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Material handling by means of autonomous mobile robots (AMRs) is a phenomenon that has
gained momentum in the last few years, as the perception and decision-making capabilities
of the robots increase, and as computers become more powerful and can control larger and
larger fleets. In modern industrial applications, fleets of AMRs operate in a heterogeneous
environment, shared with humans and other vehicles and obstacles. In this work we model
the features of a modern production environment and thus formulate the Conflict-Free Electric
Vehicle Routing Problem (CF-EVRP). The inputs to the CF-EVRP are:

« information on the fleet (how many AMRs, of what type, and their operating range);
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« list of tasks to execute (location in the plant and time windows for execution);
« plant layout (road segments, allowed travelling direction, and depots location).

Solving the CF-EVRP provides a schedule for the fleet of AMRs to execute the tasks within
their time windows, and to account for the AMR’s limited operating range, so that the charging
time at the depots is part of the schedule. Moreover, the CF-EVRP includes capacity con-
straints on the road segments, limitations on the number of robots that can travel on road
segments at the same time.

The overall problem is to find solutions that satisfy all constraints while avoiding travelling
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unnecessarily long routes, and at the same time meet the stipulated time-windows to deliver
material just-in-time. The compositional algorithm (ComSat) presented in this work is based
on the idea to break down the overall scheduling problem into sub-problems that are easier
to solve, and then to build a schedule based on the solutions of the sub-problems. ComSat
is designed to work well for industrial scenarios where there are good reasons to believe that
feasible solutions do exist. This is a reasonable assumption as in an industrial setting where
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a sufficient number of mobile robots can be assumed to be available.
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I don’t claim to be a mathematician, but these words inspired my work. . .
“Mathematics, he said, isn’t merely a question of applying rules, any more than
science. It doesn’t merely make the most combinations possible according to certain
fized laws. The combinations so obtained would be exceedingly numerous, useless
and cumbersome. The true work of the inventor consists in choosing among these
combinations so as to eliminate the useless ones, or rather, to avoid the trouble
of making them, and the rules that must guide the choice are extremely fine and
delicate. It’s almost impossible to state them precisely; they must be felt rather than

formulated.”
Robert M. Prising on Henri Poincaré

Zen and The Art of Motorcycle Maintenance
1974






Abstract

The recent advances in perception have enabled the development of more au-
tonomous mobile robots in the sense that they can operate in a more dynamic
environment where obstacles surrounding the robot emerge, disappear, and
move. The increased perception of Autonomous Mobile Robots (AMRs) allow
them to plan detailed on-line trajectories in order to avoid previously unfore-
seen obstacles, making AMRs useful in dynamic environments where humans,
traditional fork-lifts, and also other mobile robots operate. These abilities
contributed to increase automation in logistic applications. This thesis dis-
cusses how to efficiently operate a fleet of AMRs and make sure that all tasks
are successfully completed.

Assigning robots to specific delivery tasks and deciding the routes they
have to travel can be modelled as a variant of the classical Vehicle Routing
Problem (VRP), the combinatorial optimization problem of designing routes
for vehicles. In related research it has been extended to scheduling routes for
vehicles to serve customers according to predetermined specifications, such as
arrival time at a customer, amount of goods to deliver, etc.

In this thesis we consider to schedule a fleet of robots such that areas
avoid being congested, delivery time-windows are met, the need for robots
to recharge is considered, while at the same time the robots have freedom to
use alternative paths to handle changes in the environment. This particular
version of the VRP, called CF-EVRP (Conflict-free Electrical Vehicle Routing
Problem) is motivated by an industrial need. In this work we consider using
optimizing general purpose solvers, in particular, MILP and SMT solvers are
investigated. We run extensive computational analysis over well-known combi-
natorial optimization problems, such as job shop scheduling and bin-packing
problems, to evaluate modeling techniques and the relative performance of
state-of-the-art MILP and SMT solvers.

We propose a monolithic model for the CF-EVRP as well as a composi-
tional approach that decomposes the problem into sub-problems and formu-
late them as either MILP or SMT problems depending on what fits each
particular problem best. The performance of the two approaches is evaluated
on a set of CF-EVRP benchmark problems, showing the feasibility of using a
compositional approach for solving practical fleet scheduling problems.

Keywords: Job Shop, Vehicle Routing, Bin Sorting, SMT, MILP.
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CHAPTER 1

Introduction

The past few decades have witnessed a change of paradigm: the main pro-
duction resources are no longer human beings, but robots and computers.
This is happening not only on the shop floor, but at every echelon of the
production. This thesis focuses on solving logistic problems involving a fleet
of Autonomous Moving Robots (AMRs). It investigates efficient methods to
schedule AMRs with limited operating range, such that they can pick up and
deliver goods throughout the plant within given time windows. Moreover, the
schedule is such that the AMRs do not incur in conflicts with each other, i.e.,
they do not block each other’s way due to geometrical limitations of the paths
they are travelling on.

1.1 Automation in Modern Production Facilities

Modern technologies are revolutionizing the industrial world. Machines can
execute calculations faster and more reliably than humans. Computers can
schedule the production in a matter of minutes, saving hours or even days of
pen-and-paper work. Robots are nowadays advanced enough to execute com-
plex manufacturing or assembling tasks [1], thus being able to replace human



Chapter 1 Introduction

workers in an ever growing number of situations. The world is experiencing
an unprecedented shift towards automated production.

Another important truth about modern production can be effectively ex-
pressed by the following quote:

“Chances are, if something can be expressed as a mathematical equation,
then at some point somebody will want to minimize it.” [2]

When it comes to modern production systems, different solutions in terms of
process design or manufacturing plan can affect some outcome parameters; it
could be a direct cost, or the manufacturing time, or it could be environment
related, such as overall COy emissions. Therefore, not every solution has
the same quality. Companies want to increase their profit and decrease their
cost, governments want to reduce pollution. No matter what the parameter
to control is, the goal is to find, among all possible solutions, the one that
optimizes (minimizes or maximizes) it.

One important task that has drawn the attention of both academia and
industry in the last decades is planning and Scheduling 3], [4]. In a nutshell,
planning is the task of deciding what and how much needs to be done, while
scheduling is the task of deciding who needs to do it and when [5]. As indus-
trial systems grow larger and more complex, manual planning and scheduling
is no longer an option.

However, even for the most advanced computers, computing a plan or a
schedule can be challenging. The large size and the complex requirements of
modern scenarios have added so many degrees of freedom to the industrial
systems, that the number of possible solutions can be in the same order as
the number of atoms in the universe, or even larger. Therefore, brute force
enumeration is not an option, because it could take up to thousands of years
to check all the solutions.

Fortunately, in many cases, brute force enumeration is avoidable. One can
reason about the problem and find relations among its elements to develop
algorithms that quickly find a solution. For some problems it is actually pos-
sible to quickly find the optimal solution with respect to a certain parameter
by means of these tailor-made algorithms; let us label the problems whose
solution can be found quickly as tractable.

On the other hand, many problems are not tractable; there exist problems
that are proved to be hard to solve (further details about this are given in
Section . In general, even for hard problems it is still possible to design
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algorithms that are better than brute force enumeration, but such algorithms
may still be too slow.

While the definition of tractable and hard problems will be provided in
formal terms in the next chapter, let us now focus on what are the implications
when dealing with one class of problems or the other. The key factor in
industrial applications is the time available to solve the problem. If a problem
is tractable, we can assume that no matter what instance of such problem
we have to solve, we will have enough time to produce a solution. On the
other hand, for hard problems, time becomes a constraining factor, and it is
imperative to come up with a solution in reasonable time.

When a hard problem involves optimization, one option is to trade quality
for time [6]. In other words we accept a worse solution, in terms of the param-
eters to optimize, as long as we can compute it faster. One common strategy
when dealing with hard optimization problems is problem decomposition; rele-
vant decomposition methods are Lagrangean decomposition 7|, column gener-
ation [8], and more recently Benders decomposition |9]. The original problem
(often called master problem) is broken down into sub-problems, and so is its
complexity. The sub-problems are then iteratively solved and their solutions
are used to build a solution to the original problem. This fragmentation of
the original problem may cause a loss of information, therefore it is not al-
ways possible to guarantee that the solution found will be optimal. However,
the sub-problems are easier to solve and even if it takes multiple iterations to
achieve a solution to the original problem, the overall computation time can
be shortened.

1.2 General Purpose Solvers and Optimization
Problems

Solving different problems requires different algorithms. However, there exist
more general algorithms that are able to compute solutions for several prob-
lems. For instance, Mixed Integer Linear Programming (MILP) [10] can be
used to solve problems arising from real-world systems, as long as such systems
can be described by linear constraints and objective function. On the other
hand, MILP is not the only approach that provides a general framework to
deal with linear constraints. Among other approaches, Satisfiability Modulo
Theory (SMT) [11] is nowadays a viable alternative and have in quite a few
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cases showed interesting performance when dealing with industrial problems,
as in [12] and [13].

Over the years, powerful MILP and SMT solvers have been developed [14],
[15]. These solvers provide a flexible framework to model many industrial
problems. The end user does not need to be an experienced computer scientist
to develop an algorithm that will solve the problem. Instead they need to be
able to model the problem, if possible, as a set of linear expressions and then
feed it to the solver.

Modern solvers can quickly solve large models, counting up to tens of thou-
sands of variables and expressions |16]. Even so, modern industrial problems
are sometimes so complicated that these solvers are not able to provide a good
enough solution within the available time. For these reasons, a tailor-made al-
gorithm can be designed to solve a specific problem, because by exploiting the
problem structure, it can yield a better performance in terms of computation
time.

In some cases a hybrid approach can prove very efficient [17]-[20]; an overall
algorithm is developed to solve the problem by means of problem decompo-
sition, and then the sub-problems resulting from breaking down the original
problem are solved by means of general purpose solvers.

1.3 The Conflict-Free Electric Vehicle Routing
Problem (CF-EVRP)

The main industrial problem tackled in this thesis is called the Conflict-Free
Electric Vehicle Routing Problem (CF-EVRP). This problem is about com-
puting a schedule for a fleet of AMRs with a limited operating range and the
ability to recharge their batteries at the depot. The schedule must be such
that the robots are able to deliver goods to customers within given time win-
dows. Also, the schedule must account for geometrical limitation of the road
segments the AMRs are travelling on, so that they do not block each other’s
way.

Material handling by means of AMRs has been gaining momentum for quite
some years now [21]. Traditionally, the mobile robots used for logistic oper-
ations work in a controlled environment, following predefined lanes and with
low to no interaction with other robots or humans. This is so because of the
inherent complexity of an ever changing environment such as a manufacturing
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or assembly plant, and the limited perception and decision capability of the
robots.

This trend is changing [22] as the perception and decision capabilities of
the robots increased over the years. The new challenge is to use large fleets of
AMRs that can navigate through a maze of corridors, shelves, and worksta-
tions, react to changes in the environment, and deliver components in time to
ensure the production schedule is not disrupted. As the number of robots in-
creases, and as they are allowed to operate next to humans and other vehicles,
so does the possibility of the robots running into static or dynamic obstacles.
Therefore the AMRs have to be able to plan their trajectory on-line in order
to avoid such obstacles; they also have to be able to avoid conflicts with other
AMRs. Beside obstacles avoidance, the AMRs have to manage their battery
level in order to be able to execute their task and go back to the charging
station; most important of all, they have to meet the time windows for pickup
and delivery operations. They cannot be too late in order to avoid disrup-
tion in the production schedule, nor can they be too early in order to avoid
congestion by the workstations.

The schedule for a system like the one described may need to be continuously
updated, because every time a change occurs, the old schedule may become
obsolete; if a pallet is suddenly left in the middle of a road, blocking the
transit of AMRs in both directions, all the AMRs using that road would have
to be re-routed and may then interfere with other AMRs schedules; if an AMR
breaks down, its task would have to be assigned to a new AMR.

Every time a change occurs, a new schedule must be computed in order to
guarantee continued production. However, computing a schedule can be very
challenging; as mentioned before, the number of factors to take into account
is high, and they intertwine with one another, creating an even larger number
of possible solutions. Moreover, when scheduling the AMRs, minimizing the
travelled distance, or the number of vehicles required, or the level of conges-
tion in the plant is usually desired, therefore optimization is required. Finally,
the requirement of delivering goods within given time windows further compli-
cates the problem, making it hard to even find any solution for some specific
instances, least of all an optimal one.

It is clear that brute force enumeration is not an option for this problem.
Even the state-of-the-art solvers are not fast enough to compute a schedule
within seconds (they actually take several minutes to solve rather simple in-
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stances [23]). As mentioned before, the existence of time windows for the
execution of the tasks makes it challenging to develop heuristic algorithms for
quick computation of a solution. Also, though optimality may be out of reach
for this problem, the quality of the solution cannot be completely disregarded.

Our approach to this problem is to break it down into sub-problems and
develop a tailor-made algorithm to iterate through the sub-problems in order
to find a solution to the original problem. Some of the sub-problems require
optimization and are therefore solved by means of optimizing general purpose
solvers. The choice of the solvers for the specific sub-problem (mainly between
MILP and SMT) is also a result of this research, as different solvers have been
tested over benchmark instances of well-known combinatorial optimization
problems.

1.4 Research Questions

This thesis explores the following research questions:

RQ1 What are the strengths and weaknesses of SMT solvers and how do
they compare to MILP solvers when used to solve industrial problems?

SMT solvers emerged within the computer science community and were
originally employed for software and hardware verification. More recently
they have been used as solving tools in other fields. Therefore evaluating them
on different industrial problems could reveal their strengths and weaknesses.
Moreover, it is interesting to evaluate SMT solvers against MILP solvers on
different classes of problems and find out whether one technology outperforms
the other, when and, possibly, why.

RQ2 How can the strengths of SMT and/or MILP solvers be exploited and
combined to design an efficient algorithm for the CF-EVRP?

A strategy to solve the CF-EVRP in shorter time is to break it down into
sub-problems. Since each sub-problem is solved on its own, different strategies
can be applied depending on the problem features. MILP and/or SMT could
be used as back-end solvers in a compositional algorithm designed to find a
solution to the overall problem by iteratively solving the sub-problems. The
method does not guarantee to find the optimum but it can still provide close-
to-optimal solutions while significantly shortening the solving time.
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1.5 Methods

In order to gather information about MILP and SMT, different problem classes
have been studied: Job Shop (JSP) [24], Vehicle Routing (VRP) [25], and Bin
Sorting (BSP) [26]. For each of these problems, benchmark instances are
available (see Section [2.2)). In this thesis, mathematical models have been
formulated, based on existing literature about the problems and then solved
using both MILP and SMT solvers. Comparison is based on running time
necessary to find the optimum, or accuracy (gap between optimum and current
best estimate) when timeout is reached.

For the CF-EVRP, we formulated a monolithic approach and evaluated it
on some generated problem instances using SMT; We then broke down the
problem into sub-problems and for each of them, we formulated mathematical
models and designed a compositional algorithm to iteratively solve the sub-
problems to find a solution to the CF-EVRP. Some sub-problems are solved
using SMT solvers, while others are solved using MILP solvers.

1.6 Contributions

The contributions of this thesis are the following:

o Evaluation of different model formulations of three well-known optimiza-
tion problems, namely the JSP, the BSP, and the VRP, implemented
both as MILP and SMT;

o Formulation of the CF-EVRP problem;

e Decomposition of the CF-EVRP into sub-problems and mathematical
formulation of each of them:;

e Design of the compositional algorithm ComSat to find a solution to the
CF-EVRP by iteratively solve the sub-problems it is decomposed into;

o Evaluation of the performance of ComSat against a monolithic formu-
lation of the CF-EVRP implemented as SMT, over a set of generated
benchmark instances;

¢ Improvements on ComSat by exploiting SMT Unsat Core.
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1.7 Outline

This thesis consists of two parts. Part I is a general introduction to the field
and puts the appended papers into context. Part II contains the appended
papers. Part I is organized as follows: Chapter [2]gives an overview on the topic
of problem complexity and provides examples through some specific problems
investigated during this research project. Chapter [3| provides background
knowledge about MILP and SMT, and compares these two methods over the
problems presented in Chapter 2] Chapter [] gives an in-depth overview of
the CF-EVRP. Chapter [] formally describes the CF-EVRP and presents the
monolithic approach (MonoMod) and the compositional algorithm ComSat.
Chapter [6] summarizes the contributions of the included papers. The thesis
ends with closing remarks and directions for future work in Chapter [7}
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CHAPTER 2

Optimization Problems in Automation

In the previous chapter we qualitatively introduced the concept of problem
complezity and discussed the issue of dealing with hard problems, especially
when time is a constraining factor and a solution cannot take too long to gen-
erate. In this chapter, problem complexity is discussed in more quantitative
terms in order to be able to define the complexity of the CF-EVRP and mo-
tivate the need to design an algorithm that can handle such complexity and
compute a solution in an acceptable time.

2.1 Problem Complexity and Efficient Algorithms

In the previous chapter, the words problem and solution have been used several
times; let us now provide some formal definitions to better understand the
following topics.

o Variable: a symbol that represents an element of the studied system and
may assume any value from a predefined set of values called the domain;

e Constraint: a condition involving a subset of the problem’s variables;

11
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o Objective function: a function involving a subset of the problem’s vari-
ables, where the domain is the cross product of the domain of the func-
tion’s variables, and the co-domain is a real value to be maximized or
minimized;

Given a real-world problem, it is possible to formulate a mathematical model
by defining a set of variables to represent the different entities of the system
of interest, and a set of constraints to represent how these different entities in-
teract with each other. Moreover, if the real-world problem is an optimization
problem, the model will also include an objective function. An assignment of
values to the variables from their respective domains can be be divided into
two categories:

o Feasible: if all constraints in the model are satisfied.
o Infeasible: if at least one constraint in the model is not satisfied.

Feasible assignments, henceforth called solutions, can be further divided into
two categories:

o Optimal: if the assignment of values leads to the smallest (or largest)
possible value of the objective function, given the valid domain of the
variables, for a minimization (or maximization) problem. Note, that
there can exist several optimal solutions to the same problem, i.e., dif-
ferent solutions with the same objective function value;

e Sub-Optimal: if the solution is worse than optimal.

Some additional definitions needed to talk about problem complexity:

e Algorithm: a finite sequence of instructions that can be mechanically
carried out, such as a computer program that always terminates [27].

e Search-space: the set of all possible assignments to the problem, both
feasible and infeasible.

The search-space is introduced in order to discuss the efficiency of different
algorithms that aim to solve the same problem. In fact, an inefficient algorithm
such as brute-force enumeration may have to search the entire search-space
before terminating. On the other hand, when an efficient algorithm exists to

12
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solve a problem, it may be sufficient to check only a few assignments before
finding a solution.

It is now possible to classify problems based on the efficiency of the known
algorithms to solve them. We say a problem is tractable if there exists an
efficient algorithm to solve it, hard otherwise. In turn, an algorithm is said
to be efficient if it runs in polynomial time, i.e., it can find a solution to a
problem in a number of steps, and therefore a time, that is in the worst case
polynomially proportional to the size of the problem [28]. If the number of
steps is worse than polynomial, the algorithm cannot be called efficient.

Let us clarify this point by first talking about the size of a problem. For
a given problem, there may exist instances of different sizes. The size is
usually defined by one or more parameters of the problem. For example, let
us assume that we want to sort a list of numbers in increasing order. What is
the complexity of this problem? How large is its search-space? How efficient
is an algorithm to solve the problem? We are going to formulate the problem
as an assignment problem where the numbers to sort have to be assigned
a position in the sorted list. The first thing to do is to understand what
determines the problem size. In this case it is the number of elements to sort.
The next step is to formulate a mathematical model of the problem. Let us
define the set of variables that describe the problem. This will also allow us
to determine the search-space.

