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ARTICLE INFO ABSTRACT

Keywords: The availability of various services for individual mobility is increasing, especially in urban areas. Dynamic
Ride-sharing ride-hailing services address these aspects and are gaining market share with providers such as MOIA, UberX
Dial-a-ride

Share, Sprinti or BerlKonig. To be able to offer competitive pricing for such a service and at the same time
provide a high service quality (e.g. fast response times), effective capacity management is needed. In order to
reach this goal, two challenges have to be met by the service provider. On the one hand, a proper demand
control has to be installed, which optimizes the responses to transportation requests from customers. On the
other hand, suitable fleet control needs to be set in place to optimize the route of the fleet so that the
demand can be met. Papers in the literature do solve both but typically focus on one of these two challenges.
As an example, value function approximation (VFA) can be used to learn a service offering decision while
anticipating future incoming requests. A typical example of a routing-focused method is the multiple scenario
approach (MSA) creating a routing which anticipates future requests using a sampling method. In this paper,
we combine VFA and MSA to address the two challenges in an effective way. The resulting method is called
anticipatory-routing-and-service-offering (ARS). We find that the combined method significantly outperforms
the individual components, improving not only the total reward but also the accepted requests. It is found
that this performance is particularly high with a heavy workload and thus resources are relatively scarce. We
analyse how and under which conditions the components together or individually are particularly important.

Dynamic vehicle routing
Value function approximation
Multiple scenario approach

1. Introduction under the term dynamic dial-a-ride. A subset of the services are often

referred to as ride-hailing services which focus more on substituting

Mobility in urban areas has undergone a paradigm shift in recent
decades, which can be attributed to the availability of digital mobil-
ity services, the increased demand for transportation and the broad
availability of mobile devices which enables accessibility for mobility
applications. Additionally an increase in the number of vehicles on
the roads leads to congestion and thus to reduced service quality due
to increased transport times. For the customer, on the other hand,
mobility is perceived less as a tour with a specific vehicle but more
as a transportation service between two locations independent of the
modes of transportation (Forbes, 2020). This requirement abstracts
the transport service and puts more focus on the overall quality of
the service, which may be expressed in terms of availability, price or
emissions, for example. To provide an according service for customers,
a service provider may offer flexible rides via mobile application using
a fleet of vehicles. To lower costs and increase efficiency, the rides
may be shared with other customers. Such services can be summarized
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a public transport service. The ARS method presented in this paper
aims to optimize a ride-hailing service as customer requests may be
rejected. When implementing a dial-a-ride service for applications such
as an medical or an elderly transportation service, a service has to be
guaranteed and as a result a rejection may not be an option. In this
case the medical transportation service would not be referred to as a
ride-hailing service.

In a ride-hailing service like the one we are considering, customers
can request transportation between two locations at their times of
choice. When the service provider receives such a spontaneous request,
two interrelated decisions have to be made. First, a decision has to
be made whether service is offered to the customer. Second, a route
for the fleet of vehicles has to be determined. In case of a positive
response to the customer request, the provider generates revenue and
needs to adapt the routing of the available fleet of vehicles such that all
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accepted requests can be serviced according to the service conditions. A
vehicle may transport several customers at the same time. The goal and
therefore the optimization task of the service provider is to maximize
the accumulated received revenue over the service time horizon.

The two decisions have a short-term and a long-term effect. The
acceptance of a request leads to an immediate reward, but also binds
capacity, which may prevent reward in the long-term. Thus, with each
decision, the service provider is confronted with a trade off between
reward in the short run versus flexibility, which might manifest in
reward in the long run. Efficiency and flexibility are influenced by both
service offering and routing as the service offering determines if the
capacity is used and the routing determines how the capacity is used.
The interdependencies of the two decisions amplifies the complexity of
the already challenging individual parts.

The majority of the literature focuses on one of the two components.
The goal of this paper is to develop a method that integrates both the
routing component as well as on the offering decision. To do so, the
concept of a multiple scenario approach (MSA) from Bent and Van Hen-
tenryck (2004) is combined with the concept of a value function
approximation (VFA) approach as described in Powell (2021). The MSA
approach focuses on the routing decision and offers service whenever
possible. It uses sampled artificial requests which are assumed to follow
the same distribution as future requests. A set of scenarios is created
which contains the actual request as well as artificial requests. For
this set, a routing solution is determined. The artificial requests are
removed afterwards. Using a consensus mechanism, the most similar
routing solution amongst the scenarios is selected for the current de-
cision. The sampling strategy ensures that the routing anticipates the
arrival of future requests and routes are set up accordingly. The VFA
approach focuses on the service offering decision and approximates the
expected future rewards for the two cases of offering service or not. For
approximation, the VFA simulates a large number of service intervals,
which may be hours, days or weeks and makes decisions based on the
current approximation and updates the approximated values after each
iteration. For the VFA in simulation and execution, a simple routing
strategy is applied.

In this paper, we present an approach that integrates the MSA and
VFA approaches. The VFA component replaces the consensus mech-
anism of the MSA component, enabling value-based scenario selec-
tion. We name the resulting algorithm anticipatory-routing-and-service-
offering (ARS). In an extensive computational study, we show the
superior performance of the ARS method compared to the individual
components and benchmark policies. We analyse when the service
offering and routing components are particularly important and how
the components influence one another. It can be observed that with
fewer incoming requests and therefore smaller degree of freedom for
rejection, the routing component gets more important. Accordingly
with more room for rejection the service offering component leads to
an advantage. To our best knowledge we are the first to present
an integrated approach with both a service offering and a routing
decision focus. While the method is designed for ride-hailing service
providers the general concept may be valuable for other on-demand
routing services as well.

Section 2 first provides a classification of literature. The underlying
problem definition and the model definition are formulated in Sec-
tion 3. The solution methods considered are discussed in Section 4.
Section 5 gives an overview of the instances used as well as the analysis
of results of the experiments. An outlook is given in Section 6.

2. Literature review

In the following, an overview of the literature is given. In Sec-
tion 2.1, we discuss ride-hailing, dial-a-ride and dynamic dial-a-ride
problems in general. In a second step, we discuss literature in terms
of their focus on action components, focusing on the routing decision
in Section 2.2 or the service offering decision in Section 2.3. A classi-
fication of literature in a tabular form with a distinction on decision
components is provided in Section 2.4.
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2.1. Dial-a-ride-problem

The ARS method presented in this paper solves a dial-a-ride prob-
lem. The method allows for rejections of customer requests, which
makes it especially suitable for use in ride-hailing services, which is
a subset of dynamic dial-a-ride services. For other dynamic dial-a-
ride services such as for example medical transport acceptance may
have to be guaranteed. However, due to the similarity of the methods
used in the literature, this chapter focuses mainly on dynamic dial-
a-ride problems in general. For a better overview of static dial-a-ride
problems, we refer to the literature review by Cordeau and Laporte
(2007).

Dial-a-ride problems are involved in a variety of use cases which
is reflected in the related literature. One of those use cases is health
care, which includes for example mobility services for low mobility
patients. Zhang et al. (2015) present an optimization of patient trans-
portation using real world data from Hong Kong Hospital Authority.
Due to the underlying ambulance routing application, the optimization
of a dial-a-ride problem includes working periods and disinfection
times.

