. The geographic distribution of the locations induces many long-
distance connections, which lead to a high amount of empty travel. To
be financially beneficial, a spot-market rate has to be twice as high as
the rate for operating an own vehicle. This is rarely the case, as shown
before. As a result of this effect, we see that only a minimal amount (up

to 7 %) of the requests is served by own vehicles, whereas the vast ma-
jority is outsourced. For a high-volume month, the mixed scenario is 2 %
cheaper (12.18 million instead of 12.43 million EUR) than outsourcing
everything to the SM. In a low-volume month, savings are even less.
As certain spot market rates for Customer 2 are quite expensive,
compared to own vehicle rate x, 41 % of the requests are served
by own vehicles. The significant relative empty travel of the vehicles
would still outweigh the high spot market costs. Consequently, for a
high/average/low-volume month, the mixed scenario is 9 %/7 %/6 %
cheaper than out-sourcing everything to the spot-market, respectively.

6. Conclusions

In this paper, we have presented a meta-heuristic to effectively sup-
port business development units at DB Schenker in designing competi-
tive offers for complex full-load solutions. In particular, in order to cal-
culate the total number of vehicles needed, the distance traveled, and
the full-load requests that are served by an own fleet of vehicles instead
of out sourcing them to SM. We modeled the problem as a variant of the
PDPTW with driving regulations, and tackled it using a tailored ALNS.

We compared three scenarios, namely out-sourcing nothing, out-
sourcing everything to the spot-market, and a mix of both, and quanti-
fied the corresponding costs. For evaluation purposes, we used trans-
formed VRP instances widely used in the scientific literature (ie.,
Gehring & Homberger) and real-life instances from two potential cus-
tomers of DB Schenker, containing monthly demand data with up to
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12,427 requests. For these instances, out-sourcing nothing is outper-
formed by out-sourcing everything due to the underlying demand struc-
ture. However, a mixed setup may yield benefits of up to 9 % compared
to out-sourcing everything.

To actually realize the potential benefits presented in this paper, the
developed approach would need to be complemented by an operational
decision support system, which can help control towers continuously
plan, execute, and re-plan scenarios in case of demand fluctuations, driv-
ing time deviations or other unexpected events. The operational sys-
tem needs access to real-time traffic data and own vehicles should be
equipped with tracking devices that allow timely detection of potential
deviations or disruptions.

Also from an algorithmic point of view, our approach could be
extended in a number of ways. As aforementioned, when using the
presented algorithm as operational decision support, additional as-
pects/parameters need to be added to allow for considering dynamic
aspects of the problem as well as problem heterogeneity, e.g., different
cost assumptions per lane or geography when operating own vehicles.
We have also indicated above that we took a rather pragmatic approach
towards driving time constraints which currently doesn’t reflect the full
complexity of various national regulatory regimes.

In addition, when using the approach for tender calculations, de-
mand uncertainty should be incorporated into the optimization proce-
dure. This implies that routing solutions would need to be more conser-
vative, hence more costly to some extent. However, incorporating the
uncertainty explicitly into the model would increase the robustness of
the solutions, and thus lead to less probability of unexpected costs due
to demand fluctuations.
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