Let T = {i1,...,tn} be the set of n items to sort. Then let x, be the
variable modelling the position of item ¢ € Z in the sorted list. We will use
one variable for each item in Z and each variable can be assigned a value in the
integer range [0, n]. Therefore the search-space size of this problem, using this
modelling approach, and including both feasible and infeasible assignments,
is n™. To be more specific, the number of possible permutations of a list of
elements of size n is n! < n™; however, using the set of variables xz,, + € T
there can be (infeasible) assignments where two or more variables have the
same value, meaning that two or more elements occupy the same position.

The next step is to formulate the constraints that relate the variables to each
other. To do so, let us define, for each element ¢ in Z, the set of elements from 7
that are smaller than or equal to ¢; let suchset be S, ={/ € Z |/ <.}, Vi € T.
Note, that S, = @ when ¢ is the smallest element in the list.

13



Chapter 2 Optimization Problems in Automation

Then we have the problem formulation:

1<z, <n, VieZl (2.1)
T, # Ty Vi, €I, v# 4
T, > Ty YeeTI, /€S,

Constraint defines the domain of the variables; constraint forces
each value to be placed in a different position; constraint places larger
values after smaller ones. By changing the sign in from > to < the
solution to the model will be a list sorted in descending order.

This formulation could be implemented and solved using a MILP solver;
the best algorithms known for MILP are worse than polynomial in time [29].
However, sorting a list in ascending (or descending) order is known to be a
simple problem. In fact, for a list of » numbers, it takes nlog(n) steps in
the worst case to sort them [30]. This example clarifies the point made in
the previous chapter; reasoning about the problem allows to figure out its
properties and exploit its structure to design better algorithms to solve it.
Since sorting can be formulated as a MILP problem, it is possible, but not
efficient, to use a MILP solver and compute a solution. However, sorting does
possess a structure that allows to solve it in polynomial time by designing a
specific algorithm for the purpose.

P vs. NP

In this section the definition of tractable and hard problems is formalized by
introducing the complexity classes P and N'P. There exist several complexity
classes, but for the current discussion we restrict ourselves to P and N'P.

Before talking about complexity classes though, it is necessary to define a
class of problems called decision problems. A decision problem is a problem
whose solution is a yes/no answer [31]. For instance, given a model, verifying
whether there exists a feasible assignment or not, is a decision problem.

Also, the following discussion is based on the assumption that no efficient
algorithm exists to solve problems in NP. Such assumption is commonly
believed to be true, though any attempt to prove it has failed so far.

P is the class of decision problems for which there exist a polynomial al-
gorithm to solve them; a problem in P is called tractable. For some decision
problems that do not belong to P it is still possible, given a solution to the

14
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problem, to verify its correctness in polynomial time. These problems belong
to the class N'P. Of course, if solving a problem takes polynomial time, so
does verifying a given solution, therefore P C NP. Problems in NP that are
not in P are said to be hard.

Moreover, it is possible to classify the relative complexity of problems by
reducing (transforming) them into other problems whose complexity is known.
In order to formalize this concept, let us define polynomial-time reduction.

Polynomial-time reduction is the transformation of one problem into an-
other in polynomial time. If it is possible to reduce or transform a problem
X into another problem Y in a number of steps that is polynomial to the size
of problem X, then X is polynomial-time reducible to Y. In other words, we
can claim that “X is at least as hard as Y. In fact, assuming that there exist
a black boxr capable of solving Y in polynomial time, then X is solvable in
polynomial time too. For more details about polynomial reduction see |28].

A decision problem C is said to be N'P-complete if it belongs to NP and
all problems in AP have polynomial-time reduction to C. Over the decades,
many problems have been proven to be N'P-complete [28].

Everything that has been said so far about P and NP holds as long as
no efficient algorithm is found to solve a problem in NP. If that happens,
because of the polynomial-time reduction, all A’P-complete problems could
be efficiently solved, and P = N'P.

So far, we provided definitions that apply to decision problems, although in
this thesis, we actually focus on finding solutions, not only to verify whether
existing solutions are valid. However, according to [32], for NP-complete
problems, finding the actual solution is not harder than finding out whether
one exists or not.

When talking about optimization problems though, the same reasoning does
not apply. Given a solution to an optimization problem, it is not guaranteed
that there is an efficient way to verify that it is the optimal solution. Op-
timization problems belong to the class of NP-hard problems, i.e., the class
of problems that are at least as hard as the A/P-complete problems, and not
necessarily in N'P.

This section only briefly introduces the main ideas behind complexity classes,
for further details we refer the reader to [33]. However, the brief introduction
provided can help to understand the need of figuring out more efficient meth-
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ods to deal with hard problems such as the CF-EVRP. In the next section
are presented some known NP-hard, optimization problems, investigated to
evaluate the performance of SMT and MILP solvers and used to design an
algorithm for the CF-EVRP (see Chapter [5)).

2.2 Complexity of Known Optimization Problems

Let us now continue our discussion on complexity by introducing the three
problems that have been used as benchmarks for comparing general purpose
solvers in the first half of this research project; for more details we reference
the reader to the appended papers.

The Job Shop Problem

M1 h A ——
M2 IIIIIIIIIIIIII
M3

M4 |

0123456 7 89 10 time(s)

Figure 2.1: Illustration of a possible solution to a job shop problem.

The job shop problem (JSP) [34] is the A'P-hard [35] optimization problem
of assigning machines to jobs in such a fashion that the make-span is mini-
mized. In the JSP each job has to visit each machine in order to be finished;
the order of the visits is pre-defined. Also, machines can only execute one
job at a time; the duration of a job’s visit on a machine is fixed and given
as input. The problem has been studied for decades and there exists a vast
literature on exact and approximate methods to solve it |36], together with
a large set of benchmark problems ranging from small to very large. Fig-
ure shows a possible schedule for a problem concerning four jobs and four
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machines. The different patterns in the rectangles represent different jobs;
the rectangles length represent the duration of the job’s visit on the machine.
There exists plenty of literature and different sets of benchmark problems on
the VRP available for comparison [34], [37]-[40].

The JSP has variants featuring additional requirements; the flexible job
shop problem (FJSP) [41], where operations can be executed by more than
one machine; the no-buffer JSP [42] where jobs cannot leave a machine until
the next machine in the sequence is available for processing, since there are
no buffers to hold the parts. A sub-variant of this problem involves limited-
capacity buffers; there is the no-wait JSP, which involves constraints on the
elapsing time between operations of the same job, due to the perishability of
the goods, also described in [42]. Further details about JSPs and previous
studies on the subject are presented in Paper A.

For the standard JSP, even though finding the optimal solution, or even
proving that a solution is optimal is hard, it is possible to design heuristic
algorithms to produce sub-optimal solution very quickly. One would be to
simply execute all operations sequentially. It would yield a very bad objec-
tive function value, but it would be a feasible assignment, and it would take
virtually no time to compute.

The Bin Sorting Problem

>
>

e
._'7’; Bins' Capacity = 4
2] >
E —
el B R
Items Assignment

Figure 2.2: [llustration of a possible assignment for a bin sorting problem.

The bin sorting problem (BSP) is the A"P-hard [43] optimization problem
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of fitting items into bins such that the number of bins is optimal. Items
are characterized by a value indicating their size (in real world scenarios this
could represent their weight or their volume) and there exist two versions of
the BSP, one being the dual of the other. In the bin packing problem (BPP)
[26], there is a maximum capacity of the bins that cannot be exceeded and the
goal is to minimize the number of bins; in the bin covering problem (BCP),
there is a minimum capacity of the bins that cannot be under-reached and
the goal is to maximize the number of bins. Figure 2.2 shows a BPP where
nine items have to be packed in bins of maximum capacity four.

Especially for the BPP there is plenty of literature available for comparison
[44], [45], as well as five different sets of standard benchmark problems [46]—
[50]. The literature for the BCP is less exhaustive and slightly outdated,
possibly because the problem is so closely related to the BPP [51]; However,
more recent work on online BCP is presented in [52]. Further details about
VRPs and previous studies on the subject are presented in Paper B.

Also for the bin sorting problem, it would be possible to design heuristic
algorithms to provide sub-optimal solutions quickly. For the BPP for instance,
the simplest solution (and the worst one) would be to pack an item in each
bin; a better one would be to pack items in a bin until no additional item fits
and then repeat the algorithm with more bins until all items are packed.

The Vehicle Routing Problem

(a) (b)

Figure 2.3: Illustration of the vehicle routing problem.

The Vehicle Routing Problem (VRP) [53] is an N'P-hard [54] optimization
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problem of computing routes to serve customers while minimizing a cost func-
tion, typically the travelled distance, or the number of vehicles required (or
a combination of both). Customers are also characterized by a service time,
which is the time the vehicle serving the customer has to spend at the cus-
tomer’s location in order to serve it. In the VRP, for a route to be valid, it has
to start and end at the same depot (in case of multiple depots). Moreover,
each customer has to be visited by exactly one vehicle. There exist many dif-
ferent extensions of the basic problem, involving additional constraints such
as limited capacity of goods that a vehicle can carry (this corresponds to spe-
cific demands of goods for each customer) [55], limited operating range of the
vehicles in terms of travelled distance [56], time windows to deliver goods (i.e.
earliest and latest arrival time at a customer) [57], multiple depot stations,
etc. A common trait when dealing with the VRP is to treat the real world
map as a graph, where each point of interest (i.e. depots, customers) is a node
and two nodes are connected with each other by a weighted edge representing
their distance. There exists plenty of literature and different sets of bench-
mark problems on the VRP available for comparison [56], [58]. Also, [59)
presents a review of different models, classifications and solving algorithms.
Further details about VRPs and previous studies on the subject are presented
in papers C, D, and E.

Once again, finding the optimal solution is hard, but, as for the previous
two problems, it is possible to develop heuristic solutions that will produce
sub-optimal solutions quickly. For instance, having one vehicle serving all the
customers, or having one vehicle for each customer.

2.3 Complexity of the CF-EVRP

So far we have seen problems that are hard to solve to optimality, but tractable
if the goal is to find a sub-optimal solution for them. As we mentioned in the
previous chapter though, there exist problems that are hard even when the
goal is finding any solution at all. In scheduling, one factor that seems to
further complicate things is the existence of time windows for the execution
of an operation (JSP) or the serving of a customer (VRP). In fact there is no
guarantee that the solutions provided by an heuristic algorithm will meet the
time windows for the operations/customers.

This is exactly what happens in the CF-EVRP. The time windows for the
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delivery of goods to the workstations constrain the execution time, while the
limited capacity of the road segments may require the vehicles to wait for each
other or to take longer routes in order to avoid blocking each other’s way. In
such a scenario it is impossible to define a simple heuristic to find a solution,
because infeasibility can be caused by a combination of factors. It is therefore
necessary to try different assignments and backtrack when one turns out to
be infeasible.

The approach described in the previous paragraph may sound naive, since it
is basically a trial and error strategy. However, there is still much reasoning
that can be done in order to avoid trying assignments that are obviously
infeasible. Moreover, it is also possible to learn from infeasible assignments
and steer the search based on them. In Chapter [f] is presented an in-depth
discussion over the Compositional Algorithm (ComSat) developed to solve the
CF-EVRP by efficiently and incrementally build an overall solution based on
the solutions of the sub-problems the CF-EVRP is broken into.

Before diving into the details of how to solve the CF-EVRP efficiently, an
overview on MILP and SMT is given in the next chapter, and then a formal
description of CF-EVRP itself is given in Chapter [4
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CHAPTER 3

On Satisfiability Modulo Theory and Mixed Integer
Linear Programming

As MILP and SMT play an important role in this thesis, we will here give a
brief introduction on how to utilize these techniques. The purpose of the fol-
lowing sections is to present the main concepts regarding the two approaches;
therefore no proofs are provided nor any in-depth explanations. Instead, we
refer the reader to relevant literature. For a thorough introduction to MILP
see [60], and for SMT see, for example, [61].

3.1 Mixed Integer Linear Programming (MILP)

In order to understand how MILP works, it is necessary to first understand
linear programming (LP). The difference between MILP and LP is that in
LP all variables are real-valued, while in MILP a subset of the variables can
be integer, or binary. An LP problem is a conjunction of linear inequalities
together with a linear objective function over a set of real variables. As a
convention, a linear problem is a minimization, though it can easily be con-
verted into maximization (or the other way around) by changing the sign of
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the objective function.
A general linear problem counting n variables and m constraints takes the
standard form:

min ¢’'#
such that A,, ,@ <b
>0
where ¥ = [71,...,2,] is a vector containing the decision variables, ¢! =
[c1,...,cpn] is an array of coefficients for the objective function, b is a column

vector of the right side values, and A,, ,, is a coeflicient matrix.

The following example with two variables  and y can be shown on the
plane where each constraint is represented by a line and since the problem is
a conjunction of them, they all have to be fulfilled, together with the & > 0
constraint, thus defining an area called the feasible region, a portion of the
plane where all possible solutions to the problem lie.

min —0.752 —y (3.1
such that r+y<4 (3.2)
15z +y<5 (3.3)

z,y >0 (3.4)

In the problem, is the objective function, and are the linear
inequalities, and is the non-negativity constraint over the variables.

In Figure (a), constraints and , represented by the blue and
red line, together with the non-negativity of the variables, define the feasible
region shown as the gray area. Any feasible solution to the problem lies
within that area, while any point in the white area conflicts with at least
one constraint. By formulating a problem in standard form, i.e., by having
only linear inequalities with the symbol ”<“ it is possible to represent it
graphically (as shown in Figure . It is always possible, given a linear
problem, to convert it into standard form. When all constraints are linear,
the feasible region has the shape of a convex polygon and the optimal solution
corresponds to one or more of its extreme points.

The objective function represented by the green line in Figure (b) is

22



3.1 Mized Integer Linear Programming (MILP)
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Figure 3.1: Illustration of the feasible region (a) and objective function (b) for the
LP example.

used to determine which extreme point(s) corresponds to the optimal solution.
In fact, let’s assume it is possible to shift the objective function along its
perpendicular and position it on the extreme points of the polygon. Depending
on its expression, its value will increase or decrease as it shifts upwards or
downwards. In the example, since the coefficients of z and y are negative,
when shifting it upwards its value will decrease. When we position it on an
extreme point, the corresponding solution is given by solving the system of
inequalities that represent the lines touching that point. At the same time
the objective function value is calculated by plugging in the solution into the
objective function expression.
In the example above, the extreme points of the feasible region are

(0,0), (19/3,0), (2,2), (0,4),

the objective function can assume the values 0, —2.5, —3.5, —4 when touching
each point. Since the problem is a minimization, the optimal solution is the
one corresponding to the smallest value of the objective function, i.e., the
point (0,4). Graphically, we can see as (0,4) is the furthest point that the
objective function can touch before "leaving“ the feasible region.

One particular case is when the objective function is parallel to one of the
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Figure 3.2: Illustration of the feasible region when the integrality constraint ap-
plies.

lines touching the extreme point to the optimal solution. In that case, in fact,
the objective function will be touching two points, not one. Both points are
optimal, as well as all the points in between them. In this case there is an
infinite number of optimal solutions. It could also be thought that there exist
no feasible region, i.e., no assignment to the variables that satisfies all the
constraints.

As of today, the most widely used algorithm to solve linear problems is the
Simplex algorithm [62]. Its complexity is in the worse case exponential in
the problem size; nonetheless it performs pretty well in practice. There is a
polynomial algorithm to solve linear problems, the Interior Points algorithm
[63], that in practice though does not perform as well as the Simplex algorithm.

When the variables are restricted to be integer, there is no guarantee that
the optimum lies on a vertex. Figure shows again the feasible region
of a problem but this time the integrality constraint applies and only the
points marked by a star are actually feasible. In this case, the extreme point
corresponding to the optimal solution, happens to be integer, therefore solving
the relaxed LP would yield a feasible solution to the MILP problem too.

One possibility to solve a mixed integer linear problem is to apply a branch
and bound algorithm; based on the fact that solving a relaxed version of the
problem,i.e. the integrality constraint on all the variables is removed, yields a
solution at least as good or better than the solution of the original problem,
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the algorithm iteratively solves relaxed problems to find tighter and tighter
bounds for the original one, until the gap between the bounds falls below a
desired threshold.

An example can be used to clarify the procedure:

min —50x7 — 2025 — 60x3
s.t. 221 + o + 223 < 120.5
31 + 2z9 + 223 < 150
x> 20

r1,T2,T3 € N

In the problem above, the integrality constraint over the variables is in-
cluded; this means that the objective function value z may be fractional,
depending on the coefficients (this is not the case here since they are all in-
teger as well), but the values of the decision variables x1, x5 and x3 must be

integer.
z = —3510
@ x=2095355
X2 =9 T xp=36
x, =10 )
z=-3505 ) x3 = 35 .
x = (20,9,35.75) (2] (3] @ @
X3 =9 . x5 <9
x3 =35 \x3 = 36
z = —3493.3
x = (206,935 @ (5
- Xy =9
z=—3460 Y, <0 <35
x=(20,9,35) Yy <35 =1

x; =20
Figure 3.3: Illustration of branch and bound steps.

Figure shows some of the steps that a branch and bound algorithm
would take to find an (possible multiple equally good) optimal solution to the
problem. In step 1 the relaxed problem is solved and the optimal value is 3510
but the solution is not feasible for the original problem because x5 and x3 are
not integer numbers. This leads to four alternatives, represented by nodes
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2, 3, 8, and 9, respectively. An additional inequality is added that restricts
the variable domain to be either smaller than or equal to the floor or larger
than or equal to the ceiling of its current value. In node 2, x5 is restricted to
be smaller than or equal to 9 (its value from the previous iteration was 9.5).
The relaxed problem with the additional constraint is solved again and this
time the optimum is 3480 but the solution is still unfeasible for the original
problem, since x3 is 35.75. We can branch again by adding another inequality:
either x5 is larger than or equal to 36 (ceiling of 35.75) or it is smaller than
or equal to 35 (floor of 35.75).

The process goes on until a feasible integer solution is found, as happens in
node 6. Now we have a lower bound for the original problem z = 3460. From
now on, every time we explore a branch we can stop whenever we found a
solution whose value is smaller than the current z and prune (stop exploring)
that branch because we know that no better solution can be found there since
going down a branch we can only find worse and worse solutions because we
keep shrinking the feasible region.

When an integer solution is found, the search on that branch is over. If the
optimal value for the current relaxed problem is better than the current lower
bound, this becomes the new lower bound and the search starts on another
branch. The algorithm terminates when all branches are either searched or
pruned. Note that this example concerns the maximization of the objective
function.

There exist techniques that build on top of the branch and bound algo-
rithm to increase the performance but as of today, solving a mixed integer
linear problem is computationally demanding and many problems still remain
intractable [64]. The reader is referred to [60] for further details.
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3.2 Satisfiability Modulo Theories (SMT)

In this section a background on Satisfiability Modulo Theories (SMT) is given;
the focus is on describing how SMT solvers find satisfiable assignments. The
search for optimal solutions is not described in detail as there are many differ-
ent algorithms that can be built on top of a solver to drive its search for the
optimum, while the decision process for feasibility is common among them all.
However, a brief discussion on optimizing SMT solvers is provided at the end
of the section. In the following, some terminology is given:

Literal: a literal is either a variable or its negation. A literal is negative if it
is a negated variable, and positive otherwise. A positive literal is satisfied if
its variable is assigned to True. Similarly, a negative literal is satisfied if its
variable is assigned to Fulse.

Clause: several literals connected by logical disjunction V [65]. A collection
of one or more conjuncted and/or disjuncted clauses is called a formula. An
empty clause is always Fulse.

Conjunctive Normal Form (CNF): a formula is in conjunctive normal form
if it is a conjunction of disjunctions of literals, i.e., it has the form

AV
i\ J

where [;; is the j-th literal of the i-th clause. An empty CNF formula is always
True.