Another common use case are shared mobility services. A fleet
of vehicles is offered as shared resource from which rides between
two locations at specific times can be requested. These rides may be
provided as a shared service transporting more than one customer
at a time. Markovi¢ et al. (2015) propose a method optimizing a
dynamic dial-a-ride problem for a transportation service located in
Maryland. Schilde et al. (2014) propose a set of heuristics optimizing
a dynamic dial-a-ride problem. The used data is based on real world
data from Vienna. Hill et al. (2015) analyse the impact of model
parameters to derive guidelines to design dial-a-ride based services.
The data used for this analysis is derived from a community transport
system. Agatz et al. (2011) use a rolling horizon strategy to optimize
a ride-sharing service by minimizing the travelled distance of vehi-
cles and transportation costs for customers with an Atlanta area data
set. Garaix et al. (2011) seek to maximize the passenger occupancy
rate for a data set from a rural zone of France by the use of a column
generation approach. Xing et al. (2009) create a ride-sharing concept
for the area of Bremen, which is based on a multi-agent model. Masson
et al. (2014) extend the dial-a-ride problem by the element of transfers,
which enable the user to change rides during the trip.

While the approaches mentioned focus on the operational level of
route planning, approaches such as fluid approximations or queueing
approximations can also be found in the literature that refer to the
tactical or strategic level of optimization. For an overview of the other
levels of optimization, please refer to a literature review by Wu and Xu
(2022). Since approaches of the other levels may be integrated, these
approaches are considered complementary.

2.2. Literature focusing on dynamic routing optimization

Dynamic dial-a-ride belongs to the problem class of stochastic dy-
namic vehicle routing (SDVR) problems. One part of the SDVR lit-
erature focuses on the routing decision. Here, the service offering
decision is generally positive as long as a feasible integration of the
customer request into the route is possible. Papers which focus on this
strategy mainly pursue an efficient strategy for route integration as
more requests can be accepted this way.

A part of the approaches focused on routing use a sampling ap-
proach in which a representative sample of artificial requests is drawn
to enable the anticipation of future requests. Bent and Van Hentenryck
(2004) propose a multiple scenario approach, using a sampling method
for customer requests, to create multiple scenarios containing routings
which anticipate possible future requests. Schilde et al. (2014) combine
and assess multiple solution approaches, which are partially used by
the method presented in this paper as well for the routing strategy. In
contrast they do not focus the service offering decision. With this, they
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optimize a medical transportation service for a Vienna data set. Ghiani
et al. (2009) optimize a vehicle dispatching problem for a same-
day courier service. They use a sampling strategy as the anticipatory
component for the routing strategy based on a metric for flexibility in
the near-future”.

Furthermore, a variety of other solution approaches can be found
in literature focused on the routing component, which use a variety
of optimization strategies. Maalouf et al. (2014) include fuzzy logic
in their heuristic as an anticipation component for route optimiza-
tion. Mes et al. (2010) develop a method for a dynamic dial-a-ride
problem including scheduling and pricing using dynamic programming
following a look ahead strategy. Ferrucci and Bock (2014) present
a tabu search based neighbourhood operator optimizing routing for
dynamic dial-a-ride problems. Riley et al. (2020) optimize a mobility
service for the New York City area. The proposed strategy is an inte-
gration of a dispatching strategy, a prediction of zone-to-zone demand
and a relocation strategy. The focus of this work is on the relocation
of large vehicle fleets. Pouls et al. (2020) propose a mixed-integer
programming approach for a repositioning strategy, which involves a
forecast component to enable a form of look ahead strategy. Pillac
et al. (2018) propose a method for a dynamic routing and scheduling
problem taking multiple resources into account as for example staff,
skills, tools and spare parts. The methods discussed in this section focus
on the routing decision, which distinguishes them from the method
proposed in this paper that focuses on both decision components.

2.3. Literature focusing on service offering decision

The second decision component in SDVR problems concerns
whether a service if offered or not for taking actions on requests are the
decisions on whether a service is offered or not, which means whether
the request is accepted or rejected. The goal of taking the decision
with respect to future decisions can be achieved by anticipation of the
stochastic process using either a specific set of rules, sampling strate-
gies or learning a value function from historic data (VFA). Methods
that allow to reject feasible requests typically involve simpler routing
components like cheapest insertion. Ulmer et al. (2018) use a VFA
approach which has the beneficial property that the time effort for
a single decision is relatively small as the offline learning effort can
be processed beforehand. A further VFA approach is proposed by Yu
and Shen (2019), who optimize traffic for New York Taxi data for
car pooling up to two customers. Ulmer et al. (2019b) use a VFA
approach to optimize a same-day delivery problem. To increase the
performance of the approach, they involve an anticipatory depot return
strategy using a simple insertion heuristic as routing component. Ulmer
et al. (2019a) embeds a VFA in a look ahead method to capture
temporal and spatial information when deciding about offering service
to a requesting customer. However, both components focus on the
decision whom to offer service to. For routing, a simple heuristic is
applied. Shah et al. (2020) use a VFA approach for relocating vehicles
in the city. As this approach combines the service offering decision
with a routing decision in form of relocation, this paper represents
one of the few identified works which focus on both parts of the
action. Kullman et al. (2022) also choose a deep learning strategy for
a g-learning approach to optimize a taxi dispatcher for a Manhattan
data set. Agussurja et al. (2019) propose estimation strategies with
representative states on a discretized state space for a Singapore data
set for a last-mile transport service. Ulmer and Thomas (2020) propose
an VFA method using a combination of a linear function and a look-up-
table as value function to take advantage of both methods. In contrast
to the method proposed in this paper, the methods in this section focus
on the service offering decision instead of focusing on both decision
components.
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Table 1

Classification of literature.
Literature Routing Service off. Sol. method
Bent and Van Hentenryck (2004) X - LA
Hvattum et al. (2007) X - LA
Pureza and Laporte (2008) X - PFA
Cortés et al. (2009) X - LA
Ghiani et al. (2009) X - LA
Xing et al. (2009) - X RO
Beaudry et al. (2010) X - RO
Mes et al. (2010) - X VFA
Agatz et al. (2011) X - RO
Garaix et al. (2011) X - RO

Meisel (2011) - X VFA

Azi et al. (2012) X - LA
Sheridan et al. (2013) X - PFA
Ferrucci and Bock (2014) X - LA
Ehmke and Campbell (2014) - X LA
Schilde et al. (2014) X - LA
Toriello et al. (2014) X - VFA
de Armas and Melidn-Batista (2015) X - RO
Sarasola et al. (2016) X - LA
Ferrucci and Bock (2016) X - LA
Kuo et al. (2016) X X RO
Srour et al. (2018) X - LA
Pillac et al. (2018) X - RO
Ulmer et al. (2018) - X VFA
Zhang et al. (2018) X - LA

Agussurja et al. (2019) - X VFA

Ulmer et al. (2019a) - X LA+VFA

Ulmer et al. (2019b) - X VFA

Yu and Shen (2019) - X VFA
X

Shah et al. (2020) X VFA
Pouls et al. (2020) X - LA
Riley et al. (2020) X - LA
Ulmer and Thomas (2020) - LA
Kullman et al. (2022) - X VFA
Our work X X LA+VFA