In order to understand how SMT solvers work, it is necessary to discuss
Boolean satisfiability [66] (SAT). A SAT problem is formed by a formula
of Boolean variables in conjunctive normal form. Solving a SAT problem
means finding an assignment to each variable (either True or False) that
makes the whole formula True, or providing a counterexample that shows
that the formula is unfeasible. Although SAT is in general N"P-complete [67],
over the years SAT solvers have become very efficient and can nowadays solve
large problems counting even millions of variables and clauses in relatively
short time [68].
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When modelling a system, often CNFs are not the most user-friendly way
to represent its behaviour; fortunately, there exist ways to transform any for-
mula into a CNF formula, and it can be done efficiently by using Tseitin’s
linear encoding [69]. The reason why it is worth to spend computation time
on transforming a formula into CNF is that since it is a conjunction of clauses,
as soon as one clause is determined unsatisfiable, the whole formula is unsat-
isfiable. This property can be exploited by SAT solvers to efficiently solve
many problems involving a high number of variables.

State of a clause under an assignment: a clause is satisfied if one or more
its its literals are satisfied (True), conflicting if all of its literals are assigned
but the clause is not satisfied, unit if it is not satisfied and all but one of its
literals are assigned, and unresolved otherwise.

If a clause is unit, this means that all but one of its literals are assigned
but the clause is still not satisfied, i.e., all assigned literals are False. This
means that the remaining unassigned literal has to be True, otherwise the
clause would be conflicting. Therefore the remaining literal is implied by the
clause.

The solver starts assigning literals based on some heuristic strategy, until
one or more clauses become unit and implies one (or more) literals. This
implication may turn more clauses into units, otherwise there is going to be
more heuristic based assignments. The process goes on until all literals are
assigned or a conflict arises because the implications made a clause conflicting.

Modern SAT solvers exploit the above mentioned properties of formulas in
CNF by applying the conflict driven clause learning (CDCL) framework to the
problem. The search-space can be thought of as a binary tree, in which nodes
are partial assignments and leaves are full assignments. The solver traverses
the tree and when a conflict is found, it “learns” from the conflict by adding
a new clause to the model containing the information about the assignment
that led to the conflict, backtracks to the point where the assignment was
made and tries a different assignment. The newly added clause will prevent
making the same (conflicting) assignment again. The solver keeps traversing
and backtracking until it finds a feasible assignment or no assignment exists
that satisfies all the clauses, including the learned ones.
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Example of the CDCL procedure

Let us clarify the concepts introduced so far with a small example. Assume
we want to find an assignment for the following formula:

(_L’El\/l'g)/\(xl\/l'g)/\("%2\/"563)/\(%3\/1'1). (35)

Initially, no literal is implied so the choice to satisfy one literal rather than
another is merely dependent on the heuristic strategy used. Remember that,
since the formula is a conjunction of clauses, as soon as one clause is conflicting,
the whole formula is not satisfied by that assignment.

Let us assign the value Fulse to the variable x; in order to satisfy the literal
—z1 in the first clause. The second clause would then imply the variable zo
to be True, since its first literal x; is not satisfied. Now z3 is implied by
the third clause to be False, since the first literal in it, —xo is not satisfied.
Finally, the last implication makes the fourth clause conflicting, because it
forces the variable x1 to be True, since the first literal in it is not satisfied,
but we previously assigned to x; the value False.

Thus it is necessary to backtrack where the decision that eventually led to
the conflict was made and make a different one. In this case, that decision
was assigning the value Fualse to x1.

In order to avoid repeating the same mistake, we will add a clause saying
that 21 must be True, to the formula, i.e., =(-x1). In this case the new
learned clause only contains one literal, which forces the literal to be satisfied.
Satisfying x; also satisfies the second and fourth clause and makes x5 implied
by clause one, which in turn makes —x3 implied by clause three.

We have now a full assignment that satisfies :

r1 = x9 = True, x3 = False

From SAT to SMT

While SAT solvers can be extremely efficient in dealing with large models,
Boolean satisfiability is not expressive enough to easily model many real-world
industrial problems. Boolean variables and propositional logic can be handy
when it comes to model binary decision (executing this operation or not),
but integer and real variables and linear arithmetic are necessary to describe
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other important features (operations’ duration for instance). As it happens,
SMT solvers are able to use integer and real variables over a range of different
theories, including combinations of theories. SMT solvers can do so in two
different ways: the eager approach or the lazy approach [70].

However, before going into details about the eager and lazy approaches, it
is necessary to provide some more terminology:

o logical symbols: standard Boolean connectives (e.g. “A”,“=7), quantifiers
(“3” and “V”), and parenthesis;

e non-logical symbols: functions, predicates, and constant symbols. A
set of non-logical symbols is called a signature and is denoted by the
symbol X;

o Y —formula: formula that uses only the non-logical symbols from ¥ (pos-
sibly in addition to logical symbols, this is why the distinction between
logical and non-logical symbols is needed);

o free variable: variable that is not bound by a quantifier, i.e., 3 or V;
o sentence: formula without free variables;
e syntax: rules for constructing formulas.

The distinction between logical and non-logical symbols is necessary be-
cause, while the clause of a theory may or may not be constructed using logical
symbols, clauses are combined using logical symbols, regardless of the theory
they belong to. For instance, a formula in linear arithmetic, is a conjunction
of clauses, where each clause is a linear equality/inequality.

In a theory, the syntax is needed to interpret the non-logical symbols. For
instance, the symbol “+” is usually associated to addition, but this may not
be true for some theories. Hence, we need rules to use the non-logical symbols
to construct the formulas.

Theory T: atheory is a set of X-sentences. For a given X-theory, a ¥-formula ¢
is T-satisfiable if there exists an assignment that satisfies both the formula
and the sentences of T.

In other words, we use a set of sentences to define the syntax of a theory,
i.e. to define the interpretation of the non-logical symbols.
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Eager Approach

One possibility to solve a problem involving a combination of theories is to
convert its model into SAT. For each variable, depending on its domain, a
number of Boolean variables are generated and for each constraint, a set of
clauses. Then the assignment problem is solved using the CDCL framework
as described above.

This procedure is called bit blasting and can be computationally expen-
sive. For each variable in the original problem there will be as many Boolean
variables as the size of the original variable domain. When it comes to con-
straints translation, the procedure can be even more expensive. Let us clarify
this point with an example; the goal is to find an assignment to z; and zo
such that x; is smaller than or equal to x2, and their domains can be either
0,1, or 2.

X1 S Zo (36)
xr1,T2 € {O, 1, 2}

To turn this problem into a SAT formulation, we define the following
Boolean variables:
xzy; 1 €{0,1}, j €{0,1,2}.

There is one Boolean variable for each variable in the original problem and
for each element in the variable domain.
The linear inequality in [3.6] can be converted as follows:

vy =\ wy Vie{0,1}, j€{0,1,2} (3.8)
j'€{0,1,2}
i'#i
z; = N\ oayy Vje{0,1,2} (3.9)
i'€{0,1,2}
i'<i
(13.8) states that if one of the Boolean variables representing each original
variable is True, all the other Boolean variables representing the same original
variable must be False. This is equivalent to say that ezactly one of the
Boolean variables representing each original variable can be True and this
constraint is necessary because each original variable can assume only one
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value from its domain; states that if the Boolean variable representing
1 having the value j is True, none of the variables representing x5 having a
value strictly smaller than j can be true.

While the eager approach can successfully be applied to finite domain the-
ories, it is not clear how it would be possible to reduce linear real arithmetic
literals to a Boolean satisfiability problem and since in this thesis we deal
with finite domain theories, the subject is not further investigated, though
the reader is referred to [71] for further details.

Lazy Approach

The lazy approach combines the underlying SAT solver with a theorem prover
to decide the assignment of variables. This means that the SMT solver must
be able to recognize the theory it is dealing with and must be equipped with
a prover appropriate for that theory.

A formula of a certain theory is a logical combination of clauses belonging to
that theory. The solver will replace each clause in the formula with a Boolean
variable and call the SAT solver to find a satisfiable assignment. If such
assignment exists, the solver will call the theorem prover to check whether
the current assignment is feasible within the theory. If not, a new clause is
learned and the process starts again.

Once again, an example can aid understanding. Consider the formula:

(.Tl =zx3Vr = .Z‘Q)/\(Q?l =x2VI; = .’174)/\151 = To AT, # T3NT] # X4 (310)

The theory involved in this formula is called equality theory [61] where literals
are either equalities or inequalities. Given a conjunction of literals (that would
be the outcome of the SAT solver), there exist procedures to check whether
the assignment is satisfiable or not.

In this case, the SMT solver would generate Boolean variables:

Cl1 : X1 =X2
Cy i1 = T3

C3 11 = X4

¢; (for i € {1,2,3}) will evaluate to True if the corresponding equality literal
is indeed an equality, False otherwise.
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Call the SAT solver to find an assignment for
(62 V Cl) N (Cl \Y 63) AN C1 A\ —1C2 AN —C3

Let us assume the solver finds the satisfiable assignment ¢; A —co A —cg; this
means that the following is true: x1 = zo A x1 # x3 A x1 # 24.

The solver will now call the theorem prover to check the assignment (which,
in this case is satisfiable)

The examples presented in this section are inspired by [61], which is recom-
mended reading for further details on techniques for solving SMT-problems.

Optimization Modulo Theory

As mentioned in Chapter [T} it is possible to express many practical industrial
problems in quantitative terms and define a cost function to optimize. This
led to efforts of supporting optimization in the SMT-based tools. In [72] an
SMT variant is introduced where the theory involved in the problem becomes
progressively stronger, meaning that more sentences are added to it as the
optimization process takes place; this is done by implementing a branch-and-
bound setting where the solver knows the cost function and the current best
bound. Each time a better bound is found, models with a cost higher than
this new bound become inconsistent with the theory. In |73] and [74], the au-
thors describe some of the optimizing algorithms running under the hood of
the SMT solver Z3, such as a collection of MazSAT solvers, solvers that drive
the search for an optimal solution by trying to satisfy as many soft constraints
as possible, and a module for optimization of linear arithmetic objective func-
tions; among others, the module contains a Simplex-based algorithm for the
CDCL framework [75]. In [76], the authors provide insight on how optimiza-
tion is achieved with the SMT solver OptiMathSAT. It is explained that unlike
other optimizing SMT solvers, in which the solver is used as a black-box and
the optimization proceeds through a sequence of incremental SMT calls, with
OptiMathSAT the whole optimization procedure is pushed inside the SMT
solver.

In conclusion, optimization with SMT solvers can be achieved in different
ways and it is hard to tell which one is the most efficient, since different
approaches perform differently depending on the problem.
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The Unsat Core

Besides evaluating whether a set of constraints is feasible, it can be of interest
to understand which constraints are the ones that cause infeasibility, if the
formula is infeasible.

In general, a formula in CNF is infeasible if it is possible to generate an
empty clause L by resolution from the original clauses |77]. Two clauses can
be resolved to generate a resolvent clause as long as there is one and only one
variable that appears in both clauses, negated in one and non-negated in the
other, The resolvent clause takes the disjunction of the remaining literals in
both clauses.

For example, let the formula ¢ be the conjunction of

c1=x1 VI
Co = X9 V X3
03 = _hfﬂl
Cq = T3,
that is,
© = (x1Vx2) A (m22 V 23) A2y A 3.

Then, resolving ¢; and co is possible, since they only have x5 in common,
and z9 is negated in ¢; and non-negated in cs. Resolving c¢; and co leads to
the resolvent clause c¢5 = x1 V x3. After this resolution, the formula becomes:

o= (x1Vx3) A1 A T3

Similarly, resolving c5 and c3 leads to the resolvent clause cg = 3 since
appears in both ¢ and c3 with different sign, and c¢3 = =2y = —x1 V False.
After this resolution, the formula becomes:

p=2x3 N3

Finally, resolving c¢s and ¢4 leads to ¢; =_L. Since it is possible to generate
an empty clause from the original clauses, ¢ is infeasible.

Unsatisfiable Core (or Unsat Core): An Unsat Core is a set of clauses that
make any assignment infeasible. More formally, given a set of clauses ¢, C;
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is an Unsat-Core of ¢ if C; C ¢ and C; is infeasible [77]. This means that
a problem may have more than one Unsat Core. Moreover, Unsat Cores can
have different cardinalities and one Unsat Core can be a subset of another
Unsat Core.

Minimal Unsat Core: An Unsat Core is said to be minimal if by remov-
ing any clause from it, the remaining clauses become feasible. Note, that a
problem can have multiple minimal Unsat Cores.

In order to illustrate the definition of Unsat Cores and minimal Unsat Cores,
a Boolean example from [77] will be treated. The example concerns a set of
variables x = {x1, x2, x3}, and a set of clauses p = {w1, wa, w3, w4, ws, we}
in CNF. The clauses are defined as:

w1 :1'1\/_‘1'3 Wo = T2 w3:—|x2\/x3
wqg =29V X3 w5 =x2VIT3 wg="T1VreV I3

As an example, consider clauses ws, w3 and wy. For the clause wy to be True,

the variable x2 must be True. Then, w3 implies that x3 must be True, which

in turn means that the clause wy is False. Thus, this example is infeasible.
It turns out that this example has 9 different Unsat Cores, namely:

Cl - {w17w27w37w47w5)w6} CZ - {w1,wg,w3,CJJ4,W5}

C3 = {w1, w2, w3, wa, we} Cs = {w1,ws, wa, ws, we }
Cs = {W27w37w4aw5»°-)6} Co = {wl,wz,w3,w4}
C7 = {wa, w3, w1, ws } Cs = {wa, w3, ws, we }

Cy = {wa,ws,wa}

In Figure [3.4] it is shown how, when considering the inclusion operation,
the set of Unsat Cores forms a sub-lattice |78], where the unique upper bound
is always the entire set of clauses C, while the lower bounds are the minimal
Unsat Cores, namely C4 and Cy.
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{W17WQ,W3,L«)4,(JJ5,(JJ6}

{w17w2>w37w47w5} {w17w27w37w47w6} {WQ,W?,,UJ4,W5,W6} {w17W3,W4,OJ57w6}

N 7NN

{w1;w27w37w4} {w27w3,w47w6} {w2aw37w47w5}

~ | 7

{(JJQ,CU?,,LU4}

Figure 3.4: Lattice of the Unsat Core set.

Evaluating Infeasibility Scenarios

We now present four different scenarios where the formula is infeasible and
one or more Unsat Cores can be extracted.

Scenario 1

In the first scenario, three constraints lead to infeasibility:

wi: x+y<0
wo: x=1
wg: y=1

If both = and y must be equal to 1, it is impossible for x 4+ y to be smaller
than 0. When considered pairwise, these constraints do not generate any
inconsistency. However, when considering all three of them at the same time,
they are infeasible. Therefore, if any one of the constraints is removed, the
entire problem becomes feasible. As an example, if constraint wsy is removed,
any assignment where z < —1 would be a solution.
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{wlv wa, Cdg}

Figure 3.5: Lattice of the Unsat Core set of Scenario 1.

As shown in Figure 3.5 the Unsat Core set only contains one element, in-
cluding all three constraints.

Scenario 2

In the second scenario there are three constraints, each of them being infeasible
with either of the other ones:

Clearly, x cannot be 1, 2 and 3 at the same time. If any one of the constraints
is removed, the two remaining constraints will still be infeasible. However, if
two constraints are removed, the remaining constraint will be feasible.

{wlv w2, w3}

SN

{wi,we} {wz,w3} {wr,ws}

Figure 3.6: Lattice of the Unsat Core set of Scenario 2.

In Figure [3.6] is shown the lattice of of the Unsat Core set, where there are
three lower bounds, hence three minimal Unsat Cores.
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Scenario 3

In the third scenario four constraints are grouped into two pairs of constraints
in conflict with each other:

w: =1
Wy : T =
ws =1
wq =2

As can be seen, constraints w; and ws can never be true at the same time.
The same holds for constraints ws and wy. Even if one of the constraints is
removed, there is still a remaining pair of infeasible constraints. Only if at
least one constraint of each of the pairs is removed, does the problem become
feasible.

{Wl,w27w3,w4}

/NN

{wi,wa, w3} {wi,wa,wa} {wo,ws,ws} {wr,ws,wa}

N/ N/

{wl,w2} {WS;WAL}

Figure 3.7: Lattice of the Unsat Core set of Scenario 3.

Figure [3.7 shows that there are two minimal Unsat Cores, each with cardi-
nality 2, namely w; and wy, and ws and wy.

The three scenarios presented in this section show that even small formulas
can easily have multiple Unsat Cores and such Unsat Cores can intertwine in
different ways. Being able to catch them all could provide important informa-
tion about the system modelled by the infeasible formula and therefore have
interesting applications, as shown in Paper E.
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3.3 Modelling using MILP/SMT

In the previous section we give a brief introduction to the techniques used
by MILP and SMT solvers. We discussed how SMT solvers allow for logical
conditions over literals belonging to different theories. We now show how
these approaches can be used to deal with problems in industrial systems.
As an example we model the non-overlapping of operations sharing the same
resource, first as MILP and then as SMT.

One way to formulate the constraints is by having a continuous variable
representing the start time of each operation. Some operations are supposed
to be executed by the same machine and therefore cannot overlap in time; the
first operation has has to be completed before the next one can start.

Let s, and s, be continuous variables representing the starting time of
operations a and b, and let d, and d, be the duration of operations a and
b, respectively. For a MILP solver to handle the non-overlap constraint, it is
necessary to declare an additional binary variable z € {0,1} and find a large
enough number M. If M is not large enough the solver may return the wrong
schedule. The constraints to declare are then:

Se >Spt+dy— M -z, (3.11)
Sp>Sq+de — M- (1—2) (3.12)

When z = 1 (and M large enough), constraint (3.11)) is trivially fulfilled,
since s, > 0 and s, +d, — M < 0, and thus this constraint has no effect. At the
same time, when z = 1 becomes s, > s, +d,, which puts a requirement
on s to be larger than the staring time of operation a plus its execution time
(that is, operation a’s end time). On the other hand, when z = 0, is
trivially fulfilled while becomes s, > sp + dp, thus constraining s, to be
larger than s, plus its execution time.

On the other hand, with an SMT solver it is possible to combine literals of
linear arithmetic, i.e. linear inequalities, with propositional logic:

Sq = 8y +dp V sy > 84 +dg.

There can be much harder logical conditions to model and it becomes harder
and harder to do it with a MILP solver since everything has to be in the form of
a linear inequalities. Also, the additional binary variables used to model logics

39



Chapter 8 On Satisfiability Modulo Theory and Mized Integer Linear
Programming

increase the search-space size exponentially; in a model counting n binary
variables, a branch and bound algorithm has to solve 2" relaxed problems in
the worst case, only to account for the binary variables, though there may be
other integer decision variables that increase the size even further.

3.4 Comparison of MILP and SMT over
benchmark problems

The benchmark problems presented in Chapter [2] have been modelled as
MILP and SMT and solved using the state-of-the art MILP and SMT solvers,
Gurobi [79] and Z3 (73], respectively. In this section the solutions provided
by the MILP and SMT solvers are compared in terms of solving time.

The Job Shop Problem

As for all classes of problems, the model formulation plays an important role in
the solving phase so it is important to know which are the main formulations
existing to model the JSP and how they affect the solver’s performance. In
[80], the authors present the disjunctive, time-indexed, and rank-based models
as the most common formulations for the JSP (an in-depth description of
these models is provided in Paper A) and present a computational analysis
over a set of benchmark instances. Such formulations are tested using the
state-of-the-art MILP solvers CPLEX [81] and Gurobi and, for both solvers,
the disjunctive model shows the best performance.

In Paper A, the above mentioned models are formulated as SMT and then
they are evaluated on a set of benchmark problems using Z3. The comparison
shows that also for SMT solvers the disjunctive model outperforms the other
two formulations, sometimes by an order of magnitude. This allows the dis-
junctive model to solve much larger problem instances in reasonable time, as
shown in the tables of Paper A. For a fair comparison, the disjunctive model
is formulated as MILP as well and run over the same set of problems, using
Gurobi and the SMT solver OptiMathSAT [82]. These tests show that Z3
outperforms Gurobi on all problems and the gap increases as the problem size
increases. In general, the combination of an SMT solver and the disjunctive
model is able to handle relatively large benchmark instances in a relatively
short time (timeout set to 20 minutes). In Figure two cactus plots depict
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Figure 3.8: Comparison of different model formulations (left) and different solvers
(right) over a benchmark set of the JSP.

the comparison of models (left) and the comparison of solvers (right) in terms
of number of solved instances versus running time. Further investigations
|61] revealed that, when expressing the JSP using the disjunctive model, the
problem’s constraints fall into the domain of difference logic, a fragment of
linear algebra; Z3 uses the polynomial Ford-Bellman algorithm [83] to check
whether an assignment for this theory is feasible or not. Having the SAT
engine efficiently finding feasible assignments and the theorem prover quickly

checking them leads to an overall fast execution.

The Bin Sorting Problem

The original problem formulation for bin packing and bin covering [26] in-
volves binary variables to model whether an item is placed into a bin or not.
When formulated in this way, the symmetry of the problem leads to a very
large search space for relatively small instances that makes it hard to quickly
compute optimal solutions.

An alternative formulation involves the enumeration of the possible com-
binations of items that fit into a bin. In this enumerative formulation each
variable is an integer representing one combination and the value it is assigned
is the number of bins filled with the items included in the combination. This
formulation can break the problem symmetry but nonetheless the number of
possible combinations grows exponentially with the number of items and the
problem soon becomes intractable. However, in Paper B we show that only a
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Figure 3.9: Comparison of different model formulations using Z3 and Gurobi over
a benchmark set of the BCP.

small portion of all these combinations can actually form an optimal solution,
and this allows to use the enumerative formulation to solve problems more
efficiently.

Paper B is an extension of our previous work on the subject presented in
Paper F, where we implemented such an enumerative approach for the BCP
only, but for MILP and SMT (in Paper B only MILP is used). For this
problem the MILP solver Gurobi proved to be much faster than the SMT
solver Z3 which is the reason why SMT is not used in Paper B. The problem
formulation does not involve complex logical constraints, rather a conjunction
of linear inequalities and therefore using an SMT solver did not provide any
advantage in the modelling phase, nor in the solving one. In Figure [3.9] the
cactus plot compares Z3 and Gurobi running the standard formulation from
[26] (STD) and the formulation presented in papers B and F (EQU).

The Vehicle Routing Problem

As a first step toward the formulation of the CF-EVRP, we investigated the
Vehicle Routing Problem with Time Windows (VRPTW). This problem is a
VRP where each customer must be served within a time window. Also, the
VRPTW belongs to the class of capacitated VRPs, where customers have
requirements on the amount of goods to be delivered, namely demands, and
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vehicles have limits on the amount of goods they can deliver, namely capacity.

Traditionally, the problem is modelled using a set of three-index binary vari-
ables to keep track of which vehicle is travelling from A customer to customer
B. Moreover, additional variables are required to keep track of the load car-
ried by the vehicles and the service time of the customers. Such formulation is
called three-index formulation, since variables are identified by three indexes,
one denoting the customer the direct travel starts from, one denoting the cus-
tomer it ends at, and one denoting the vehicles travelling. However, a more
recent formulation by [25] only requires a set of two-indez binary variables
indicating a direct travel from customer A to customer B, i.e., no vehicle is
specified. In fact, because exactly one vehicle is allowed to visit each customer,
there is no risk of ambiguous solutions even when the third index, that speci-
fies the vehicle, is omitted. This formulation helps to break the symmetry of
the problem.

We implemented the two-index formulation both as MILP and SMT and
compared their performance over the benchmark set of Solomon instances
[58] counting 25 and 50 customers. The goal is to minimize the total travelled
distance. The experiments are performed on an Intel Core i7 6700K, 4.0 GHZ,
32GB RAM running Ubuntu-18.04 LTS; the solvers compared are Z3 4.8.9
and Gurobi 9.0.0. The Solomon instances are grouped into three classes, based
on the customer distribution, i.e. clustered (c), random (r), or mixed random
and clustered (rc); they are also further divided into short time horizon (100)
and long time horizon (200) (see more on time horizon in the next chapter).

Table 3.1: Comparison of Z3 and Gurobi over Solomon benchmark instances with 25 and 50
customers. The time limit is set to 1200 second; for each class of instances it is
reported the average time to solve the instances that did not timeout, and the number
of instances solved out of the total number of instances in that class. The symbol “-”
means that no instance is solved for a specific class.

Gurobi 73

Customers 25 50 25 50

Instance  Av. (s) Opt | Av. (s) Opt | Av. (s) Opt | Av. (s) Opt
c100 805  9/9 | 2009 9/9 | 421  5/9 | 836.6  2/9
c200 75.9 8/8 102.6 8/8 45.5 3/8 754.8 1/8
r100 157.9 12/12 | 481.2 12/12 25.6 1/12 - 0/12
r200 61.7 11/11 | 5254  11/11 129.8  1/11 - 0/11
1100 301.8  8/8 | 527.2  8/8 | 3916  2/8 : 0/8
1200 3122 8/8 | 5254  8/8 | 369  1/8 . 0/8
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Table shows the average running time to solve the instances of each
class to optimality within the time limit of 1200 seconds, and the number of
solved instances (out of the total). Gurobi is able to solve all instances within
the time limit both for 25 and 50 customers, while Z3 could only solve a few.
Moreover, although in most cases the average solving time for Gurobi is larger
than the solving time for Z3, it is important to remember that it is calculated
only over the solved instances; hence some hard-to-solve instances took Gurobi
long to solve and were not solved at all by Z3, but the timeout does not show
up in the average. In conclusion, Gurobi shows better performance than 73
in dealing with VRPTW.

3.5 Conclusions on the MILP/SMT performance

In the previous section we have introduced the performance evaluation of the
state-of-the-art MILP solver Gurobi and the state-of-the-art SMT solver Z3
over benchmark problems of three optimization problems. Although these
two solvers do not reflect the general performance of all the solvers from their
respective community, it is possible to draw some conclusions about their
expected behaviour and how it relates to certain problem structures.

For instance, the BSP and the VRPTW models involve only conjunctions
of linear inequalities. Therefore the MILP solver has no trouble dealing with
very large models (in the evaluation presented in Paper B, we generated mod-
els counting up to twenty million variables). The SMT solver also comes
with theories to handle linear algebra, but it is not as efficient as the MILP
solver and, therefore, slower. One reason for this is that companies such as
Gurobi and CPLEX have been spending decades refining the algorithms that
run under the hood of their MILP solvers, while SMT is a relatively newer
approach.

On the other hand, the JSP has a disjunctive constraint (non-overlap of
operations requiring the same job) that has to be modeled using additional
binary variables together with the big M method when using the MILP solver.
The SMT solver, instead, will set up a SAT problem where each linear inequal-
ity is treated as a Boolean variable and find an assignment (if such exists) for
them; then the theory prover will check the feasibility of the assignment of
the Boolean variables for the corresponding inequalities in polynomial time
using the Bellman-Ford [83] algorithm.
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The computational analysis run for the JSP, the BSP, and the VRPTW
seems to indicate that, if the problem structure involves only conjunctions of
literals belonging to linear algebra, the MILP solver will likely be the most
suitable option; on the other hand, if the problem involves more logical con-
straints, such as disjunctions, implications, etc., the SMT solver will likely
outperform the MILP solver, being naturally designed to handle constraints
of propositional logic over literals of different theories. These conclusions are
used in Chapter [5] to reason about which solver is the best candidate to solve
each sub-problem resulting from the decomposition of the CF-EVRP.
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CHAPTER 4

The Conflict-Free Electric Vehicle Routing Problem

In this chapter the CF-EVRP is formally defined and a discussion on the dif-
ferent requirements is presented. Essentially, the CF-EVRP is the problem of
providing a high level schedule for a fleet of AMRs (often simply called vehi-
cles in the following discussions) to pick up and deliver (tasks) goods through
an industrial plant. Such a schedule involves the assignment of vehicles to the
tasks and the computation of the paths to travel to execute the tasks. The
problem does not include low-level trajectory planning for the AMRs, which
is handled by a separate system. The main reason for this is that the infor-
mation necessary to solve the low-level trajectory planning problem, including
current and estimated future states of dynamic obstacles, is not available at
the time of solving the scheduling problem. Instead, the approach defines
the capacity of the road segments to differentiate areas where the AMRs can
maneuver around each other from areas where they can not.

When solving the CF-EVRP, the plant and its workstations, storage, and
depots are abstracted into a strongly-connected, weighted, directed graph. A
solution to the CF-EVRP is therefore a list of nodes and edges for the selected
AMRs; for each node and edge it is also reported when the AMR will arrive
to it (node), or start travelling through it (edge).
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4.1 Formal definition of the CF-EVRP

The CF-EVRP is an extension of the VRP. The motivation for the formula-
tion of the CF-EVRP is the need for managing a fleet of AMRs whose task is
to pick up and deliver material in a manufacturing or assembly plant. Unlike
other scenarios, where it can be assumed that roads between customers are
wide enough to allow vehicles to travel freely through them, without having to
worry about other vehicles travelling through the same roads, a plant layout
may have areas where only a limited number of vehicles can be accommodated
simultaneously. In other words, the geometry of certain roads may be such
that two or more vehicles may block each other’s way, hence generating a con-
flict. For this reason we define the capacity of the road segments, intersections,
and workstations and include capacity constraints in the problem formulation.
A schedule is said to be conflict-free if it fulfills the capacity constraints.

Moreover, transportation vehicles in industrial plants may be powered by
batteries, and so have a limited operating range. It is therefore important to
consider that vehicles may have to return to the depot to charge their battery
after having travelled a certain distance. This means that the vehicle will not
be available for some time, depending on charging related parameters.

Finally, customers may be related by precedence constraints. A vehicle must
serve them in a pre-defined order, since one or more customers may represent
storage locations to pick material from and another customer may represent
the workstation to deliver material to. These and further requirements of the
CF-EVRP are listed into the following:

¢ Customers in the CF-EVRP represent jobs. Jobs are sets of tasks, typi-
cally one or more pick up tasks and one delivery task;

e All jobs have to be completed for a successful schedule; for a job to be
completed a vehicle has to be assigned to it and visit the locations of the
job’s tasks according to the tasks’ sequence and within their respective
time windows.

e Vehicles are not allowed to arrive at the task’s location before the time
window’s lower bound and wait there (many other VRP formulations,
allow such waiting).

e Vehicles are powered by batteries with limited capacity but with the
ability to recharge at the depots. It is assumed that state of charge
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increases proportionally to the time spent at the depot and decreases
proportionally to the travelled distance. Also, vehicles travel at constant
speed v or they are stationary.

e The round-trip between the depot and a customer is shorter than the
vehicles operating range, therefore vehicles can always serve at least one
customer and go back to the depot before running out of charge.

e There exist multiple depots; vehicles have to return to the depot they
were dispatched from and can only recharge their batteries there (with-
out queuing).

¢ A non-empty subset of vehicles is eligible for each job.

e All vehicles have the same operating range and start at full charge;
whenever they return to the depot they charge to full state-of-charge
before becoming available again.

¢ Road segment capacities limit the number of vehicles a road segment
can simultaneously accommodate at any point in time.

¢ Only (non-cyclic) paths, that is, only finite sequences of edges that join
sequences of distinct vertices are considered.

e The total travelled distance is used as optimization criterion to evaluate
the quality of the solutions.

4.2 Customers Serving

When it comes to serving the customers, the CF-EVRP shares common traits
with other VRPs. First, the existence of a time windows, which is the main
feature of the VRP with Time Windows (VRPTW). The VRPTW is an exten-
sion of the VRP where customers have to be served within given time window,
a time interval that spans from the earliest to the latest arrival time. Vehicles
are allowed to arrive at the customer’s location before the earliest arrival time,
but they will have to wait to serve the customer [84]; on the other hand, they
are not allowed to arrive later than the latest arrival time. The CF-EVRP is
also characterized by precedence constraints among customers; this feature re-
lates it to the VRP with Backhauls [85], where the set of customers is divided
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into a subset of linehaul customers, each requiring a given quantity of product
to be delivered, and a subset of back haul customers, where a given quantity of
inbound product must be picked up. Also, in CF-EVRP there can be multiple
depots, which is used in many variants of VRPs and was first introduced in
[86]. There exists problem formulations where vehicles are allowed to start
and end their routes at different depots [87]. however, in the CF-EVRP, we
follow the standard formulation of multi-depot VRPs [88], where vehicles are
restricted to end at the depot they started from. Finally, not all vehicles are
eligible to serve a particular customer; instead, for each customer, there exist
a subset of the full fleet that includes the eligible vehicles to serve such cus-
tomer. This feature is studied in the Heterogeneous VRP (HVRP) [89] and is
motivated by the need of specific vehicles to execute certain tasks.

4.3 Limited Operating Range of the Vehicles

The first attempts to model rechargeable vehicles date back to the late 90s,
[90], and models were subsequently extended in [91] and [56]. When repre-
senting the problem as a graph, charging stations are special nodes where the
vehicle can charge its battery on its way to customers. Since in a VRP ve-
hicles have to visit customers exactly once, a solver for a VRP problem may
misjudge an instance, i.e., declare it unfeasible while it is actually feasible,
because a feasible solution could require the same vehicle to visit the same
charging station twice or more, or not at all. In order to avoid these situations,
it is possible to define wvirtual charging stations, i.e., copies of the actual ones
located in the same spot, so that the same vehicle can go back to the same
location to recharge without having to visit the same node more than once.
For the virtual stations the requirement of visiting them exactly once is then
relaxed to at most once so that vehicles do not have to visit them unless they
need to. In [56] a model formulation based on the concept of virtual charging
stations to implement a hybrid local and tabu search is presented. The model
has been extended further by [92], to include additional requirements on the
cost function to reduce the energy consumption. Ever since, due to the faster
and faster spread of electric vehicles as well as car sharing services, there has
been a large effort in finding scalable algorithms for the Electric-VRP (E-
VRP). In [93], a hybrid Adaptive Large Neighbourhood Search is proposed.
In [94] the focus is on optimizing the vehicle distributions and fleet sizes for
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Mobility-on-Demand systems. In [95] models and coordination policies for
fleets of self-driving vehicles combined with public transit are discussed.

In the CF-EVRP, the recharge of vehicles’ batteries is only allowed at the
depots the vehicles were originally dispatched from and the vehicles have to
fully charge their batteries before being available to serve more customers.
This restriction helped to design an efficient algorithm to schedule the fleet
of AMRs (more details on this topic in Chapter . It is also reasonable in
an industrial context that vehicles have enough charge to serve one or more
customers before needing to recharge.

4.4 Travelling Between Customers: the Paths
Choice

Let us assume that a VRP represents the delivery of goods performed by
a truck company in a country, where the customers may be different cities.
When travelling between two cities, the driver may take little detours, due to
road closure, or lunch breaks. However, as long as these detours are negligible
compared to the whole trip, the total distance is not affected so much as
to affect the schedule. Therefore the path between two customers can be
abstracted into a straight line and minor detours will not affect it. When
paths between customers can be abstracted into straight lines, the input to
a VRP is usually represented by a complete graph |84], [88], [96], i.e., an
undirected graph in which every pair of distinct vertices is connected by a
unique weighted edge. This means that vehicles are allowed to travel directly
from any customer to any other customer at the cost of the edge that connects
the two nodes representing the customers. It also implicitly implies that the
actual location of the vehicle is not known.

This approximation works well for many applications. However, in a plant
layout, omitting the path used to travel between two locations would cause loss
of important information. In fact, it is necessary to know exactly what road
segments the vehicles are travelling on in order to avoid conflicts and because
detours to avoid congestion could cause significant delays on the delivery and
cause to miss the time window. For this reason the whole plant layout and
its workstations, storage areas, and depots are abstracted into a strongly-
connected, weighted, directed graph. In such a graph the nodes represent
the workstations, the intersections of drivable road segments, and the depots;
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nodes can usually accommodate only one vehicle at the time, unless they are
hubs, in which case they can accommodate an arbitrary number of vehicles
at the same time. The edges represent the road segments; each edge has
two weights representing respectively the segment’s length and its capacity.
The capacity of a road segment can have two values; I if the edge is too
narrow for two vehicles travel through it in opposite direction at the same
time, 2 otherwise. An example of a plant abstracted into a graph is given in
Figure [I.1] taken from Paper D, where the road segments length is the edges
weight (normal font) and the segments’ capacity is the weight in subscript
font; for instance, edge (1,2) has a weight of 17,57, meaning that its length
is 17.5, and its capacity is 1.

Figure 4.1: A hypothetical plant layout taken from paper D and its abstraction into a graph.

Designing conflict-free routes in environments with limited capacity of road
segments is a problem that has been investigated over the years. One of the
first attempts to tackle the problem is presented in [97], where the solution is
computed by means of column generation. In [98], an ant colony algorithm
is applied to the problem of job shop scheduling and conflict free routing of
mobile robots. In [99], a collision-free path planning for multi AGV systems
based on the A* [100] algorithm is presented. In this work, the environment
is modeled as a grid, and conflicts can originate from vehicles occupying the
same spot on the grid at the same time. In [101], a heuristic approach to
solve the conflict-free routing problem with storage allocation is presented.
In [102], a MILP formulation to design conflict-free routes for capacitated
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vehicles is presented. This is an exact method, but it can only solve relatively
small problem instances. In [103] a hybrid evolutionary algorithm to deal with
conflict-free AGV scheduling in automated container terminals is presented.

4.5 The Intrinsic Complexity of the CF-EVRP

As we have seen in the previous sections, the CF-EVRP shares common traits
with many other VRPs and its features have been tackled by others in past
and recent times. However, it is the combination of these features in one large
problem that further complicates the solution process and requires the design
of a new procedure to compute a schedule for the AMRs fleet in reasonable
time. On the other hand, the CF-EVRP offers a general framework to model a
large class of VRPs, since it allows for heterogeneous fleets, limited operating
range, time windows, precedence constraints among customers and capacity
constraints on the road segments. Finding an efficient procedure to solve it
may contribute significantly to the field of VRPs. Moreover, to the best of
our knowledge, there is no work focusing on all these features at once. With
this work, we have the opportunity to fill this gap in the literature and at the
same time solve a relevant industrial problem.

In the next chapter is presented the proposed solution method for the
CF-EVRP in Chapter
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CHAPTER b

A Compositional Algorithm to solve the CF-EVRP

In this chapter we present the proposed method to solve the CF-EVRP. First,
we introduce the mathematical formulation of the problem, presented in Pa-
per C, which is formulated as SMT and solved using the optimizing SMT solver
Z3. Then we present an alternative formulation, where the CF-EVRP is de-
composed into sub-problems that can be used by the compositional algorithm
ComSat to find a solution to the original problem. Finally, the inefficiencies
of ComSat are analyzed and an improved version of it that makes use of the
Unsat Core is presented.

5.1 A Mathematical Formulation of the CF-EVRP

Paper C presents a complete, monolithic formulation of the CF-EVRP. In
order to compute a conflict-free solution for the CF-EVRP it is necessary to
know where each vehicle is at any time; therefore, the monolithic formulation
(henceforth called MonoMod) involves time and space discretization. It is well
known within the community of scheduling and optimization that discretiza-
tion often leads to a large increase in the search space size for a relatively
small increase in the problem instances’ size. Thus, discretization is not suit-
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able for large systems involving a high number of vehicles or customers, or a
vast plant. Still, to test the performance of the state-of-the-art SMT solver
73 for CF-EVRP, MonoMod was formulated as SMT and solved by Z3.