2.4. Classification of literature

Table 1 present a selection of papers which are discussed in terms of
the main strategies for routing and service offering. There are different
types of solution approaches in the literature, where it is noticeable that
certain types of solution approaches mostly focus more on specific parts
of the action. The table shows papers from the entire SDVR-literature.
The columns routing and service offering indicate papers which focus
on the respective parts. The column solution method indicates the
methodology used according to the classification of Ulmer et al. (2020)
which distinguishes between the four categories reoptimization strate-
gies (RO), policy function approximations (PFA), look ahead strategies
(LA) and value function approximations (VFA). RO strategies optimize
a system with no anticipation of the stochastic process as they only
take the current point in time into account. PFAs are constructed using
a specific set of rules to anticipate the stochastic process. Those rules
typically reflect specific strategies which are based on real life strategies
like a rule of thumb or waiting rules. The other strategies involve
an explicit anticipation of the stochastic process, which is sampling
of artificial requests for LA and simulation for VFA strategies. MSA
strategies belong to the LA category. VFAs approximate the expected
future reward for a decision in a state, which contains all information
at the current point in time necessary to make a decision. To the
best of our knowledge we are the first to present a method that
contains a LA and VFA component, which results in a double focus on
routing and service offering. With this, we are able to observe not only
the improvements of the individual components but also analyse the
interdependencies. As Kuo et al. (2016) also focus on both routing
and service offering a closer comparison is necessary. In contrast to the
algorithm proposed in this paper a re-optimization approach is used,
which does not include an anticipatory component.
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3. Problem definition

In the following, a problem description is given in Section 3.1 and
the related model is presented in Section 3.2.

3.1. Problem description

In a dynamic dial-a-ride problem, customers request a transporta-
tion from the provider, which occur from perspective of the service
provider randomly at times 7, during the service time 7. The customer
requests to be transported between two locations. the customer needs to
be picked up from location li at time ti or later but not before that time
and dropped at location IZ at time IZ or earlier but not later then that
time. The customer is willing to share the ride with other customers.
The request r, may be described as a tuple
re= (g 10, 10,14, 1), €))

A service provider operates a fleet V' of vehicles. Each vehicle can
transport ¢, customers at the same time. Travelling between two
locations /; and / ; covers the distance §(/;, 1 D and takes the time z(/;,/ -
As the provider receives the request r; in state s, an action x, has to be
chosen, consisting on the one hand of the service offering decision d,,
meaning the decision to accept or reject the request, and the routing
decision 6,, meaning how the accepted request is integrated into a route
planning for the fleet. A request may be feasibly integrated into the
route if, for all requests accepted by the service provider, a vehicle
v,, € V picks up the respective customer at the agreed location li on or
after the agreed time ¢/ and arrives at the delivery point lz before or on
the agreed time tZ. If a feasible route is available, the service provider
may offer service to the customer. Else, the service offering decision is
reject in any case. For an accepted request, the service provider receives
a transportation reward R from the customer. The service provider’s
goal is to maximize the accumulated rewards received by the customers
over the service time horizon.

3.2. Model definition

In this section, the model of the dynamic dial-a-ride problem is
provided. The problem is modelled using a Markov Decision Process
(MDP). The components of the MDP are described in the following.

State s,

A system is in a state s, which occurs in decision epoch k£ when a
new request r, is received by the service provider. At the current point
in time ¢, € [0,T] the vehicles v,, € V drive on the route
Ot = {U], 1)), - ,(l;'mk,lﬁmk)}, (2)
which contains the n,,, ordered waypoints, which are defined by loca-
tions and times. The route includes both the past waypoints to include
information on clients already picked up but not yet dropped off and
the planned future waypoints. At epoch k the vehicles are positioned at

g. 1. Example of a state.

locations /7 . The union of vehicles’ locations is defined as /] and the
union of the vehicle routes as 6,.
The set B, describes the set of all already accepted requests at time

1. A state s; can thus be described as a tuple
s = (. 1}, 0y, 7y, By). 3)

Fig. 1 shows an example of a state. Two vehicles move along routes
to fulfil already accepted pick up assignments, shown as plus-symbol,
and delivery assignments, shown as minus-symbol. Both vehicles are
already on a route, where the left car has to serve request 1 and 2 and
the right car serves request 3. The left vehicle has already picked up its
customer while the right vehicle is still on the way to a pick up location.
A new request 4, shown in red, is received.

We assume that customers request service spontaneously. In Ap-
pendix D, we show that our methodology also works in case customer
preannounce their request some time ahead of service.

Action x;,

Next, an action x, containing two parts has to be chosen. First, a
decision d; € D(s;) must be made about whether to offer service for
the received request r;, which is reflected by a value of 1 for acceptance
and O for rejection of the request:

| i Lo
d = { if service is offered @

0 if service is not offered

With the acceptance of the request r,, a new set of accepted requests
B = B, Ury results. In case of rejection B; = B,. A feasible route plan
07 € O(sy, dy) has to be selected to serve the accepted requests By,
where O(s;,d,) represents the set of all feasible routes in the state s,
for decision d,. A route plan is feasible as long as for every r; € B},
the customer is picked up after the earliest requested pick up time #/ in
location /” and dropped off before the latest drop off time tf in location

lfi. Here, the action x; can therefore be represented as a tuple:

x; = (dy. 07) ()

For the action x;, a reward R(s,x,) is received. The reward is in
some way dependent on the service provided and an agreed fee for a
transport ¢.

R(sp, xp) = d(ry) (6)

Fig. 2 shows options for actions in the state s, . In case of rejection of
the customer request, no service is offered to the customer. As a result,
the route of the fleet may stay unchanged and no immediate reward is
gained as the customer does not pay for the transport, which is shown
as Option 1. Both of the acceptance actions, which are presented in
Option 2 and 3, would result in the same reward as the requested direct
transportation distance for the new customer would be the same. One
aspect which may be considered when accepting the request with the
left car is the resulting route for the fleet as both cars would end up
more focused on the right side of the map. This may result in inability
to accept request on the left side of the map in the future.
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Post-decision state s

The combination of state s, and action x, leads to a post-decision
state Si . As discussed in Powell (2021), this has the purpose of obtain-
ing a deterministic state between decision and the subsequent random
process wy, ;. The post-decision state s; therefore results from the state
s, and the action x, and may be represented in a simple form as the

tuple
S = (S5 Xp)- @)

In order to represent the post-decision state in a similar form to the
state and to make the information contained better visible, it can be
presented in a more detailed but equivalent form as tuple

¥ = (1. 1,67 di vy, BY). ®

In the given example, we assume that the request was accepted by
the right vehicle (Option 2 in Fig. 2).

Random information w,,

After the post-decision state s, a realization of the random process
w4 € 2 takes place. There are two possible types of realizations. First,
no request may occur in the remainder of the horizon, which means an
empty realization §§ C , terminating the decision process. Second, a
new request r, . is received, so that the random process takes place
in the time period [t,,7;,,[. During this time, the vehicles in the fleet
follow their routes until #,,;, which leads to a change in the location
of the vehicles and the customers still to serve. Let B/f+1 be the set of
requests which are served by the fleet during the random process in
epoch k + 1, which can be removed from the set of accepted requests
By, = B \ By, . The result is a next state s, ;.