Given that the CF-EVRP is novel, there are no problem instances avail-
able for benchmarking. Hence, we generated sets of instances to evaluate the
performance of MonoMod by measuring the solving time with respect to the
parameters of the solved instances. As mentioned before, the plant is ab-
stracted into a strongly-connected, directed, weighted graph. The graphs in
the generated benchmark set can have 15, 25, or 35 nodes, which correspond
to a grid-like graph of size 5 x 3, 5 x 5, and 5 x 7, respectively. The connectiv-
ity of the graph also affects the instance size, hence we defined the parameter
Edge Reduction to represent the number of edges. The value 0 correspond to
a complete grid; the value 25 corresponds to a grid where 3, 6, or 9 pairs of
edges (i.e. (A, B) and (B, A)) are removed for N equal to 15, 25, and 35, re-
spectively; the value 50 corresponds to a grid where 6, 12, or 18 pairs of edges
are removed for N equal to 15, 25, and 35, respectively. Figure shows
the 5 x 3 graph with edge reduction coefficient equal to 0 (a), 25 (b), and 50
(c¢). For the 5 x 5 and the 5 x 7 graphs the same pattern is repeated once
and twice, respectively. The number of vehicles available and jobs to execute
also affects the instance’s size. Finally, because of time discretization, also
the time horizon contributes to the instance size. Typically the time horizon
is defined a as fixed point in time in the future when all jobs are required
to be executed; however, in CF-EVRP it represent the time when all jobs
are required to be executed and the vehicles are required to have returned to
the depot they were dispatched from. This feature is captured by constraint
, though not explicitly stated in Paper C.

In the generated instances the capacity of all road-segments is restricted to
1. For the graph it is specified which nodes are hubs that can accommodate
an arbitrary number of vehicles at the same time. Another parameter of the
instance is the number of vehicles available. Each vehicle is assigned a starting
node and more vehicles can start from the same node (in this case the node
must be a hub). Also, a list of jobs to execute is given; each job is characterized
by a number of tasks and the vehicle(s) eligible to execute it. In turn, each
task is characterized by a location (node), a precedence list specifying the
tasks to execute before (if any), and a time window. Other parameters of the
instance are the charging and discharging coefficients, as well as the operating
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Figure 5.1: Graph with 15 nodes arranged in a 5 X 3 grid with edge reduction coefficient equal
to 0 (a), 25 (b), and 50 (c).

range of the vehicles, and the time horizon by when all jobs should be finished
and the vehicles should be back at their starting locations.

In the computational analysis 160 problem instances are evaluated. The
parameters’values used for the problem generation are:

e N-V-J (nodes, vehicles, and jobs, respectively). N-V-J can be either
15-8-5, or 25-4-7, or 35-6-8. Each job is composed by one pickup and
one delivery;

e Fdge Reduction can be either 0, or 25 or 50.
e Time Horizon can be either 15, 20, 25, or 30.
o All edges have weight equal to 1.

For each combination of the above-mentioned parameters, five different
problems are generated by randomly assigning the starting node for each type
of vehicle, the operating range, the charging coefficient, the number of vehi-
cles available per each type, the type of vehicle required for each job, and the
location of the jobs’ tasks. For the analysis we used Z3 4.8.9. The time limit
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is set to 10800 seconds (three hours). All the experiments were performed on
an Intel Core i7 6700K, 4.0 GHZ, 32GB RAM running Ubuntu-18.04 LTS.
Though Z3 allows for optimization of the objective function, the size of the
problems evaluated is such that no optimum is expected to be found in any
reasonable time. Therefore Z3 is set to find satisfiable (hence sub-optimal)
solutions.

Table [I] of Paper C shows the results of the computational analysis. As
expected, for larger values of time horizon, nodes, vehicles, and jobs the com-
putation time increases, soon becoming unreasonable for a real-time scheduler.
Already for problems counting four vehicles and seven jobs it can take up to
two hours to compute a feasible schedule. Moreover, the models are so large
that only generating them can take several minutes. It is clear that the mono-
lithic approach cannot be used for large scale problems, and a more efficient
solution is required.

5.2 A Compositional Algorithm to Solve the
CF-EVRP

In this section we present ComSat, a compositional algorithm to solve the
CF-EVRP. As mentioned many times before, we decompose the overall prob-
lem into sub-problems. Now we provide explicit descriptions of, and thorough
discussions on these sub-problems. In Paper D, a mathematical formulation
for each of these sub-problems is also presented. Then, we show how ComSat
can find a solution to the CF-EVRP by iteratively solving these sub-problems.

As mentioned in chapters [I] and 2] when a problem is too time-consuming
to be solved by a monolithic procedure, a possible solution is to decompose it
into smaller problems and then build an overall solution using the solutions
to these sub-problems. For the CF-EVRP, a major challenge is caused by the
need of producing conflict-free solutions. Since time discretization is needed
to model the location of vehicles at each time, the number of variables and
constraints to declare grows exponentially with the instance size. Instead, the
strategy adopted with ComSat is to group the different requirements stated
in Chapter [] and solve them sequentially, backtrack when an intermediate
solution is infeasible and look for a different one. In this way it is possible to
avoid time discretization and solve larger instances in shorter time.
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The Main Sub-Problems

A pre-processing step is required before the actual sub-problems can be solved,
the computation of the shortest paths between any customer and the depots
and between any two customers. In fact, in order to solve the first sub-
problems, it is necessary to have a unique path to travel from any customer
(or depot) to another.

(b)

Figure 5.2: Computation of shortest paths between any two customers/depots.

Let us clarify this point. Figure[5.2]shows a graph abstracting a hypothetical
plant (a). Let us assume that nodes 17 and 4 are depots and nodes 1, 7, 11,
and 14 are customers. In order to turn the problem into a VRP it is necessary
to know the distances among each pair of nodes, and such distance must be
unique. In (b) it is shown how each of the above mentioned nodes is now
connected with any other node by an edge whose length is the length of the
shortest path to travel between those pairs of nodes in (a).

The first sub-problem is the Routing Problem. This is a multiple depot
VRP with time windows, a heterogeneous fleet of vehicles and precedence
constraints among the customers. Additionally, the routes are restricted to be
at most as long as the operating range of the vehicles; by adding this restric-
tion, we eliminate the complexity of dealing with the limited operating range
of the vehicles, which is then tackled in the next sub-problem. Whenever solv-
ing the Routing Problem, only the shortest paths to connect customers/depots
with each other are considered; in fact, at this stage, no capacity constraint
is included. Also, at the moment, no actual vehicle is considered; routes are
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designed to be assigned to existing vehicles, which means that customers are
grouped based on the types of vehicles eligible to execute them, but no specific
vehicle is assigned to them. This is an optimization problem and the parame-
ter to minimize is the number of routes to serve all customers. We chose this
criterion because we assume that the fewer vehicles are dispatched the fewer
the chances of running into conflicts. The solution to this problem is a set
of routes to serve all customers according to the requirements mentioned in
this paragraph. Moreover, for each route, the latest start time is computed.
This is the latest time for the vehicle assigned to the route to set off such that
the strictest time window of the route is met. Figure (b) shows a possible
routing solution for the problem presented in Figure (a).

(b)

Figure 5.3: Feasible solution to the Routing Problem.

The second sub-problem is the Assignment Problem. This is the problem
of deciding which vehicle should be assigned to each of the routes designed by
solving the previous sub-problem. Vehicles are assigned based on their type,
but also on their availability; in fact, if a vehicle was dispatched to serve some
customers, once it returns to its depot it will not be available until its battery
is fully charged. The time required for the charging, based on our assumption,
is linearly proportional to the length of the route travelled before charging.
Assignments are also decided based on the time windows of the customers that
are served in a certain route. Of all the eligible vehicles, the choice is made
among the ones that are available early enough so that the time windows can
be met. This is a feasibility problem, whose solution is the assignment of one
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vehicle to each route. Moreover, for each assignment is specified the latest
start time for the vehicle to execute the route such that the strictest time
window in the route is met. The problem is modelled as a JSP, where vehicles
are resources and routes are jobs (see Chapter [2| for reference to the JSP).

The third sub-problem is the Capacity Verification Problem. This is the
problem of verifying that the vehicles do not break the capacity constraints
while travelling through the plant to serve the customers belonging to the
routes they are assigned to. In order to do so, it is necessary to know ex-
actly what nodes and edges the vehicles are passing by. This information is
available from the pre-processing step, when the shortest paths between any
two customers/depots were computed. Each route is therefore represented by
a sequence of nodes (and edges between the nodes) that starts at the node
representing a depot, passes by the nodes representing the customers belong-
ing to the routes, and returns to the depot. Figure shows how the routes
computed in the previous phase (a) are then “plugged” into the actual plant
layout and checked for capacity constraints violation (b).

-

4
4
s

©

(a)

Figure 5.4: Routes (a) are verified against capacity constraints on the actual plant layout (b).

One route is marked with red arrows while the other is marked with green
ones. The yellow arrows represent the edges that are used by both routes.
Based on the tasks’ time windows, it is possible to infer whether the two routes
can use the edges (and the nodes in between them) at different times (conflict-
free) or must use at least one of them at the same time, thus generating a
conflict. This is a feasibility problem, whose solution is, for each route, the
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arrival time at each node included in the route. This problem is also modelled
as a JSP, where nodes and edges in the graph are resources and the routes
are the jobs. The vehicles assigned to the routes have to use nodes and edges
to move through the plant and serve the customers. In order to enforce the
capacity constraints, the nodes and edges with limited capacity are treated as
resources that can only execute one job at the time. Moreover, the deadline for
the customers of each route apply to the node where the customer is located.

Search of Alternative Paths

In the previous section the main sub-problems that the CF-EVRP is decom-
posed into are presented. They are solved sequentially and, if all of them
are feasible, the solution to the Capacity Verification Problem is a solution to
the CF-EVRP. However, if the Capacity Verification Problem is not feasible,
it is necessary to change the paths by solving the Paths Changing Problem.
This is the problem of finding the shortest paths that have not been selected
before to connect any two customers/depots. It is an optimization problem
and the reason for finding the shortest paths is that the shorter the paths,
the faster the vehicles can travel from customer to customer, the higher the
chances they will meet the time windows. Figure [5.5|shows how the path that
connects Node 7 to Node 17 is initially 7—13 —12—11—-15—18 — 17 in (a)
and is replaced by 7 — 6 — 10 — 9 — 17 having the same length in (b).

Figure 5.5: The shortest paths used to design routes (a) are changed to avoid capacity con-
straints violations (b).
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Now the red and green routes only overlap on Node 7, thus minimizing the
chances of a conflict.

However, after a new set of paths has been computed, there is no guarantee
that the Routing Problem will still be feasible. It could be the case that the
previously computed routes now exceed the vehicles operating range, or that
the vehicles can no longer meet the time windows. It is therefore necessary to
check the feasibility of the previously computed routes using the new set of
paths by solving the Routes Verification Problem.

Mathematical Formulation of the Sub-Problems

When modelling a problem, there is often more than one way to formulate it,
based on what variables are chosen to describe its dynamics. The formulations
of the sub-problems presented in Paper D are meant to exploit the strengths of
the solvers used to solve them. In particular, when formulating the Assignment
and Capacity Verification problems, the choice of modelling them as JSP
is motivated by the findings of Paper A. Also, the formulation of the Path
Changing Problem, inspired by [104], suits SMT solvers as it only uses Boolean
decision variables and propositional logic to model the constraints. As for the
Routing Problem the choice of modelling it as MILP is motivated by the results
of Chapter 2] Finally, the Routes Verification Problem is also formulated as
SMT; even for large instances, this sub-problem only involves a small number
of variables and constraints and can be quickly solved by both SMT and MILP
solvers. Therefore there was no thorough investigation on whether one solver
would be faster than the other.

ComSat

After introducing the sub-problems, let us discuss how a solution to the
CF-EVRP is found by solving them, or if no solution exists how it is pos-
sible to conclude so. ComSat being a compositional algorithm means that it
is composed by sub-algorithms, each solving one of the sub-problems listed
in the previous sections. Table shows which sub-algorithm solves which
problem, what input(s) they take, and what output they return. The glossary
of Table summarizes the names of the sets used to store and exchange
information among the sub-problems.

The algorithm, whose flowchart is shown in Figure [5.6] begins with the
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Table 5.1: Glossary for the sets of the sub-problems.

CP: set of current paths

SP: set of shortest paths

NP: set of new paths

PP: set of previous paths

CR: set of current routes

PR: set of previous routes

CA: set of current assignment of vehicles to routes
PA: set of previous assignment of vehicles to routes
CVS: set of conflict-free routes (pairs of nodes and arrival times for each
route)

RVF: Boolean variable representing the feasibility of the Routing Problem

computation of the shortest paths SP between each pair of tasks. This step
is only executed once to provide unique paths for the Routing Problem, which
is then solved. In this step neither the vehicles’ availability nor the segment
capacities are considered; the goal is simply to design routes to serve tasks
within the time windows. Therefore, if the Routing Problem is infeasible,
the whole problem is infeasible, because there is no possible routing such
that tasks are served within their time windows. The information about the
previous routes will be stored in PR so that each time this algorithm is called,
it will provide a new solution to the Routing Problem.

If the Routing Problem is feasible the next step is to verify whether the
available vehicles can execute the routes. The assignment of vehicles to routes
is based on the requirements of the routes’ tasks for specific types of vehicles,
on the routes latest start time, and on the vehicles’ operating range and charge
rate. This is done by solving the Assignment Problem; also in this case there
can be multiple feasible solutions, so it is important to store the current one in
CA to be able to rule it out the next time the Assignment Problem is solved.
If the Assignment Problem is infeasible the algorithm backtracks and runs the
Routing Problem again, otherwise, it returns a list of feasible assignments C'A
and proceeds to the Capacity Verification Problem.

At this point, each route has been assigned an actual vehicle to execute it
and start times have been restricted to meet the vehicles’ need for charging
and the time windows of the tasks they are assigned to. Hence it is possible
to verify if the execution of the routes is conflict-free. If that is the case, the
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overall problem is feasible and the algorithm terminates and returns a feasible
schedule C'VS. On the other hand, if this step is infeasible, the algorithm will
try to find alternative paths for the vehicles to execute the routes.

Table 5.2: Algorithms to solve the sub-problems. Given within parentheses next
to the name of the algorithm is the problem that it solves.

Router (Routing Problem)

Input: CP, PR
Output: CR
Define optimization problem using (D.5)-(D.19)

Optimize and extract CR from the solution

Assign (Assignment Problem)

Input: CR, PA

Output: CA

Define feasibility problem using (D.20)-(D.25)

Solve and extract CA from the solution

CapacityVerifier (Capacity Verification Problem)

Input: CA
Output: CVS
Define feasibility problem using (D.26)-(D.32)

Solve and extract CVS from the solution
PathsChanger (Paths Changing Problem)

Input: PP
Output: NP

Define optimization problem using (D.33)-(D.39)

Optimize and extract NP from the solution
RoutesVerifier (Routes Verification Problem)
Input: CR, NP

Output: True or False

Define feasibility problem using (D.40)-(D.43)

Solve problem and return True if feasible, else False

Finding alternative paths is handled in two steps. The PathsChanger al-
gorithm finds new paths NP and the RoutesVerifier makes sure the Routing
Problem is still solvable (i.e. tasks can still be served within time windows)
using these new paths. If the Paths Changing Problem is infeasible, all paths
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from one task to the next one have been checked for each route. Therefore the
algorithm backtracks and looks for a new assignment. Otherwise if the Paths
Changing Problem is feasible, the algorithm moves forward to the Routes Ver-
ification Problem. If the Routes Verification Problem is feasible, the algorithm
backtracks to verify whether the solution using the new paths NP is feasible
against the capacity constraints by solving the Capacity Verification Problem;
if not, the PathsChanger algorithm is called again.

‘ SP = ComputeShortestPaths(N, €) ‘

CP « SP; PP.add(CP)

CR = Router(CP, PR)

PA=g

PR.add(CR)

PA.add(CA)

CP < SP ; PP.add(CP)

NP = PathsChanger(PP)

Yes @

No
CP « NP ; PP.add(CP)

[RVF = Routes Verifier (CR,NP)|

Figure 5.6: Flowchart of ComSat. The Router and PathsChanger algorithms are
put in rounded corner boxes, to remark that they are optimization

problems.
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5.8 Strengths and Weaknesses of ComSat

Whenever the Assignment Problem is infeasible, all possible assignments
for the current set of routes CR have been explored. Thus, before calling
the Router algorithm again, CR is added to PR. In the same way, whenever
the Paths Changing Problem is infeasible, all possible paths for the current
assignment CA have been explored, hence CA is added to PA. Also, the set
of previous paths PP is emptied because these paths are only eligible for the
current assignment, and the shortest paths are set as current paths to compute
the next assignment.

On the other hand, when exploring different paths the current assignment
is not changed, it is only checked whether it is feasible with the new paths;
thus, CA is not added to PA. Finally, as ComSat loops through PathsChanger
and Routes Verifier to find a feasible set of paths, NP is assigned to CP, which
in turn is added to PP after every unsuccessful iteration.

5.3 Strengths and Weaknesses of ComSat

ComSat has been tested on instances of the CF-EVRP to evaluate its perfor-
mance. First, a set of smaller problem instances, counting up to four vehicles,
seven jobs, a time horizon of 60 time-steps and a graph of 25 nodes, is used
to compare the performance of ComSat and MonoMod; then, a set of larger
instances counting up to eleven vehicles, fifteen jobs, a time horizon of 300
time-steps and a graph of 35 nodes, is generated to find out how big a prob-
lem can be solved in reasonable time by ComSat. In Table [d] of Paper D the
results of the first set of experiments are reported. On average, when solving
feasible instances, ComSat is faster than MonoMod, with increasing gap as
the size of the instances increases. Also, unlike for MonoMod, the perfor-
mance of ComSat is not affected by the time horizon; this is because breaking
down the problem the way we did allows to avoid time discretization, hence
the time horizon no longer affects the problem’s size. On the other hand,
when solving instances that turn out to be infeasible, MonoMod outperforms
ComSat in many cases. Further investigations on the instances showed that
the bottlenecks of ComSat are Router and the PathChanger (the next two
sections provide additional details on the subject).

In the second set of experiments, ComSat is able to find a solution to
most of the instances, or to declare them infeasible within the time limit of
1200 seconds. In quite a number cases it actually shows better performance
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compared to the smaller instances from the first set of experiments. This is
because an instance can be infeasible for different reasons, and in some cases it
takes only a few iterations to determine feasibility /infeasibility. For instance,
there could be a limited number of feasible sets of routes that satisfy all the
constraints in the Routing Problem; if they all turn out to cause infeasibility in
one of the next sub-problems, then the whole instance is immediately declared
infeasible. However, as shown in Table[5|of Paper D, the solving time increases
as the instances become larger and for the larger sets, only a few instances
are solved before the time limit.

Testing different formulations of the Routing Problem

When it comes to the Router, the goal is the computation of feasible routes.
The model formulation we used is inspired by the two-index formulation (see
Section . As previously mentioned, this formulation helps to break the
symmetry of the problem, an advantage not only when computing one solu-
tion, but also when looking for alternative ones. Moreover, for single depot
VRPs it is possible to produce feasible solutions using only two-index variables.
However, for multi depots VRPs, this is not easily achieved; in fact, designing
routes that start and end at the same depot (a requirement of the CF-EVRP)
would involve a very large number of constraints, that would slow down the
solving process significantly. On the other hand, without such constraints, the
solver may produce infeasible routes before finding a feasible one.