Fig. 3 shows an example of a new request 5 being received. Request
1 is already served at the end of realization w,,;, which is why it is
represented in white as it is not part of the state any more.

Optimal solution: policy =

A policy # is a function, which maps an unambiguous action x,
to every state s,. The goal is to find the optimal policy z* for which
applies

R'(x") = maxE ; R(s;. x7)|5. 9

Given the starting state s, the optimal policy z* is the policy out
of all policies IT which leads to the optimal reward R*(z*). In case of
the ride sharing on-demand mobility service, the policy is the optimiz-
ing component which responds to customer requests maximizing the
reward function of the service provider.

4. Solution method

In the following, we present our method. A motivation for the
presented method is given in Section 4.1. The individual components
are introduced in Sections 4.2 and 4.3 as well as their integration in
Section 4.4. The cheapest insertion heuristic, which is the basis for
routing optimization in all implemented algorithms, is presented in
Section 4.5.

4.1. Motivation

Decision-making for the problem contains two components, service
offering and routing. Both pose challenges in themselves. Offering
service now generates revenue but may lead to limited resources and
inflexibility in the future. Routing decisions should carefully balance
the efficient use of vehicle resources and therefore short travel times
with the fleet’s availability in time and space and its flexibility to inte-
grate new requests in their routes. Furthermore, these two challenges
in the individual decision components are intertwined.

As shown in the literature review, the vast body of literature focuses
on only one of the components, leaving the other to a simple heuristic
mechanism. In this work, we propose an integrated consideration of
both components. To this end, we combine two existing methods from
the literature, a MSA and a VFA. The resulting algorithm is called the
anticipatory-routing-and-service-offering (ARS) algorithm. First, the in-
dividual methods are introduced in more detail with MSA in Section 4.2
and VFA in Section 4.3. Second, their integration as ARS is presented
in Section 4.4.

4.2. Routing component

The routing component is based on the approach of Bent and
Van Hentenryck (2004), who proposed a multiple scenario approach
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(MSA). We describe the approach verbally before providing a formal
description in the form of a pseudocode. Within this description, the
elements of the pseudocode are introduced.

For epoch k, a state s, is given. The decision to insert the request
. should also anticipate the stochastic process. For this purpose, a set
of possible scenarios is created. For each of these scenarios, a set of
artificial requests from a set of historic requests is sampled (sample-
FutureRequests). First the request r, and then the artificial requests
are integrated into the route as long as a feasible route with artificial
requests can be created (integrateRequest). There is a route for each
scenario, which includes the integrated artificial requests and thus
anticipates the stochastic process to some degree. The artificial requests
are removed and feasible routes without artificial requests are obtained
(removeArtificials). At this point, one of the feasible routes is selected
using a consensus function. In Bent and Van Hentenryck (2004), this
consensus is a similarity function. The route that is most similar to all
routes of the other scenarios is selected. The selected route is chosen
as routing ¢; subsequent to the decision.

Bent and Van Hentenryck (2004) use a variable neighbourhood
search (VNS) to create the routing. The request is always accepted
if a feasible solution is available. In the ARS, a cheapest insertion is
used instead of a VNS, which integrates the request into the route
at the feasible location minimizing the related detour. The cheapest
insertion heuristic is described in more detail in Section 4.5. To improve
the performance of the routing, a k-Opt procedure is added similar
to Schilde et al. (2014). The resulting route construction method of
cheapest insertion and k-Opt is referenced as integrateRequest in the
following.

Instead of one feasible solution, a set of feasible solutions is main-
tained at one point in time. Solutions that became infeasible are sorted
out. Since only one routing can be executed at the time of decision,
one solution is selected. A consensus function selects the solution that
is most similar to all other maintained solutions, which is defined as

f1(0) = ZMk[n,-,succ(t‘)k,LDC(n,-)]. (10)
T

M, denotes a two-dimensional matrix containing the number of plans
in all maintained plans at epoch k in which the vehicle n; with index
i € I departs from the specific next customer. The respective suc-
cession of waypoints from the current point in time on is described
as succ(d, LDC(n;)) with LDC(n;) as the last customer from which the
vehicle departed in the plan execution.

In order to anticipate the stochastic request process for the rout-
ing decision, historical request data is used. Assuming the historical
requests follow the same distribution as the stochastic request process,
a sample is drawn from the historical requests and fed to a planning
scenario as artificial requests. A set of m scenarios is created from
which the artificial requests are removed after the routes are gener-
ated. Using the consensus function (consensusSelection), one scenario is
then selected which gives the action x,. To facilitate understanding,
Algorithm 1 states the approach as pseudo code.

4.3. Service offering decision

As a methodology for making a decision on the acceptance of a
request r,, value function approximation (VFA) is discussed in the
following, with reference to Powell (2021). The value of a state V (s;) is
introduced which is the expected future value from accepted requests.
The decision in routing focused methods is mostly acceptance, as long
as the request can be feasibly integrated into the route. However, such
a positive acceptance strategy can lead to resources being occupied in
the future, which prevents future acceptance. A higher utilization of
resources would thus make acceptances in the future less likely.

The strategy of approximate dynamic programming is to approx-
imate the value of a state V(s;), which reflects the expected future
rewards of the state. The basis for this is the Bellmann equation, which
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Algorithm 1: Multiple scenario approach: Deciding on action x;

Result: Decision on action x; = (dy, 67) given state s, and set of
historic requests R,

6, =integrateRequest(fy, r;);

if r, could not be inserted into feasible route then

d,=0
return(dy, 6, );
end

scenarioRoutes 0;°" = emptyArray();

for i < 1 to numberScenarios by +1 do
artificialRequests R;l = sampleFutureRequests(R,

numberArtificials);
art; __

artificialRoute 0,

integrateRequest(6’, R;l);

scenarioRoute 0" = removeArtificials(6,"", R);
scen scen;
0" add 0,";
end
selectedRoute 9;3’“' = consensusSelection(@;°");
d=1

return(d,, Gi"’”’ );

describes the value of the state using the immediate reward and the
expected value of the resulting state given a policy z:

Vfr(sk):n)l(%x(R(sk,xk)+IE{V(sk+l)|si}). an

The equation contains an expectation of the value V(s; ;) as the
random process w;,; takes place in between, which makes the approx-
imation of a future value V(s,,) difficult. To learn the expected value
for a state, the post-decision state s} is introduced, which is the state
after the decision and before the stochastic process, so that the equation

can be written as
V7 (sg) = max(R(sy, Xi) + V7 (s7))- (12)
Xk

This value function of the post-decision state V(sp) is initialized with
a defined value. It is updated after every ending of time horizon T.
Thereby, the value function approximates the expected future reward
following the post-decision state. To make a decision using VFA, the
request ry is first integrated into the route ¢;. Therefore, the algorithm
can decide between two options with the current route for rejection and
the route with the integrated request for acceptance. If no feasible route
exists that includes the request, the request is rejected and the current
route is still feasible. If a feasible route exists, the reward R(s;,x,) is
determined. Both decision options are assessed in terms of immediate
reward and expected value of the resulting post-decision state. The
option with the higher sum of immediate reward and value of the post-
decision state is selected. To facilitate understanding of the algorithm,
Algorithm 2 gives the pseudo code of the algorithm.

There are several options of value functions. The most common ones
in literature are the linear model or the look up table. For this paper,
the look up table is chosen. To cope with the dimensionality of a state,
a set of state variables is defined, which define a distinct state and
can be used to approximate the value of a post-decision-state s;. For
the tabular form, the continuous variables need to be discretized. This
step is called aggregation. As a result, two states are identical for the
approximated value function as long as the aggregated values for the
defined state variables are identical. For aggregated states, a value is
created in the table, which is initially assigned a defined initial value.

Ulmer et al. (2020) presented the two state variables time and
free time budget, which describe the current point in time and the
free time of vehicles which is currently not booked on routes. The
algorithm therefore gets information on how much time is left and
information on flexibility in the form of free time resources. For this
paper, we introduce an additional state variable regarding flexibility in
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Algorithm 2: Value function approximation: Deciding on action
Xk

Result: Decision on action x, = (d, 07) given state s, value
function V*i(s}) with current policy z; € IT and reward
function R(sy, x;)

postDecisionStateRejection s’

k
routingAcceptingRequest 6, | = integrateRequest(0,, r;);
if r, could be inserted into feasible route then

| postDecisionStateAcceptance sy = (fy, Iy, Oyp1. 1y, BUTY)

else

— 5

d,=0
return(dy, 6;);
end

if
VTi(si) — V”"(S::/)+ R(s{“, (d, = 1,00)) — R(Sffj, (d,=0,0,)=>0
then

dy =1
‘ return(dy, 6;);
else
d,=0
return(dy, 6;);
end

the form of capacities. As a result, the three following state variables
are introduced:

time: The current time 7, of the state.

time on route: The planned time spent by all vehicles of the fleet 1/
outside the depot is described as time on route. It is the sum
of both driving time and waiting time outside the depot after
current point in time #,. With a route 6, = ((/},t)),..., (s, 1p))
and the depot location /P, the time on route can be defined as

p-1
tor =ty =1l # 10V Iy # 100> 1, 13)
i=1
All periods of time after the current point in time are summed
up, if those periods do not both start and end in the depot, which
would be waiting time at the depot. The time on route state
variable is therefore comparable to the free time budget state
variable (Ulmer et al., 2020).

load factor: The sum of the planned capacity utilization of the vehicle
fleet V after the current time 7, is defined as the load factor. The
state variable thus describes the planned temporal occupation of
vehicle seats. With the set of all requests B, not yet completely
served at time 7, and the planned route 6,, a set can be defined
in which all requests r; € B, are assigned the planned times of
pick up #/ ik and drop offs t:.i"’” in the route 6,. The /oa can thus
be defined as

loa =Yt — " Kjt > 1, a4
By

In the context of this work, one request transports exactly one

customer. If multiple persons can be included in one request, the

loa can be extended by an additional factor.

The state variables presented contain explicit temporal information
and implicit spatial information, as temporal distances are dependent
on local distances. Explicit geographic modelling of state variables is
avoided, as it turned out to be less useful in the context of other
research, such as in the case of Ulmer et al. (2018).

In order to make the features graphically understandable, Fig. 4
presents an exemplary vehicle to which three requests are allocated.
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The current time 7, and thus the feature time is displayed as a vertical
blue dashed line with a blue triangle on the bottom as an indicator.
Starting from the current point in time, the vehicle serves the requests
displayed as red bars. The feature load factor is therefore represented
by the accumulated red striped bars. As trips to and from the customers
are necessary for a feasible route, any trips required to and from the
depot are shown in grey stripes. The feature time on route is the total
time starting from time ¢, at which the vehicle is on a route outside the
depot which can be displayed using the green bars.

The values of post-decision states are learned by means of offline
simulation. After each simulation run i, the values V' 7i-1 (s) are updated
with the realized values V,,(s7) of the simulation run i using a learning
rate « as shown in Eq. (15).

V”i(sz) =(1 —a)V7"i-1 (sz) + an,'(sz) (15)

Starting with the last realization of the simulation run, the rewards
of the decisions are summed up backwards to determine the actual
future accumulated reward at that time for the respective post-decision
states. The resulting pairs of post-decision states and values are used
to update the value function as the weighted sum of the previous
value and the new value given the learning rate a. The procedure is
formulated in Algorithm 3.

Algorithm 3: Value function approximation: Value function
VE(Sy) update
Result: Update of the value function V%i-1(sy) given all realized
post-decision states S, rewards R(s, x,) of all decision
epochs K of simulation run i with learning rate «
backwardRewardSum p < 0;
for k in K decreasingly sorted do
V”i(sz) =(1 —a)V7i-1 (SZ) + ap;
p < p+ R(sy,xp);
end

4.4. Integration of routing and decision component

The objective of this work is to integrate the MSA and VFA meth-
ods resulting in the anticipatory-routing-and-service-offering algorithm
(ARS). The consensus function of the MSA method, which selects the
scenarios on the basis of a decision rule, chosen as the integration point
of the two methods. This selection will be learned in the integrated
method, using the VFA component as the consensus function.

The ARS method initially follows the same steps as the MSA
method. Artificial requests are sampled from historical requests
(sampleFutureRequests). Next, the new request r, and subsequently
the artificial requests are inserted into the routes of the scenarios
(integrateRequests) before removing the artificial requests from the route
afterwards (removeArtificials). From the resulting set of scenarios, one
needs to be selected for the decision x,. To do this, the post-decision
state is first determined for each of the scenarios.

For the selection of scenarios, the VFA approach is used and thus
the MSA consensus function is replaced by the Bellman equation that
compares the available options. For every scenario, the immediate
reward is evaluated as the result of the related service offering decision.
The expected future reward is approximated by the value function for
the post-decision state resulting from the scenario. The scenario and
the related route plan with the highest sum of immediate and expected
future rewards is chosen which prescribes the action x;, for the epoch k.
If two scenarios should be assessed as equally valuable, the last of the
evaluated scenarios is chosen in our implementation, as a tiebreaker.
The MSA approach keeps the scenarios created and uses them in future
decisions. The implementation of the ARS algorithm used here discards
the created scenarios after the decision. The creation of the scenarios
at the time of the decision is convenient from an implementation
perspective. The different artificial requests and the k-opt process used
nevertheless lead to a high diversity of scenarios.



R.-J.O. Heitmann et al.

EURO Journal on Transportation and Logistics 12 (2023) 100104

Graphical explanation of the features given the schedule of an exemplary car

Request 1

Request 2

Request 3

time

77/ Route from or to depot

A Feature time  [I=ll Feature time on route

Feature load factor

Fig. 4. Graphical representation of the features.

For the VFA component, the decision process does not change,
but the number of decision options changes as a selection between
multiple scenarios and a rejection is possible instead of the acceptance-
or-rejection decision. The pseudo code for the resulting ARS algorithm
is shown in Algorithm 4.