The alternative is to use a set of three-index binary variables instead (see
Section , where the third index specifies the vehicle that is travelling from
customer A to customer B. These variables allow to model the existence of
multiple depots and experimental results show that the solving time is actually
similar to the solving time for the two-index formulation. The draw back is
the symmetry of multiple solutions, since the routes between them could be
exactly identical, only executed by different vehicles.

Whether the two-index or three-index formulation is used, as the problem
size grows, the number of Router solutions that are either infeasible or redun-
dant increases. This does not affect the correctness of the overall solution in
the end, because the routes are checked before moving on to the next problem
(Assignment); however, there is clearly room for improvement in the way this
problem is dealt with.
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The Unsat Core Guided Search for Alternative Paths

Another bottleneck in the solution procedure is the computation of alterna-
tive paths. In fact, when the solution using the shortest paths gives rise to
conflicts, the PathChanger computes an alternative set of paths while trying
to minimize their cumulative length. This means that the new set of paths
will be very similar to the previous set of paths, which in turn means that
probably the conflict will still take place. Experiments on problem instances
that were purposefully designed to generate conflicts when using the shortest
paths showed that it can take hundreds of calls to the PathChanger before a
conflict-free set of paths is found.

For this reason, in Paper E, a new procedure is presented. This procedure
exploits the SMT solver’s ability to return a minimal Unsat Core and use it to
define additional constraints for the PathChanger to find conflict-free paths.
When the Capacity Verification Problem is infeasible, it is possible to query
the solver to return one Unsat Core. In Paper E we present a procedure to in-
terpret the Unsat Core in order to identify the nodes and edges where capacity
constraints where violated. This information is then used to formulate addi-
tional constraints in the PathChanger that forces one of the vehicles involved
in the conflict to avoid using the nodes and edges that caused the conflict.
Experiments showed that this new approach can solve the conflicts at once,
while the previous, more naive approach, would take many iterations.

5.4 A General Framework for Industrial VRPs

In this chapter we saw two methods to solve the CF-EVRP. First we presented
MonoMod, the implementation of a monolithic mathematical formulation of
the CF-EVRP. The limitations of this approach in terms of performance and
the need for a more efficient method led to breaking down the original problem
into sub-problems. In Paper D we provided mathematical formulations for
each of these sub-problems and a sound and complete procedure, ComSat, to
use the sub-problems to find a feasible solution to the CF-EVRP.
Benchmark tests highlighted ComSat’s weaknesses. However, ComSat be-
ing a compositional algorithm allows to improve single sub-problems’ solving
procedures without affecting its overall soundness and completeness. In this
work we provided proof of concept on the validity of the proposed solution;
however, there is much room for improvement in the actual implementation
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of the algorithm.

Such implementation may also be problem-dependent. In fact, when facing
a specific problem, the end user may find it more convenient to use one strat-
egy rather than another to solve a sub-problem. For instance, when dealing
with the Routing Problem a local search algorithm [105] may provide faster
solutions in some cases, while column generation [106] may be preferred in
other cases. This is true for all other sub-problems. In fact, we formulated
the sub-problems as either MILP or SMT because modern MILP /SMT solvers
are able to quickly solve large models and because, as long as the model fed
to the solver is correct, we are sure the solution to the sub-problem is correct
too (we assume the algorithms used by the solvers are sound and complete).
However, it could be possible to design (or implement existing) tailor made
algorithms for each sub-problem that would shorten the computation time
significantly.

Moreover, we claim that the CF-EVRP offers a general framework to model
several classes of industrial VRPs and, therefore, ComSat is a sound and
complete procedure to solve all of them. In fact, VRPs where the capacity of
road segments or limited operating range are not considered, where vehicles
are homogeneous, or customers have no precedence constraints among each
other, etc., are all particular cases of the CF-EVRP.

70



CHAPTER O

Summary of included papers

This chapter provides a summary of the included papers. It also puts them
into context, discussing the role of each paper and its contribution to the
research project that led to this thesis.

The first stage of the research project is the evaluation of SMT and MILP
and the comparison of two state-of-the-art SMT and MILP solvers, namely
73 and Gurobi. This evaluation is presented in papers A and B. In Paper
A, the disjunctive, time-indezxed, and rank-based models for the standard JSP
are modelled as SMT and solved by Z3; the disjunctive model turns out to
be the fastest. The performance of Gurobi is then compared with Z3 when
both solvers are running the disjunctive model, and Z3 outperforms Gurobi
on each and every problem instance. In Paper B, the concept of skinny and
fit bins for Bin Covering and Bin Packing problems, respectively, is presented.
This concept is used to improve on enumerative problem formulations and to
develop a heuristic method to quickly obtain sub-optimal solutions. Both the
exact and the approximate, heuristic method are formulated as MILP and
solved by Gurobi, which proved to be able to handle very large models in
reasonable time.

The second stage of the research project is the formalisation of the require-
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ments for a material handling system based on AMRs that accounts, among
other things, for limited operating range of the robots and capacity constraints
on the road segments. This formalization, and the consequent formulation of
the CF-EVRP, is presented in Paper C, where the CF-EVRP is introduced,
modelled as SMT and solved by Z3. Experiments show that only small prob-
lems can be solved in reasonable time.

The results from Paper C show that a monolithic formulation is not suitable
to solve large problems in reasonable time. Hence, the next stage is to design
a scalable method for the CF-EVRP. Such method is presented in Paper D,
where a compositional algorithm (ComSat) to solve the CF-EVRP is presented
and compared to the monolithic formulation from Paper C, showing better
performance in terms of running time.

Finally, in the last stage of the research project, strengths and weaknesses of
ComSat are evaluated and weaknesses are improved upon. The improvements
are presented in Paper E, where the search for alternative paths (in case the
current ones are conflicting) is handled by exploiting the SMT solvers ability to
return Unsat Cores and using the information extracted from the Unsat Core
to guide the search for better paths.

6.1 Paper A

Sabino Francesco Roselli, Kristofer Bengtsson, Knut Akesson

SMT solvers for job-shop scheduling problems: Models comparison and
performance evaluation

Proceedings of 2018 IEEE 1/th International Conference on Automation
Science and Engineering (CASE),

pp. 547-552, Dec. 2018.

©2018 IEEE DOI: 10.1109/COASE.2018.8560344 .

This paper presents a comparison of different model formulations for the
standard job shop problem, namely the disjunctive, time-indexed, and rank-
based models over a set of generated benchmark problems. The models are
implemented for the state-of-the-art SMT solver Z3. Since the disjunctive
model shows the best performance in terms of solving time, it is selected
for further comparison against the state-of-the-art MILP solver Gurobi; Z3
outperforms Gurobi on each and every instance and, in general, is able to
solve to optimality medium size problems within 1200 seconds.
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6.2 Paper B

Sabino Francesco Roselli, Fredrik Hagebring, Sarmad Riazi, Mar-
tin Fabian, Knut Akesson

On the Use of Equivalence Classes for Optimal and Sub-Optimal Bin
Packing and Bin Covering

2021 IEEE Transactions on Automation Science and Engineering (TASE)
vol. 18, no. 1, pp. 369-381, Jan. 2021.

©IEEE DOI: 10.1109/TASE.2020.3022986 .

This paper presents a study of the bin sorting problem and how to improve
the performance by cutting off portions of the search-space. The improvement
is designed for an enumerative formulation, where decision variables represent
potential bins; reasoning about the problem constraints allows to eliminate
all those potential bins that, given their size (in terms of cumulative value
of the items within them), could never be part of an optimal solution. The
new approach shows good performance when compared to the standard for-
mulation and can be implemented for both packing and covering problems.
It is supposed to scale very well in terms of number of items, though being
based on potential combinations of items, a wide range of values for the items
can quickly lead to a state-space explosion. In the paper is also presented a
heuristic approach were classes of bins’ values are merged together in order
to simplify the problem and reduce the solving time, at the cost of solution
quality. The heuristic method is compared to the optimal one and proves
to significantly reduce the computation time while only slightly reduce the
solution quality.

6.3 Paper C

Sabino Francesco Roselli, Martin Fabian, Knut Akesson

Solving the Conflict-Free Electric Vehicle Routing Problem Using SMT
Solvers

Proceedings of 2021 29th Mediterranean Conference on Control and Au-
tomation (MED),

pp- 542-547, Dec. 2018.

©2018 IEEE DOI: 10.1109/MED51440.2021.9480202 .

This paper introduces the CF-EVRP, the problem of scheduling and routing
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of vehicles with given time-windows for delivering material, limited capacity
constraints of the road network, and with the need for battery recharge. The
problem is formulated as SMT and evaluated on a set of generated problem
instances using the state-of-the-art SMT solver Z3. Experiments show that
the solver can handle medium size instances in a reasonable amount of time.

6.4 Paper D

Sabino Francesco Roselli, Per-Lage Gotvall, Martin Fabian, Knut Akesson
A Compositional Algorithm for the Conflict-Free Electric Vehicle Rout-

ing Problem

2022 IEEE Transactions on Automation Science and Engineering (TASE)
pp. 1405 - 1421, May. 2022.

©IEEE DOI: 10.1109/TASE.2022.3169949 .

In this paper, the compositional algorithm ComSat for solving the CF-EVRP
is presented. The CF-EVRP is decomposed into sub-problems and ComSat it-
erates through them until a globally feasible solution is found. The proposed
algorithm is implemented using an optimizing SMT-solver and is evaluated
against an implementation of a previously presented monolithic model. The
soundness and completeness of the algorithm are proven, and it is bench-
marked on a set of generated problems and found to be able to solve problems
of industrial size.

6.5 Paper E

Sabino Francesco Roselli, Remco Vader, Martin Fabian, Knut Akesson
Leveraging Conflicting Constraints in Solving Vehicle Routing Problems
Proceedings of 16th IFAC Workshop on Discrete Event Systems (WODES)
September 7-9, 2022 - Prague, Czechia .

Previous work introduced the compositional algorithm ComSat that solves
the CF-EVRP by searching a strongly connected, weighted, directed graph
modeling the problem. Though ComSat showed good performance in general,
some problems took unreasonably long time to solve due to the high number of
iterations required to find solutions with respect to the road segments’ capacity
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constraints. The bottleneck is the Path Changing Problem, i.e., the problem
of finding a new set of shortest paths to connect a subset of the customers,
disregarding previously found shortest paths. This paper presents an improved
version of the PathsChanger function to solve the Path Changing Problem that
exploits the unsatisfiable core, i.e., information of which constraints conflict, to
guide the search for feasible solutions. Experiments show faster convergence
to feasible solutions compared to the previous version of PathsChanger.
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CHAPTER [

Concluding Remarks and Future Work

In this thesis we have discussed the challenges of modern industrial problems
in general, and of material handling by means of transportation robots in
particular. We have presented the CF-EVRP as a novel problem in the field,
whose formulation is motivated by the need of modelling industrial scenarios
where mobile robots operate together with human workers and other vehicles,
and have to be able to react to an ever changing environment. The CF-EVRP
offers a general framework that can be used to model several industrial sce-
narios involving vehicles with limited operating range, limited capacity of the
plant layout in terms of vehicles that can access certain road segments at the
same time, time windows for delivery, and more.

We analyzed the scalability of the CF-EVRP by formulating it as SMT and
solved it using the state-of-the-art SMT solver Z3. The experiments showed
the limitations of using a monolithic model, MonoMod, to solve the problem
in terms of computation time, hence we developed the compositional algo-
rithm, ComSat, to be able to handle larger problem instances. As a first step,
we decomposed the CF-EVRP into sub-problems and provided mathematical
formulations for each of them. Then we designed ComSat to iterate through
these sub-problems to find a feasible solution to the CF-EVRP.
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In our implementation of ComSat, the sub-problems are solved by means
of general purpose solvers, i.e., either MILP or SMT. In order to choose the
best solver for each sub-problem we tested their performance on well-known
optimization problems.

Experiments on the JSP showed Z3 to be significantly faster than state-
of-the-art MILP solver Gurobi, while for the BSP and the VRPTW it was
the other way around. Later investigations showed that the JSP has a struc-
ture that can be efficiently exploited by Z3, since its constraints fall into the
category of difference logic, a fragment of linear arithmetic for which there
exist polynomial algorithms. Z3 can use a lazy approach (see Chapter [3]) to
find assignments for such constraints and check their consistency using one of
these polynomial algorithms. As for BSP and VRPTW there is no particular
structure that Z3 can exploit and the superiority of Gurobi in handling linear
arithmetic is evident.

Based on these findings we formulated some sub-problems of the CF-EVRP
as JSP and used Z3 to solve them in ComSat. We applied the same reasoning
for the other sub-problems, choosing the solver that would better exploit the
sub-problem structure. We designed a set of benchmark instances to test
ComSat and MonoMod and compare their performance. These tests showed
a significantly better scalability of ComSat compared to MonoMod, but also
highlighted the compositional algorithm bottlenecks. One bottleneck is the
search for alternative paths when the shortest ones cause conflicts.

We therefore exploited the concept of Unsat Core and the ability of Z3
to return Unsat Cores when a problem is infeasible to develop an improved
method (part of ComSat) for the search of alternative paths. Preliminary
tests on this method showed a much lower number of iterations needed to find
conflict-free paths.

In general, based on our experiments and finding, we here answer the re-
search questions we formulated in Chapter

RQ1 What are the strengths and weaknesses of SMT solvers when used to
solve industrial problems?

We formulated all the problems presented in this thesis using both MILP
and SMT, except for MonoMod (only implemented as SMT), although that
would be possible too. From a modelling perspective, SMT solvers allow for
logical constraints over literals of different theories, including combinations of
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them; when using MILP solvers instead, only conjunctions of inequalities over
reals and integers are allowed, therefore modelling may be trickier, since it
requires declaring additional variables and modelling techniques such as the
big M method [107].

For instance, when modelling the JSP, the non-overlapping of operations
sharing the same resource can be directly modelled with an SMT solver as
a disjunction of two linear inequalities. On the other hand, modelling the
non-overlapping constraint with MILP is only possible with the support of an
auxiliary binary variable and a large enough constant (the big M method), as
shown in Section 3.3

When it comes to performance, SMT solvers are preferable when the prob-
lem structure involves complex logical constraints such as the disjunctive con-
straints for the JSP, as discussed in Paper A. On the other hand, MILP
solvers are faster if the problem mainly involves conjunctions of inequalities;
an example of this is the equivalence class method presented in Paper B. The
method involves a linear model with only conjunctions of inequalities over
integer variables; the comparison of Z3 and Gurobi for problems formulated
using the equivalence class method showed that Gurobi outperformed Z3.

RQ2 How can the strengths of SMT and/or MILP solvers be exploited and
combined to design an efficient algorithm for the CF-EVRP?

ComSat takes advantage of the CF-EVRP decomposition into sub-problems
to incrementally build an overall solution based on each sub-problem solution.
When formulating the sub-problems, the Assignment and Capacity Verifica-
tion problems are modelled as variants of the JSP and solved using Z3, since
computational analysis presented in Paper A shows the superiority of SMT
over MILP when solving a JSP. Also the PathChanger has been modelled us-
ing Boolean variables and logical constraints, a formulation that fits an SMT
solver better than a MILP solver. Moreover, in Paper E the search for alterna-
tive paths has been improved using Unsat Cores extraction, a feature available
for Z3 but not Gurobi. On the other hand, the Routing Problem is a variant
of a VRPTW, for which MILP showed better performance than SMT, hence
we formulated it and solved it using Gurobi.
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7.1 Future Work

One of the goals of this research project was to create a general framework
to formulate (CF-EVRP) and solve (ComSat) a wide range of transportation
problems in industrial plants. This goal has partially been achieved, since it
is possible to model systems with the following features:

« heterogeneous fleets of AMRs, with limited operating range and non-
negligible charging times;

e jobs with specific requirements in terms of time windows, eligible vehi-
cles, precedence constraints, and service time;

¢ plants having having multiple depots and capacity constraints on their
driving roads in terms of the number of vehicles that can be accommo-
dated simultaneously.

However, it is relevant to extend the current formulation to handle the ad-
ditional features and remove restrictions that were defined in order to develop
ComSat:

e it is not possible to select more than one vehicle to execute a task;

e vehicles travel on closed routes, i.e,. they have to start and end at the
same depot;

e the paths computed for the vehicles to travel between customers cannot
involve cycles, a feature that can potentially remove feasible solutions,
compared to a real system.

Moreover, though ComSat shows promising performance when solving in-
stances from the generated benchmark set, there is room for improvement in
terms of implementation that would allow it to scale to even larger problems.
For instance, it would be possible to work on each sub-problem separately and
develop a tailor made algorithm for each of them, rather than using general
purpose solvers. Since each sub-problem is modelled as a variant of a well-
known optimization problem there is plenty of literature to take inspiration
from. Clustering [108] could help splitting one instance of the CF-EVRP into
several smaller ones, speeding up the computation process at the cost of the
solution quality. Also worth mentioning, the version of ComSat presented in

80



7.1 Future Work

Paper D is proven to be sound and complete. However, it has been shown
how, for some instances, in order to guarantee that the answer returned is
correct, a lot of iterations are needed. Maybe some heuristic procedure could
be introduced in the algorithm that trade soundness and completeness for
better performance.

Finally, when comparing the quality of the solutions yielded by MonoMod
and ComSat, we used the total travelled distance as objective function. We did
so because it is a standard parameter to optimize in VRPs. However, the total
travelled distance may not be the best option for an industrial application.
Other possibilities could be the minimization of the make-span, or the number
of vehicles out in the plant at the same time. Changing the objective function
could produce much different solutions, and also change the computation time
significantly, a feature that needs being investigated.

Future work in this research project would be to improve on the above
mentioned features and embed them into an online framework that allows
to recompute a new schedule when changes in the plant require it. For this
purpose, a variation of ComSat based on a rolling horizon rather than a fixed-
time horizon may better suit industrial problems, having to deal with only a
short time span, and also reflecting better the ever changing environment of
an industrial plant.
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1 Introduction

Abstract

The optimal assignment of jobs to machines is a common
problem when implementing automated production systems.
A specific variant of this category is the job-shop scheduling
problem (JSP) that is known to belong to the class of NP-
hard problems. JSPs are typically either formulated as Mixed
Integer Linear Programming (MILP) problems and solved by
general-purpose-MILP solvers or approached using heuristic
algorithms specifically designed for the purpose.

During the last decade a new approach, satisfiability (SAT),
led to develop solvers with incredible abilities in finding fea-
sible solutions for hard combinatorial problems on Boolean
variables. Moreover, an extension of SAT, Satisfability Mod-
ulo Theory (SMT), allows to formulate constraints involving
linear operations over integers and reals and some SMT-solvers
have been also extended with an optimizing tool.

Since the JSP is a well-known hard combinatorial problem, it
is interesting to evaluate how SMT-solvers perform in solving
it and how they compare to traditional MILP-solvers. We
therefore evaluate state-of-the-art MILP and SMT solvers on
benchmark JSP instances and find that general-purpose open-
source SMT-solvers are competitive against commercial MILP-
solvers.

1 Introduction

The Job-shop scheduling problem (JSP) is a well known problem within the
Operation Scheduling Community, where the target is to allocate resources to
operations while minimizing some cost function. In [1] a thorough study on the
subject is presented, providing information about the evolution of techniques
and algorithms to deal with the JSP whether the target was the true optimal
or an approximation of it.

Industrial scheduling problems are typically extensions of the pure job-shop
problem described above. Additional extensions are the possibility to have
alternative resources that can process an operation, constraints on setup-time
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for resources, constraints on the idle-time between operations, etc. In many
applications it might be desired to not minimize the make-span but instead
make scheduling decisions based on given deadlines for operations and then
minimize the tardiness or maximum lateness.