Algorithm 4: ARS: Deciding on action x;

Result: Decision on action x; = (dy, 67) given state s, and set of
historic requests R,

6, = integrate Request(0y,1y);

if r, could not be inserted in feasible route then

d,=0
return(d,, 6,);
end

scenarioRoutes Qi“" ;

for i < 1 to amountScenarios by +1 do
artificialRequests R; = sampleFutureRequests(R,,
amountArtificials);
Z”" = integrateRequest(6’, R;l);
scenarioRoute eice"" = removeArtificials(&Z"", RI);
o add 0,"";

end

artificialRoute 0

postDecisionStates Slfds
Bury);

postDecisionStateRejection s

Sf{’ds add sfj ;

bestValue vy, < 0;

selectedPostDecisionState s‘,‘("’”’ ;

« getPostDecisionStates(z;, /;, @i“", Ti»

rej

KT Sk

. ds - d
for scenarioState s7** in S} do
. ds _pd o pd
if RGP, xP°) + V7 (sh) = vpey 2 0 then
pds _pds oo pds\.
Ohes = RO 1) + VLD,
select pas
sy 5
end
end
return(diel“’, eielect);

4.5. Cheapest insertion heuristic

Vehicle routing problems are NP-hard (Laporte and Nobert, 1987).
Calculating the optimal solution of VRP problems thus becomes in-
tractable for larger instances. Instead, heuristics are chosen that sen-
sibly search the solution space for good solutions. Here, a cheapest
insertion (CI) heuristic is chosen for the creation of routes for all
described approaches. With this heuristic, a new waypoint (/"¢ 1"¢)
is inserted into the existing route

0" = (U1, 11), -, (Ugs 1)) (16)
at the point i so that the resulting route

9w — ((117111)’ (e gnewy (P t;H_l)) a17)

results in the smallest detour, which can be represented as

B
i=argmin Y 6(;,1;4,) (18
j=1
using the distance metric 5(/;, D for the distance between two locations.
In a dial-a-ride problem, pick-up and a delivery waypoint must be
integrated into the same route. In our CI implementation, we select
the shortest distance detour. Since the vehicles start at the depot and
return the depot at the end of the service time, the inserted waypoint
can never be the first or last waypoint.

5. Computational experiments

In this section, the performance of the proposed approach is evalu-
ated. For this purpose, instances based on taxi transport data from the
New York region are constructed. The data basis as well as the deriva-
tion of the instances are discussed in Section 5.1. Section 5.2 examines
the performance of the proposed approach. First, the overall perfor-
mance compared to the single components is discussed. Subsequently,
the influence of simulation parameters as well as the interaction of the
two method components are examined in detail. This involves analyses
on the advantages of the ARS components dependent on the problem.
The efficiency of the decision and the learned selection of the method
are then examined in more detail.

5.1. Simulation data

The instances for the simulation are created from real data from TLC
Trip Record Data of the NYC Taxi and Limousine Commission 2018.
This data set contains transport data of yellow and green taxis from
the New York region, which are available open source. From 2009 to
2019, which excludes effects of the COVID-19 pandemic, information
on customer transportation is provided, including pick up and delivery
locations and times, as well as location and time points during the tours.
In addition, speeds and total transport times are given.

To obtain a constant distribution of daily trips, we focus on week-
days only for our computational study. This approach does not lead to
loss of generality as further models can be trained for weekends and
holidays by using the respective data.

To allow for our comprehensive analyses, we focus on the hour
around noon of the workdays. To show that ARS also outperforms
the other methods on larger time frames, one exemplary experiment
was carried out on a four hour time horizon which can be seen
in Appendix A.

In order to create instances for the simulation from these data
points, the information that must be available for a request r; is first
recalled:

re = (e 10, 10,18, 1) 19)

To get pick up and delivery times and locations, the first and last
points of the routes of the data points are selected. No attribute can
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Fig. 5. Overall performance of ARS and benchmark approaches.

be identified in the TLC data for request times. Therefore, a random
time before the trip start and within the interval is generated, which
is selected as the time of receipt 7,. During the analysis of the routes,
that is, the sequence of route points and times, it is noticeable that
the trips are longer than the Manhattan distance, which is possibly a
Manhattan distance with detours. Thus, a 0.5-norm is chosen as the
distance metric between two points. For a simulation run, a subset
of requests is randomly selected with 10 expected requests per hour
unless stated otherwise.

In this paper, the reward function R(s;,x,) is defined as linear
dependent on the requested transportation distance, which reflects the
idea that customers pay a fee for directly transported distances.

(P19 ifd, =1
R(sjxp) = { 0( 2 ii . (20)
= 0.

The function thus represents the optimization of the revenues of
a transport service. We acknowledge that such a reward favours the
acceptance of high-value transports. An alternative choice of the reward
function could be the amount of accepted requests, which in turn would
most likely prefer short transports. The choice of the objective function
must be made according to the specific use case or business goal. In
order to test the behaviour of the method under a different reward
model, experiments with an alternative reward function were carried
out. The results for those experiments are reported in Appendix C.

The distance §(/7, IZ) may be specified in kilometres or equivalent
and the factor ¢(r, ) for cost per distance transported may depend on the
times or locations of the request r,. Unless otherwise stated, a fleet size
of two vehicles is assumed, which can transport up to three customers
at the same time. A constant travel speed is assumed for all vehicles. For
the MSA and ARS method, three scenarios are computed. Simulations
are carried out up to a maximum of 500.000 runs.

5.2. Results

In this section, the performance of the integrated ARS compared
to the MSA and VFA methods is examined. As a benchmark, the
cheapest insertion (CI) heuristic will be used which inserts the request,
if possible, in the location with the smallest detour. We report the total
reward, which is the sum of rewards over the time horizon, and the
quantity of the accepted requests. The quantity of accepted requests is
not part of the objective function but enables the reader to gain further
insight into how the rewards were achieved in addition to the results
with regard to the objective function.

The section is divided into the evaluation of the overall performance
of the methods, the problem-specific evaluations, which consider the
effects of resources and workload allocations on the methods, and the
method-specific evaluations, which consider the effects of the number

Table 2
Improvement in total reward and accepted requests compared to CI given different fleet
sizes.

Vehicle resources  Rel. reward Rel. accepted requests

ARS MSA VFA ARS MSA VFA
Low +13.0%  +7.7%  +9.5% -1.3%  +5.8% —4.4%
Medium +6.5%  +3.0% +2.2% -11.6% +1.0% -13.1%
High +3.2% +3.1% -1.3% -131% +2.6% -14.0%

of scenarios on the method. Lastly, we analyse which advantage the
degree of freedom of the problem and the decision for the ARS method
provide, in order to derive managerial insights for the application of
the method.

Overall performance

In the following, the overall performance of the ARS method and
benchmark approaches MSA, VFA and CI are analysed. For ease of
reading, the cumulative reward is provided as a relative increase in
performance compared to the reward of the CI method. The results are
shown as a bar chart in Fig. 5.

The evaluation shows a superior performance of the ARS method
compared to the benchmark approaches. In addition, all anticipatory
methods show a better performance than the CI method. It is interesting
to observe that the ARS method accepts on average 0.7 requests less
than the MSA method. Since the ARS method replaces only the consen-
sus method of the MSA with the VFA method, the ARS method has the
same scenarios to choose from, learning a better selection than the MSA
method. Since the objective function establishes a linear relationship
between reward and direct distance transported, the ARS method learns
to save resources for requests with further transportation distances. To
focus on the amount of accepted requests the service provider may use
a different reward function as shown in Appendix C.