A recent study by [2] shows promising results in solving JSP problems by
employing Constraint Programming (CP) to implement Local-Search (LS)
algorithms. A similar solution has also been implemented by Beck et Al. [3],
leading again to good results. Apparently the combination of CP and LS is a
powerful instrument to takle the JSP, although also other techniques are used
in practice. In fact, according to Beck himself, as shown in [4], both in industry
and academia, Mixed Integer Linear Programming (MILP) is largely employed
for the JSP. Based on this the authors did a benchmark on three popular MILP
solvers, IBM ILOG CPLEX [5], Gurobi [6], and SCIP [7]. CPLEX and Gurobi
are considered to be state-of-the-art commercial solvers [§], while SCIP is a
fast non-commercial solver. In [4] the authors also compared alternative MILP
problem formulations that have been proposed in the literature for the classical
job-shop problem. The tools were evaluated on a large set of benchmark job-
shop problems. The result of the benchmark is that for the tools evaluated, the
performance of CPLEX and Gurobi were comparable and significantly better
than SCIP and that the traditional disjunctive formulation of the job-shop
problem was superior to both Time-Index and Rank-Based formulations.

While many industrial problems can be solved by general purpose MILP-
solvers, the combinatorial complexity of the JSP implies that for sufficiently
large problems it will not be possible to find an optimal solution within reason-
able time. For such problems, specific-purpose methods have been developed:
they often make use of heuristics as well as hybrid techniques including local
search and genetic algorithms, e.g. [9] and [10]), that lead to good enough
solutions in a reasonable amount of time |11].

An alternative technology to solve combinatorial problems have emerged
within the community of formal verification of hardware and software: satis-
fability search (SAT) [12]. This approach consists of expressing the problem
through Boolean variables in Conjunctive Normal Form (CNF) and determine
whether there exists an assignment to these variables such that the formula
evaluates to true. Today SAT-solvers can deal with large combinatorial prob-
lems by efficiently exploiting their structure and generate a valid model in
a reasonable time, even when the problem happens to be NP-complete. Of
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course this does not mean that there are not NP-complete problems that will
take exponential time also for SAT-solvers, but that many man-made models
are no longer intractable.

On the other hand, Boolean logic is in many cases not expressive enough for
representing many real-world problems where first-order logic is used together
with integers and reals. To handle this type of models and at the same time
take advantage of the very performant SAT-solvers, a new approach, called
Satisfability Modulo Theory (SMT), [13], [14] has been developed. SMT-
solvers implements special decision procedures, so called theories, to extend
to the original Boolean satisifiability problem.

Both SAT and SMT are employed to prove satisfability of formulas; it is
often the case that not only one but several satisfable solutions exist for a given
formula and each of them has a cost referring to some parameter related to
the problem itself. It is therefore possible to turn the satisfability problem
into an optimization one by setting an objective function where one not only
wants to find a satisfable solution, but the optimal one in respect of the cost
we assign to the variables.

Ever since SAT and SMT solvers started spreading and being employed in
real-world applications, users have built their own custom loops to achieve
optimality, often based on heuristics tuned for their specific problems. Lately,
some of these solvers have been extended by including optimizing tools that
make use of state-of-the-art algorithms to deal with a list of different problems
on SMT formulas with linear objective functions on Boolean, rational and
integer domain (or a combination of them).

The performance of SMT-solvers are evaluated annually in a benchmark
competition. The latest competition was the The 12th International Satisfi-
ability Modulo Theories Competition (SMT-COMP 2017). The SMT-solvers
compete in different categories in which Z3 [15], MathSAT5 [16], and CVC4
[17] have shown consistently good performance. Among these solvers Z3 and
MathSat5 have versions that support optimization as well. The optimizing
version of Z3 is described in [18] and is included in the latest version of Z3.
MathSat5 optimizing tool is a special version of it named OptiMathSAT [19].
CVC4 does not have support for optimization and is thus excluded from this
benchmark.

In order to have a valid comparison with the current technology, we also
tested the models on a MILP solver. We chose Gurobi, since it is considered
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to be among the state-of-the-art solvers in such field.

The contributions in this paper are. (i) Adapting three existing formulations
of the classical job-shop problem to make them suitable for SMT-solvers. (ii)
Benchmarking two optimizing SMT-solvers on a set of benchmark job-shop
problems.

In the next section the problem is described in detail, providing all nec-
essary information to understand the models. In section three, we describe
73 implementation for such models, we compare Z3 performance with Gurobi
and OptiMathSAT using the Disjunctive model and we discuss the results.
Finally we draw conclusions in section four.

2 Problem Description

The JSP problem consists of a set of n jobs J = {j;}}_,, where each job has its
own processing order through a set of k machines, M = {m;}%_,. Operations
are defined as the execution of a job on a certain machine and, as each job
has to visit each machine, the total number of operations in the problem is
n - k. Each job will go through all machines sequentially. Let 0{ model the
index of the machine to be used for job j executing operation 7 in sequence.
The index of the machines for each step in the job sequence is thus given by
(0{ ...,og, ce oi). Also, let dg model the duration of the execution of the
same operation.

Finding a solution to the job-shop scheduling problem means to assign op-
erations to machines so that all jobs are completed. The constraints in this
kind of problem are two:

o as there exist a sequence of operations for each job, operations belonging
to the same job must be executed in the right order;

e operations requiring the same machine and belonging to different jobs
cannot overlap in time.

Given these two constraints, the target is to find a feasible schedule such
that the overall make-span is minimized. Finding an optimal schedule is an
NP-complete problem, [20].

We now present the three model formulations, (i) the Disjunctive model,
(ii) the Time-Index model, and (iii) the Rank-Based model for the classical
JSP, based on [|4]. They are adapted to fit the SMT language.
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2.1 Time-Index Model

In this model the execution time is split into steps, whose length is the mini-
mum time unit. For instance, if the duration of an operation is n-seconds (or
minutes), n steps will be taken since it starts and until it is completed. In or-
der to create a model with such feature, we need to have a guess of the overall
execution time, in other words, an upper bound H. A trivial upper bound is
the sum of all operations duration as if they were executed in a sequence (the
worst case scenario). The greater the upper bound, the longer it takes to cre-
ate the model and therefore the slower the overall execution. Nevertheless, as
finding good upper bounds for such model is beyond the scope of this paper,
the trivial one is used. In this model the decision variable is:

e Sp ¢ is a Boolean variable that is true if job j starts on machine m at
time ¢.

minimize Tp,q. subject to

H
\/ smit VmeM,jeJ (A1)
t=0
t—1 H
Smjt — /\ Smgtr N /\ “Smyjt!
t'=0 t'=t+1
Vt=1,....,.HmeM,jeJ (A.2)
t+pm;
Smjt —7 /\ Smyj't!
t'=t
Vi,iledji<j t=1,.... HmeM (A.3)
Smyjt — Tmam 2 t+ dmj
VvmeM,jeJt=1,...,H (A.4)
t+d?_,
xog_ljt - /\ _\‘roz_ljt’
t’'=0
Vi=2,... kt=1,... HjcJ (A.5)

Equation (A.1l) and (A.2]) are needed to make sure that one and only one
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operation is executed on a machine per each time step. Equation allows
each machine to execute only one operation at a time. Equation sets
the objective function as larger than operations completion times. Equation
takes care of the precedence constraint among operations of the same
job.

2.2 Disjunctive Model

The decision variables in this model are as follows:

* 5,5 is an integer variable and models the start time of job j on machine
m.

minimize Ty,q, subject to
Smj >0 VieJmeM (A.6)
Tmaz > SO',i,j + doivj V] eJ (A?)

SijSOj -+d0j VjeJ,Z:27,k (AS)
) i—1

0; 1] 2J
Smj > Smyj’ + dmj’ \ Smj’ > Smj + dmj

gj' e J,j<j meM (A.9)

In this model equation restricts variables domain to be larger than
or equal to zero, as they represent the start time of operations and thus
they can not be negative. Equation impose the objective function to
be lager than or equal to the start time of the last operation of each job
plus its duration. Equation is about precedence constraints among the
operations belonging to the same job: one can not start until the previous
one is over. Equation takes care of resource sharing by stating that
two operations sharing the same resource cannot take place at the same time:
either one starts once the other is over or the other way around.

2.3 Rank-Based Model

In this model the focus is on the machine side: each machine has as many
positions as operations in a job or, in other words, a position is the cardinal
step in the execution sequence of all jobs. Finding a schedule for this model
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means to find in which position a job is executed on a certain machine. The
decision variables are defined as follows:

e T is a Boolean variable indicating whether job j is executed on ma-
chine m at the ¢-th position

e Smt is an Integer variable representing the starting time of position ¢ of
machine m

minimize T},q. subject to
Smt > 0 VmeMt=1...k (A.10)
‘roijt - Tmaz Z Soit + doij
ViedJit=1...k (A.11)
Tomjt = Smt + Amj < Smet1
Vi=1...kkmeM,jeJ (A.12)

(xogiljtl A ‘rozjtg) - 80Z71t1 + dogilj S so{tg
Vi to=1...ki=2...kjecJ (A.13)
t—1 k k
(xmjt — /\ Lt A /\ —\xm]'tl) A \/ Tt
t'=0 t'=t+1 k=0
Vi=1...kkmeM,jeJ (A.14)
j—1 n k
(vajt — /\ U TTAN /\ —‘xmj/t) N \/ Tmj't
Jj'=0 J'=j+1 t=0
Vi=1...kkmeM,jeJ (A.15)

Equation (A.10) restricts the start variable domain to the natural numbers.
Equation sets the objective function. Equation ensures the
precedence constraint among the operations executed on a machine, while
equation (]E takes care of the operations precedence within the same job.
Equation @ ensures that each job can be assigned only once to a certain
machine, while equation states that a position can be assigned only to
one job.
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Figure 1:
over the benchmark instances.

seconds.

3 Experiments
The solvers whose performance were compared are Z3-4.6.0, Gurobi-7.5.2 and

OptiMathSAT-1.5.0. The time limit is 600 seconds. Solvers are run in their
default setting. The instances used for the comparison are either generated

through an instance generator or taken from benchmark sets. All the exper-
iments were performed on an Intel Core i7 6700K, 4.0 GHZ, 32GB RAM

running Ubuntu-16.04.

An instance is a matrix of integers where each row represents a job; for each
row the odd elements represent the machine needed to execute the operation
whose duration is pointed out by the next even element. The execution order
is given by the position within the row. The instances used in the experimental

phase are:
o Generated instances: instances generated according to Taillard instance

generator|21] of small-medium size (from 3x3 to 9x9);

o Lawrence [22]: forty instances of increasing size from 10x5 to 30x10;

o Applegate and Cook [23]: ten instances of size 10x10;
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Table 1: Comparison of models implemented using Z3. The time showed in the table is the
geometric mean calculated over all the instances belonging to the category they refer
to. For each class the number of solved instances (out of the total number of instances
belonging to such class) is given. The symbol -’ means that no instance has been solved.
The symbol ’*’ means that the time limit for the model translation into SMT-1ib2 has
been exceeded.

Disjunctive @ Rank-Based Time-Index

Problems Time Opt Time Opt Time Opt
Generated Instances
3x3 0.01 5/5 0.18 5/5 3.66 5/5
4x4 0.01 5/5 0.110 5/5  32.76 5/5
5x5 0.02 5/5 1.196 5/5 164.67 5/5
6x6 0.04 5/5 38904 5/5 52831 2/5
<7 0.12 5/5 53525 1/5 - 0/5
8x8 0.27 5/5 - 0/5 * *
9x9 0.18 5/5 - 0/5 * *
Applegate Instances
10x10 7.28  10/10 - 0/5 * *
Taillard Instances
15x15 240.84 7/10 - 0/5 * *

o Storer [24]: five instances of size 20x10;
o Taillard [21]: ten instances of size 15x15 and ten of size 20x15.

o Fisher&Thompson [25]: one instance of size 20x5.

3.1 Models Comparison

In this phase the three models presented in the previous section are compared
73 (Figurell]). We decided to employ the geometric mean to reduce the effect of
outliers. The instance generation has been carried out by randomly assigning
values belonging to the interval [1,20] to the operations. Five instances have
been generated per each class going from the size 3x3 to 9x9.

The models have been created through the Python API for Z3 and then
translated into the SMT-lib2 format [26] to be run directly and avoid possible
delays due to the conversion while measuring the execution time. Since the
Time-Index model scales up very bad in size an additional timeout has been
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set for the model translation into SMT format and the * symbol in the table
denotes that such time limit has been exceeded. The results show that the
Time-Index model can easily solve very small-size instances but it scales bad
and provides no solution for problems larger than 6x6. The Rank-Based model
is more efficient in terms of time but it can solve only some instances more
than Time-Index.

The Disjunctive model, on the other hand, takes only few milliseconds to
solve the smaller instances and it stays far below one second while dealing
with instances up to 9x9 size. The average time increases by over forty times
for solving Applegate instances due to some outliers that take over one minute
but the result is still remarkable if compared to the other two models, even
when it comes to Taillard Instances, although only seven out ten instances
can be solved within ten minutes.

An additional test has been run on some hard-to-solve instances, to check
how the best solution increases over time, as shown in Figure Usually a
solution close to the optimal is found quickly but then it is hard to improve
it. This might be due to the solver getting stuck in some local optimum.

3.2 Solvers Comparison

The second phase is about comparing different solvers using the Disjunctive
model. When running the Disjunctive model on Applegate instances, Opti-
MathSAT could solve six out of ten of them and it was on average four times
slower than Gurobi, which could solve seven. Z3 could solve all of them in less
than eight seconds each. All the solvers could easily deal with the 10x5 in-
stances from Lawrence and while Z3 solution was almost instantaneous Gurobi
and OptiMathSAT had similar performance taking around twenty seconds to
produce a solution. The only other class of instances Gurobi and OptiMath-
SAT were able to find a solution for is Lawrence 10x10 and also in this case
Gurobi was quite faster than OptiMathSAT (around ten times) and both much
slower than Z3, which was also able to solve some of Lawrence instances 15x10
in less than five minutes, 15x15 in less than three, and seven of the Taillard
instances 15x15, as shown also in the previous section. No other solution was
found within the given time.
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Table 2: Comparison of SMT and MILP solvers running the Disjunctive Model over the bench-
mark instances. The time showed in the table is the geometric mean calculated over
all the instances belonging to the category they refer to. For each class the number of
solved instances (out of the total number of instances belonging to such class) is given.
The symbol -’ means that no instance has been solved.

73 OptiMathSAT Gurobi
Problems Time Opt Time Opt Time Opt
Applegate Instances
10*10 7.28 10/10 276.14 6/10 60.13  7/10
Lawrence Instances
10x5 0.43 5/5 18.41 5/5 16.21 5/5
15x5 - 0/5 - 0/5 - 0/5
20x5 - 0/5 - 0/5 - 0/5
10x10 0.56 5/5 215.85 5/5 18.20 5/5
15x10 263.61 3/5 - 0/5 - 0/5
20x10 - 0/5 - 0/5 - 0/5
30x10 - 0/5 - 0/5 - 0/5
15x15 156.37  2/5 - 0/5 - 0/5
Storer Instances
20x10 - 0/5 - 0/5 - 0/5
Taillard Instances
15x15 240.84 7/10 - 0/10 - 0/10
20x15 - 0/10 - 0/10 - 0/10

3.3 Results Discussion

The results presented in the previous section show a big difference in per-
formance between the two SMT solvers. When compared to Gurobi, Z3 is
typically faster and can provide an optimal solution to larger instances within
the given time limit. OptiMathSAT, although employing the same technology,
is considerably slower than Z3 and, in most cases, also than Gurobi. Since
73 and OptimathSAT have shown comparable performance in previous works
[19], it might be the case that Z3 heuristic and linear optimization algorithms
suits better the JSP problem than OptiMathSAT’s. By having a look under
the hood of vZ we found out it employs a portfolio of different approaches
to solve optimization problems [18]. Among them are some very efficient
algorithms to deal with linear arithmetic using Simplex over non-standard
numbers to find unbounded objectives, as explained by Z3 developers in [27].
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Figure 2: Relation between time and best value found for benchmark instances ’ta05, 'ta06’,
’ta07’, ’ft20°, ’swv01’ running the Disjunctive model in Z3 during 3600 seconds.

This method allows to find the solution in one call without need for iterating
over potentially many of them.

Unlike vZ, that uses Z3 has a black box and it is built on top of it, Opti-
MathSAT has an inline architecture that calls the SMT solver only once and
within it the SAT solver is then modified to handle the optimization. An
insight about the optimizing algorithms running within the solver is given
in Sebstiani’s work [28]. Improved versions of the Branch&Bound algorithm
are developed to exploit the features of MathSAT5 when dealing with linear
algebra over Reals (LRA), integers (LIA) or a combination of both (LRIA).

4 Conclusions

In this paper we have compared three models for JSP suitable for optimizing
SMT-solvers. We also compared the disjunctive model formulation in Z3 and
OptiMathSAT with Gurobi, a state-of-the-art commercial MILP solver. On
the benchmark examples Z3 outperforms Gurobi, and Gurobi outperforms Op-
tiMathSAT. The results are very interesting because SMT-solvers are general
purpose solvers that can easily

include additional constraints that are relevant in industrial applications

Al4



References

40000 A
--- z3

350004 ©  Gurobi
A OptiMathSAT

30000 A

25000 A

20000 A

Time(sec

15000 -

10000 A

5000 -

AAAAAAA
0 B - —— - — & —f A 8000000

160 100
Number of Solved Instances
Figure 3: Performance comparison between SMT solvers Z3 and OptiMathSAT and MILP solver

Gurobi over the benchmarck instances. The maximum time allowed for each is 600
seconds.

making them an attractive choice for real applications. There exist options
such as dedicated algorithms based on CP and local search that provide better
performance; nevertheless the results shown in this paper classify SMT-solvers,
and Z3 in particular as a good alternative, especially since it is available under
an open-source license (MIT License) and hence it is possible to use it for com-
mercial purpose. Today, the licensing costs for commercial MILP-solvers can
be substantial, something that will restrict the numbers of applications where
scheduling can be motivated. Since optimization was added very recently
to SMT-solvers and the research on SMT-solvers is a very active field with
rapid progress it is reasonable to expect that the performance of optimizing
SMT-solvers will continue to improve.
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Abstract

Bin packing and bin covering are important optimization prob-
lems in many industrial fields, such as packaging, recycling,
and food processing. The problem concerns a set of items,
each with its own value, that are to be sorted into bins in such
a way that the total value of each bin, as measured by the sum
of its item values, is not above (for packing) or below (for cov-
ering) a given target value. The optimization problem concerns
minimizing, for bin packing, or maximizing, for bin covering,
the number of bins. This is a combinatorial NP-hard problem,
for which true optimal solutions can only be calculated in spe-
cific cases, such as when restricted to a small number of items.
To get around this problem, many sub-optimal approaches ex-
ist. This paper describes formulations of the bin packing and
covering problems that allows to find the true optimum for
instances counting hundreds of items using general purpose
MILP-solvers. Also presented are sub-optimal solutions that
come within less than 10% of the optimum, while taking sig-
nificantly less time to calculate, even ten to 100 times faster,
depending on the required accuracy.

Note to Practitioners

A typical case for bin covering is in food processing where food items are
automatically sorted into trays of similar weight, so that the overweight is
minimized. Another application is in recycling, where items like batteries
should be put in crates of similar weight, so that the crates do not exceed a
target weight, due to later manual handling, but at the same time we want as
few crates as possible. This is a bin packing problem. On an industrial scale
these tasks are fully automated. Though modern software tool’s efficiency
to solve bin sorting problems have increased significantly in later years, the
problems are inherently tough in the sense that the solution time grows ex-
ponentially with the number of items. This limits the problem sizes that can
be solved to optimality within reasonable time. Therefore, much research has
focused on heuristic rules that give reasonable solving times while not giving
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the true optimal number of bins. However, in many cases the true optimal
solution is preferable, and sometimes even necessary, so this is an industrially
interesting problem. This paper describes an approach to solve the bin pack-
ing and covering problems to the true optimum that increases the limit of the
number of items that can typically be handled. This is done by observing
that items of same value need not be distinguished. Instead, we can formu-
late packing/covering problems over item values rather than individual items,
and sort integer numbers of these values into bins, which allows to solve to
optimum for more than 500 hundred items in reasonable time. In addition,
by redefining what we mean by same value, we can consider more items to
have the same value and achieve even better computational efficiency.