Problem-specific performance

In order to compare the performance of the methods depending on
problem-specific parameters, experiments are carried out for different
fleet sizes. A larger fleet size increases the complexity of the problem
and therefore shows the capability of the algorithm to cope with
increasing complexity. For a quantity of one, two and three vehicles
respectively five, ten and fifteen requests are considered per hour.
Table 2 shows the relative improvement in total reward and accepted
requests in comparison to the cheapest insertion method. It can be seen
that the ARS method provides the best performance but accepts fewer
requests at the same time.

Fig. 6 shows the progression of total rewards during the learning
phase of the methods for different fleet sizes. The two learning methods
are each shown using a solid, ascending line. The MSA as well as the
CI method are plotted as a horizontal lines in the graph, as they do
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Fig. 6. Simulation results for different fleet sizes.

not contain a learning component, so that the average of the results
remains unchanged over time.

It can be observed that the ARS method, shown as solid and black
line, achieves higher rewards than the VFA method alone, represented
as dashed and grey line. This is presumably due to two effects. Firstly,
the integrated method, unlike the individual VFA component, can
choose from more than the two options accept and reject, since it
has multiple options to choose from in addition to the reject option.
Furthermore, the routing of the integrated method includes the sam-
pling method of the MSA approach, which strengthens the anticipation
of the stochastic process in routing. It can also be observed that the
approximation speed of ARS is similar to VFA even though learning
for ARS may be more challenging as more decisions are considered in
every state.

Another observation is a higher acceptance rate of the MSA method
relative to ARS, VFA and CI. As the integrated method as well as
VFA are able to reject requests, the methods seem to save flexibility
by accepting fewer requests. The objective function favours requests
with long distances which seems to induce the acceptance of fewer
and longer requests of the learning methods. In case the providers goal
should be maximizing accepted requests in the first place, a different
objective function should be chosen which is analysed in Appendix C.

Nevertheless, it can be observed that after a learning phase, the ARS
method is able to achieve higher rewards than the MSA method for
the considered fleet sizes. The period of the required learning phase to
exceed the result of MSA becomes longer with an increasing fleet size.
This can be observed in the graphs of Fig. 6 and is attributed to the
increasing complexity of the optimization task with a larger fleet size.
It is expected that for a fleet size of four or more vehicles, more than
500.000 runs are necessary to achieve a better performance than MSA.

Next, the performance of the methods under different parameters
is demonstrated. Three scenarios of request demand are examined. A
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Table 3
Improvement in total reward and accepted requests compared to CI given different
amounts of incoming requests.

Workload Rel. reward Rel. accepted requests

ARS MSA VFA ARS MSA VFA
Low -0.4% +5.6% -8.9% -3.2% +10.7% -12.6%
Medium +5.8% +2.4% +1.1% -10.1% +2.5% -12.1%
High +9.0% +2.2% —-6.0% —6.4% +4.9% -7.9%

scenario with low, medium and high workload is assumed with five, ten
and fifteen requests per hour. The accumulated rewards as percentage
relative to the cheapest insertion method as well as the respective
relative amount of accepted requests are reported in Table 3.
Similarly, it can be observed that the ARS method consistently
achieves better results than the VFA method, which can be attributed
to better anticipation of the random process in routing. Another effect
that can be observed is the increase in performance of the ARS method
compared to MSA as the demand increases. The fewer requests are
received, the more iterations are necessary for the ARS method to
return better rewards than MSA. With a request volume of five requests,
this point is not even reached. Presumably this circumstance is due to a
connection between surplus of requests and room for decision-making.
The fewer requests are received, the fewer requests can be rejected to
free capacities for future requests as there are simply fewer of them.
It seems that if there are five requests, hardly any requests may be
rejected. With the ARS method, this still happens less then one request
per simulation run, which in the end decreases the performance relative
to MSA. The conclusion is that the VFA component of the ARS method
is more important when there is more room for decision-making, and
the routing component is more important when there is less room for
decision-making as an anticipating routing is more important.



R.-J.O. Heitmann et al.

Table 4
Improvement in total reward and accepted requests compared to CI over different
parameters k.

Parameter k Rel. reward Rel. accepted requests
ARS MSA VFA ARS MSA VFA
k=2 +7.0% +3.5% +2.7% -9.2% +3.2% -11.1%
k=3 +7.2% +3.6% +2.7% —9.4% +3.2% -11.1%
=4 +7.3% +3.6% +2.7% -9.4% +3.2% -11.1%

Method-specific performance

In this section, the influence of method parameters on the perfor-
mance of the ARS method is examined. In addition, the dependency
of the method components on each other is investigated. It can be ob-
served in the experiments with different fleet sizes that one advantage
of the ARS method compared to VFA is the larger number of options
for the decision. While VFA selects from acceptance or rejection, the
ARS method can choose from a number of routing options with an
acceptance in addition to rejection. This relationship is examined in
more detail in this section. For this purpose, the number of scenarios
is varied from two to five.

It can be observed that ARS with 7.3% performance increase relative
to CI using three scenarios consistently outperforms VFA with 2.7%
relative improvement. After a learning phase, the ARS methods surpass
their respective MSA counterparts with the best relative performance of
3.6%. Increasing the amount of used scenarios for the ARS method to
four or five scenarios increases the performance negligible, but strongly
increases the amount of used computing power therefore runtime.
However, decreasing the amount to two scenarios for MSA as well
as for the ARS method decreases the performance of the algorithms
noticeably. One possible interpretation is that an increase in scenarios is
only meaningful if there are rewardful alternative scenarios to consider.
This means that if the amount of accepted requests is very small, there
may not be many reasonable alternatives to the current routing, so that
an increase in the number of scenarios does not necessarily lead to an
improvement in performance.

The second element that influences the routing is the k-Opt com-
ponent which is part of the integrateRequest routing method which all
algorithms use. To investigate the influence of routing on the service
offering component of the ARS method, the influence of the parameter
k is examined. The percentage results relative to CI in terms of the
objective function as well as the respective relative accepted requests
are listed in Table 4. The ARS method, MSA and VFA include the k-Opt
component. The number of scenarios was set to two for the simulation.

The superior performance of MSA can be observed in comparison
to the cheapest insertion heuristic. However, this is only partly due to
the k-Opt method, since the scenario approach is also included. The
performance of MSA is not affected by changing the parameter k. This
means that the parameter k£ has no effect on the observed simulation
in the long run. Initially a small k slows down the learning progress
of the method. Details on the delayed learning progress as well as the
learning curve are described in Appendix B.

Dependency of ARS performance to degrees of freedom

The analyses of the experiments suggest that the performance of
the ARS method is particularly superior when the degree of freedom
of the decision is particularly high. We distinct between two degrees
of freedom. First, the degree of freedom of the problem, which we
define as the amount of feasible decisions in a state. The more feasible
decisions, the higher degree of freedom. One exemplary factor is the
number of vehicles on which a request may be allocated. Second, the
degree of freedom of the algorithm is described as the amount of
decisions the algorithm can choose from. It is reasonable to assume that
with a higher degree of freedom, a more efficient route can be chosen
so that as few resources as possible are used to obtain a reward and
thus more reward may be obtained in the future.
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Table 5
Relative transport distance of accepted requests.
Learning phase ARS VFA CI
Start 105.9% 105.1% 100%
End 120% 117.1% 100%

To test this, a measure of efficiency of a decision is first introduced
as

reward gained by decision

. _ 21
efficiency time of related detour @D

in which the detour is measured as the additional time on route
spent for the decision. The metric efficiency therefore reflects the spent
resources to gain reward. To test this assumption, a VFA method that
performs a acceptance-or-rejection decision is compared with an ARS
method that performs a multiple-scenarios decision (degree of freedom
of the algorithm). To reflect the degree of freedom of the problem, the
two methods optimize a fleet with one vehicle and a fleet with two
vehicles. If the fleet has the size of one vehicle, the complexity of the
decision decreases as there is no decision between cars.

Fig. 7 shows the efficiency of the two methods over both fleet
sizes. It can be seen that with only one vehicle and thus a low degree
of freedom of the problem, there is no efficiency advantage of ARS.
We attribute this to the multiple-scenarios decision not yielding an
advantage if the problem does not provide sufficient feasible decisions.
If the fleet size is increased to two vehicles, the ARS method finds
more efficient decisions than the VFA method, making use of the higher
degrees of freedom.

Considering the use case, a highly competitive market would lead
to a small degree of freedom of the problem, as hardly any requests
might be rejected. This market situation would favour the ARS method
less. A monopoly of one mobility provider would in turn create room
for rejection. This would favour the choice of the ARS algorithm.

Analysis of served customers

Our algorithm changes the service offering for customers. In the
following, we analyse how this impacts different types of customers. To
this end, we investigate the average trip distance for served customers
over all policies.

In order to investigate which aspects the VFA approach learns, it is
examined which requests are accepted by the algorithms depending on
the corresponding transport distances. This is reasonable, since the re-
ward function rewards the customer transport distance. It will therefore
be analysed whether the transport distance of a request has an effect on
the decision of the VFA approach. For this purpose, the average length
of accepted requests is determined relative to the Cheapest Insertion
method at the start and end of the learning process. Since the CI method
is taken as the benchmark, it has a value of 100%. The time interval
start of the learning phase refers to under 100,000 iterations and end of
the learning phase refers to the interval between 450,000 and 500,000
iterations. The result is shown in Table 5.

It can be observed that, as suspected, the VFA-based methods learn
to prefer requests with a longer transport distance. The ARS method has
an advantage over the VFA method with its relatively simple routing,
which is probably due to the fact that the ARS method can better
integrate the longer routes into the overall route. It can therefore
be deduced that customers with a longer journey have an advantage
over customers with shorter requests. In future work it would also be
interesting to investigate whether this effect would be reflected in rural
regions, where longer journeys are more common.

6. Conclusion

While dynamic vehicle routing problems with stochastic customer
requests require a decision to be made on the service offering and
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Fig. 8. Simulation extended to a four hour window.

the respective routing, the solutions from the literature typically fo-
cus their efforts on one of the two decision components. In this pa-
per, the anticipatory-routing-and-service-offering ARS was proposed,
which combines the multiple scenario approach and value function
approximation. The ARS method combines an approach that focuses
on acceptance decisions of requests with an approach that focuses on
anticipatory routing to outperform the single components and even
provides significant improvements even in cases where the individual
components did not provide much benefit. The influences of the com-
ponents between each other are analysed. The integration takes place
at the consensus function of the MSA, which is replaced by a VFA
component.

The performance of the method is tested in experiments using real
world data on customer transports of taxis from the New York area.
In almost all cases, the integrated method achieves better results than
the respective individual components, improving not only the total
reward but also the accepted requests. It is found that this performance
is particularly high with a heavy workload and thus a large number
of decisions to be made. It can be observed that the less room there
is for service offering decisions due to fewer requests, the higher the
advantage from the anticipatory routing component, as the requests
are better integrated into the route. The more requests received, the
more important the service offering component becomes. In addition,
it can be said that the ARS method has a particular advantage when the
problem has a high degree of freedom in decision-making. This means
that there are a sufficient number of feasible decisions in a state to
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choose between. In the future, larger fleet sizes should be tested to
confirm the assumption that a longer learning phase may enable ARS to
outperform the other approaches. Furthermore, as our methodological
combination is general, it might be tested for related SDVR-problems,
e.g., from the field of courier services or meal delivery.
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Appendix A. Longer simulation time window

For the methods discussed in this paper, the simulation effort in-
creases drastically with an increase of the time horizon length. This
is presumably due to our implementation of the k-opt method. For
this reason, the time window was set to one hour. However, to show
that larger time windows still lead to a good performance of the ARS
method, Fig. 8 shows the learning curve of the MSA and ARS method.
Here, the time window for two vehicles with 50 requests was extended
to four hours. The ARS method is still able to outperform the MSA
method by approx. 3.6% after 500,000 iterations.
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Appendix B. Learning progress dependency on the k-parameter

As observed in Section 5, the parameter k for the k-Opt procedure
has little effect on performance in the long term. However, it can
be observed that a good choice of the parameter early and in the
medium term can have a positive effect on the learning progress. When
comparing different parameters, it is noticeable that a too small choice
of the parameter leads to a delay in the learning progress, as shown by
the solid blue line in Fig. 9.

Appendix C. Change of reward function to number of customers
transported

To analyse how the ARS method learns under alternative reward
models, a new reward function is introduced for this section. In this
reward function, each customer pays a fixed price of « for a transport,
which makes the price independent of the distance transported. The
reward function can be formulated as

ifd, =1
Rispxp =4 %
0 ifd,=0.

(22)
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When using the new reward function, the number of accepted
requests is maximized. The reward function used previously maximized
the distance transported by customers. The results of the experiment
can be found in Fig. 10. It can be seen that ARS still shows superior
performance. It can also be observed that VFA performs worse than
Cheapest Insertion and MSA. However, the gradient of the learning
curve of VFA indicates that more learning periods might have been
necessary to outperform CI and MSA. It is interesting to observe that
the CI method with this reward function leads to good results relative
to experiments with the previous reward function.

Appendix D. Learning progress with longer advance notice of
customers for their requests

The objective of this section is to investigate how the ARS and the
benchmark approaches can deal with less short-term planning. In the
experiments of this paper, when announcing a request r;, the customer
can define a pick up time ti in the service horizon T with an arbitrary
positive time difference to the request time ,. A pick up time 1! may
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Fig. 11. Simulation with more time between request communication and pick up.

therefore occur at very short notice, which may favour the algorithms’
ability to anticipate.

In order to reduce the short-term nature of the planning for the
experiment in this section, a fixed interval of 15 min is added to the
random positive interval between request r, and pick up ti. With a time
window of one hour, about half of all requests arrive before the start
of the service horizon T'.

The results of the experiment with less short-term planning can be
found in Fig. 11. It can be seen that the ARS algorithms can prevail
against the benchmark algorithms. However, it is interesting to see that
it does not achieve this as clearly as in the other experiments. This
is probably due to the circumstance that the two methods MSA and
VFA, which were combined for the ARS method, include strategies of
anticipating the stochastic process. The more long-term the planning
becomes, the less important these strategies become. This also seems
to explain why CI performs so relatively well in this experiments.
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