1 Introduction

The (one-dimensional) bin sorting problem concerns sorting items with given
values into bins such that the value of a bin, counted as the sum of its included
values, conforms to a specified target value, while at the same time optimizing
the total number of bins. Two (dual) variants of this problem exist, bin
packing |1] where the bin values cannot go over, and bin covering |2] where
the bin values cannot go under, respectively, the target value.

The problems are NP-hard [1] combinatorial optimization problems, mean-
ing that there is no general algorithm that can solve either problem for an
arbitrary number of items in reasonable time.

Due to this, different heuristic algorithms to provide sub-optimal solutions
while guaranteeing a bound from the optimum and having polynomial com-
plexity have been a long-time active field of research. Recent surveys of related
problems are presented in [1] for approximative algorithms and in 3] for exact
algorithms.

Recent work on bin sorting is based on branch-and-price based algorithms,
see e.g. |4]. Pseudo-polynomial formulations, [5]-[7], allow a more compact
formulation and avoid the complexity introduced in the implementation of
branch-and-price based algorithms. Of interest in some practical applications
is also temporal extensions, [§], where the capacity of a bin must be consumed
within a given time window.

In our previous work on the subject [9], we presented a model to solve
the bin covering problem to optimality by means of Mized Integer Linear
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Programming (MILP), and we showed through a computational analysis of
more than 800 problem instances that a MILP solver is able to handle quickly
large sized instances. In this work we extend the analysis to also bin packing,
and we provide mathematical proof of the validity of our claims on top of
which we implemented the above-mentioned formulation. We also present a
sub-optimal approach based on a simplification of the original instances that
exploits the feature of our new formulation and guarantees close to optimal
results.

In industrial problems there are often additional constraints that are not
included in text book formulations of the sorting problems. An example from
an industrial application: for bin covering problems it might be allowed to go
a few percent below the target weight for certain bins as long as the average
bin value is on or above target. Algorithms that are tailor made for textbook
formulations of the sorting problems might have problems to generalize to such
modified versions of the problem. In industrial applications general purpose
solvers are thus often preferred due to their ability generalize to new problem
formulations. So, though we in this paper treat only the text book versions
of bin sorting, we do so by focusing on formulations that can be given as
input to general-purpose MILP solvers, and we evaluate the efficiency of these
formulations.

First is presented the standard formulation that can be found in most text
books. This formulation was first introduced by [10] and is typically useful
only for a small number of items. Then is given the “subset” formulation,
which removes the identities of the bins and thus allows to solve for a much
larger number of items and bins. Thirdly is given the “equivalence class” for-
mulation, which further removes the identities between items of same values,
and hence allows to solve for even larger numbers of items and bins. As ex-
plained later on in the paper, the idea of equivalence classes leads to define
combinations of items that meet the target requirement (i.e. the cumulative
value of such items is below the target for the bin packing and above it for the
bin covering); such combinations are given the name of packages in this paper
and, to the best of our knowledge, they have first been introduced by [11] to
implement a specific purpose algorithm to solve bin covering problem, and
then used in [12] to implement a branch and price algorithm, while we use
it to develop a linear-integer model for a general purpose solver. Also, we
improve the concept by defining a subset of packages among which bins can

B5



Paper B

be selected that still leads to the optimal solution. In other words, we do
not need to enumerate all possible combinations of items in order to find the
optimal solution, but only a rather small portion of it.

The contributions to this paper are: (i) improving the concepts of equiv-
alence classes by introducing the notion of skinny and fit bins for the bin
covering and the bin packing respectively; proving that the the optimal so-
lution of an instance of the bin packing (covering) is only composed by fit
(skinny) bins; (iii) develop a heuristic method for both the bin covering and
bin packing problem, based on equivalence classes, that significantly reduces
the computation time while still guaranteeing close to optimum results; (iiii)
evaluating the method against other algorithms for bin sorting problems by
running it over different sets of benchmark instances.

In the next section the general bin sorting problem is described, giving
three different MILP formulations, two of which exploit the fact that prospec-
tive bins can be pre-calculated to make the MILP solver’s job easier. Then
Section |3| presents how the combinatorial explosion can be further mitigated
by restricting the number of pre-calculated bins, while still guaranteeing op-
timal solutions. Section [4] then describes how the number of pre-calculated
bins can be made even smaller, but then not guaranteeing optimal solutions.
The experimental results of Section [5| shows the computational benefits of
both the optimal formulations, and the sub-optimal formulation that comes
within less than 10% of the optimum, while achieving a significant reduction
in computation time. The paper is concluded in Section [6}

2 Bin Sorting

Bin sorting is a generic term for the two (dual) problems of bin packing and bin
covering. The bin sorting problem concerns a set of items V' = {v1,va,...,v,},
each with a value so that there can be defined an ordering between the items,
such that vy > vy > --- > w,. For notational simplicity, except for in a
few places, the distinction between an item and its value will not be made;
note though that items are unique, whereas two items can have the same
values. Given a subset V' C V we denote its minimum and maximum values
as min(V”’) and max(V’), respectively.

A bin b; C V is a subset of V. For a bin b; we can define its value B; as

the sum of the item values it contains, that is, B; = Zuiebj ;.
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The bin sorting problem can now be defined as a tuple (V,¢,1<), where
t is a target value that defines a bound on the bin values, and > is < for
bin packing, and > for bin covering. The problem is now to find an optimal
solution By = {b1,b2,...,bn}, which is a partition of V' with the minimum,
for packing, or maximum, for covering, number m of bins, such that Vb; €
Bopt, Bj>at. It is assumed that D, i v; > ¢, and Vu; € V v; < t.

Since we in large parts of the paper simultaneously deal with both covering
and packing, we have introduced a non-standard notation of our own (such as
“target” t instead of “capacity” ¢). This so, since the communities dealing with
the respective problems do not always agree on the notation. Furthermore, the
term “bin covering” is sometimes used to denote a different problem, where
the number of bins is fixed and the problem is maximizing the number of
packed items while not exceeding the target value for any bin [13].

2.1 The Standard Formulation

One way to formulate the bin sorting problem is as a mized linear integer
programming (MILP) problem, where the decision variables represent bins
and the allocation of items to the bins. Let b; (j = 1,...,n) be 0-1-variables
representing whether a certain bin is used (b; = 1) or not (b; = 0), and
let z;; (4,5 = 1,...,n) be 0-1-variables representing whether the value v; is
assigned to the j’th bin (z;; = 1), or not (x;; = 0). The MILP problem can
then be formulated as:

min/mabej subject to (B.1)
j=1
d ay=1 Vi=1,...,n (B.2)
j=1
i=1
ZEijG{O,l} Vi,j=1,...,n (B4)
b; € {0,1} Vi=1,...,n (B.5)

The objective function (B.1]) is the sum over all the variables representing
whether a certain bin is used or not, and since these are binary 0-1-variables,
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the sum is the number of used bins; this sum is to be minimized for bin packing
and maximized for bin covering. Constraint guarantees that each item
is assigned to exactly one bin. Constraint guarantees that the value of
each used bin is on or below (< is <) the target value ¢ for bin packing, and
on or above (X is >) the ¢ for bin covering. Constraints and define
the domains of the decision variables.

For bin covering, Constraint can actually be relaxed to < 1, since not
all values are necessarily placed in some bin. However, such surplus values
(see below) cannot constitute a bin on their own, and since there is no upper
bound on the bins, the surplus values may be put on any bin without altering
the optimal solution. In fact, with a rigorous definition of the surplus values,
we can always remove the surplus values from the optimal solution, and the
surplus-free solution will still be optimal.

2.2 The Subset Formulation

A less trivial approach to formulate the bin sorting problem as a MILP prob-
lem is to enumerate the prospective bins by sort the items into packages that
fulfill the target constraint, and then formulate a problem of choosing the
smallest or largest number of such packages. If we generate all possible such
packages, the MILP-solver will have freedom enough to find the optimal num-
ber of packages.

Let p; € V be a package such that ZviEPj v; b1 t. Note that contrary to
bins, different packages may share items, that is, for some packages p; and p;
with ¢ # j it may hold that p; Np; # @. Let P; = {p;|v; € p;} be the set of
all packages that include the item v;. We call the elements of P; overlapping,
and there are n such sets.

Given the set of k& generated packages, and with a slight abuse of notation
we use p; to denote a 0-1-variable representing whether the package p; is used
(p; = 1) or not (p; = 0), we can formulate the MILP problem as:
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k
min / max ij subject to (B.6)
j=1
dopi=1 Vi=1,...,n (B.7)
p; EP;
p; € {0,1} Vi=1,....k (BS)

Similarly to , the objective function sums over all the vari-
ables representing whether a package is used or not, and since these are 0-1-
variables, the sum is the number of used packages; this sum is to be minimized,
or maximized, for bin packing and bin covering, respectively. Constraint
guarantees that exactly one of the overlapping packages is used, which pro-
hibits multiple inclusion of the same item into the optimal solution, and so
guarantees that the chosen set of packages partition V' (this is what makes
the chosen packages bins). Again for the bin covering the constraint may be
relaxed into a less then equality, since the maximisation will make sure that
as many packages as possible are chosen; on the other hand, without the more
restrictive constraint, the bin packing problem would always yield a solution
counting zero bins. Constraint simply defines the domains of the p,
variables.

2.3 Equivalence class formulation

Though the subset formulation of Section [2:2] goes a long way to mitigate the
computational complexity, observing that for large bin sorting problems we
can have, and typically do have, many items with equal values, we can give an
even more compact problem formulation, where equal values are not viewed
as distinct items, but rather as a single item with a multiplicity equal to the
number of actual such same-valued items. This is done by collecting equal
items into equivalence classes, and instead of enumerating each item of such
a class, formulate the optimization problem over integer decision variables
related to the number of items in each equivalence class.

Consider a bin sorting problem (V,¢,1<). Let an equivalence class E; be a
subset of equal valued items of V; that is, B, = {v; € V]v; = w} for a fixed
value w. Obviously, min(E,) = w. Let p denote the number of all equivalence
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classes. The set of p equivalence classes partition V.

We call a tuple (Eq, f,) of an equivalence class E; and a factor f,, a selec-
tion. The factor is used to denote the number of items from the equivalence
class that are selected in a certain situation. Of course, 0 < f; < |E|, and
obviously there is a finite number of distinct selections.

Let a package class PC; = {(E1, f1,i),---,{Ep, fp,i)} be a set of selections
over all equivalence classes, such that

> min(E,) - fyitat, (B.9)

(Eq,fq,i)EPC;

where <1 is < for bin packing and > for bin covering, and the objective is to
minimize and maximize, for packing and covering, respectively. Let k& denote
the number of all possible package classes.

Since all package classes contain all equivalence classes, albeit many with a
zero factor, all package classes overlap, which then becomes an uninteresting
observation (contrary to Section [2.2).

Given a set of k generated package classes, and with some abuse of notation
let PC; be an integer that represents how many “instances” of the package
class PC; that are included in the optimal solution, then the optimization
problem can be formulated as:

k
min/maxz PC; subject to (B.10)
i=1
k
> fai- PCi=|E,| Vg=1,...,p (B.11)
i=1
PC; >0 Vi=1,...,k (B.12)

The objective function sums over all the variables representing the
number of each package class instance; this sum is to be minimized for bin
packing and maximized for bin covering. Constraint sums for each
equivalence class over all the package classes and multiplies with the factor for
each respective package class, to get the total number of used values from the
specific equivalence class. Naturally, this number cannot exceed the number
of values in the equivalence class for the package class, and has to be exactly
equal to the number of values in the equivalence class in order to avoid trivial
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solutions with zero bins. Constraint simply sets zero as the lower bound
for the number of instantiations of the respective package classes.

An upper bound for PC'; could be pre-calculated, but it is not clear whether
this will have any impact on the computational complexity, and this has not
been investigated.

For brevity, we will in the following use the term package in place of package
class.

3 Optimal Solutions

Though theoretically possible, generating all packages is practically intractable;
we can do this only for small n. And though generating all possible package

classes is more tractable than generating all packages, it still amounts to a

huge computational effort for large bin sorting problems. However, we can cal-

culate the packages in a more clever way, by observing that the optimization

criterion really means that the resulting bins of an optimal solution should be

as close to the target value as possible. Calculating such packages saves a lot

of computational effort, as is shown in Section

In this section we will argue for why and how we can calculate a specific
subset of all possible packages, but still get an optimal solution from the subset
and equivalence class formulations of Section 2] For clarity, we will here treat
packing and covering separately in their own subsections.

In both cases, we have a bin sorting problem (V,t¢,<) for packing, and
(V,t,>) for covering. The total value over all n items of V is W = vy + vy +
<-4 v, A feasible solution f; = {b1,ba,...,by} to a bin sorting problem, is
a solution where for each bin, B; < t for packing, and B; > t for covering,
and an optimal solution is a feasible solution where the number of bins m is
minimized for packing, and maximized for covering.

Let us also note the distinction between bins and packages. Bins partition V'
so that no item in V' can be in more than one bin, whereas packages can share
items; it is the task of the bin sorting solver to select among the packages so
that a single item does not appear in more than one bin.
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3.1 Bin Packing

A feasible solution f; = {b1,ba,...,by} for a bin packing problem (V. ¢, <) is
said to be true if all items of V are sorted.

For a feasible solution, all bins b; are on or below target, that is B; < ¢. For
bin packing we want to minimize the number of bins. Thus, it seems to make
sense to have bins that are as close to the target (but not above) as possible.

Definition 1: A bin (or package) is said to be fit if adding the least valued
item from V gets it above the target value. That is, a bin b; is fit if

B; 4+ min(V) > t.

Definition 2: Let V" be a set of virtual items, such that VNV = & and
v = min(V) for all v, € VV.

The virtual items are not in the original problem formulation but are intro-
duced as possible items that can be put in bins to complete a bin into a fit bin,
in order to guarantee fit solutions. However, we show later that virtual items
can be removed from a solution and thus a ¢rue solution can be generated.

A feasible solution f; = {b1,b2,..., by} for a bin packing problem (V,t, <)
is said to be fit if all items of V', plus an arbitrary number of virtual items,
are sorted, and all bins in fr are fit.

Lemma 1: For a bin packing problem (V,t, <), a feasible true solution f;
exists if and only if a feasible fit solution f; exists.

Proof. First we show that to a feasible true solution f; we can add virtual
items to non-fit bins to make a feasible fit solution f;.

Assume a non-fit bin b;, thus B;+min(V) < ¢. Add | (¢—=(Bij+min(V)))/min(v) |
number of virtual items to b;, the bin is now fit by definition since adding one
additional virtual item makes the value of the bin be larger than the target
value ¢. This can be done for any non-fit bin in f;.

Second, we show that we can remove (virtual) items from the bins of f;
and get feasible true solution.

Assume a fit solution fy. Let BY be the sum of the values of all bins for
a feasible fit solution f;. Then the total number of virtual items is equal to
| (B! =W)/min(v)|. If this number of virtual items are removed from the bins in
fr, the total number of items of value min(V') in all bins will be equal to | E,,|
and thus the modified solution will be true. Note that removing virtual items
from a bin can only decrease its value, and since a fit bin is by definition
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already below the target, so will the reduced bin be. The total number of
items of value min(V") will be equal to or larger than | (B =W)/min(v)], thus it
is possible to remove | (B =W)/min(v)| items of value min(V"). Consider any set
of bins that is the result of removing |(B/=W)/min(v)| items of value min(V)
from the bins of the fit solution f;. The set of reduced bins result in a feasible
solution for the true problem, since all bins have a value less than the target
value and the number of items for every value will be equal to the number of
values in the equivalence class for the same value. O

Theorem 1: Let B,
lem (V,t,<), and let B/

opt
Then

be an optimal true solution to the bin packing prob-

be an optimal fit solution to the same problem.

|Bf)pt| = |B(J:pt|‘

Proof. If there exists a feasible solution for the fit problem that is optimal,
then no better solution than that exists and, according to Lemma [T} there
must exist a feasible solution for the true problem that yields the same result
and thus no better solution can exist. O

3.2 Fit package generation

As mentioned, a major issue with the equivalence classes approach to solve bin
packing problems is the computation of all package classes that might form
part of the optimal solution. Computing and then filtering the power set of
V' is computationally heavy even for relatively small size problems, therefore
a less demanding procedure is required. Given the aforementioned notions,
the computation of all fit package classes can be formulated as a Constraint
Satisfaction Problem (CSP).

Regard the bin packing problem (V,¢, <), with the equivalence classes E,
(g=1,...,p). Let f, (¢ =1,...,p) be the factor for E,, that is, an integer
variable representing how many values from FE, that are chosen to form a
package class. Let F' be an integer number such that F' = [¢/min(v)]. The
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CSP formulation is as follows:

0< fy<F Vg=1,...,p (B.13)
p
> (min(Ey) - f5+ (fy +1) - min(E,)) > ¢
gy
Vg=1,...,p (B.14)

Constraint limits the factor for each equivalence class to be at most as
large as the value F'; constraint states that the sum of values contained
in a fit package goes above the target value as soon as we increase the value
of any factor by one.

Finding a satisfiable solution to this CSP problem means to find a combi-
nation of values that, together will result in a fit package class. To obtain
the whole set of fit package classes, it is possible to set up another problem
with the same constraints, plus one constraint ruling out the solution just
found. Let S = {f{,...,f;} be the solution of the CSP problem, where
fi Vi =1,---,p is the factor selected for the equivalence class p, then the
additional constraint is:

(N (fi=£) (B.15)
fres

Constraint ensures that the solution found in the previous iteration
cannot be selected in the current one, so that the solver has to find a new
one. In order to find the complete set of fit package classes, one has to set up
a loop and, for each iteration, add the constraint to rule out the last solution
found for the new CSP problem. The loop goes on until the problem becomes
unsatisfable, which means that all package classes have been found.

Example of Equivalence Class Formulation Consider the bin packing prob-
lem (V,t, <), with V' = (50, 50, 40, 40, 10, 10) and ¢ = 100.
There are three equivalence classes, all of size 2:

E, = (50,50)
B> = (40, 40)
E; = (10, 10)
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And there will also be 8 virtual items of value 10. We need to be able to form
feasible packages by using the CSP model in Section [3.2] and, since we only
have two items of value 10 and the target is 100 we need 8 virtual items.

The CSP will now yield all packages that are “just below the target”, mean-
ing that if the smallest items from V is added, namely item of value 10, the
total value will outreach the target value 100

PCy = {

PCy =
PC5 = E171 3 E271 ,<E3,1>}
PCG—{E172}

For readability, only the equivalence classes E, with factors f; > 0 have been
included above. Now, regarding only the non-zero factors for each equivalence
class in the package classes, constraint (B.11)) becomes:

PCy+ PC5+2 PCg>2
PCy+2 PC3+ PCs > 2
10 PC14+6 PCo+2 PC3+5 PCy+ PCs > 2

We only have two items of value 10 and, in PC4 and PC5, E3 has multi-
plicity 1, while in PCg E3 has multiplicity 2, hence the coefficients in the first
inequality. The bin packing requires that all items are placed into bins, there-
fore there should be an equality sign; when we generated packages though,
we used virtual bins also, therefore now we need to allow for more items than
actually available in V', but not less, hence the ">" sign. The same procedure
applies to the other two equivalence classes as shown in second and third in-
equality. Since the problem is a minimization, most of the virtual items will
not be used (the ones left are not enough to form another bin), therefore the
solution will be optimal with respect to V' (as explained in detail later on).
Then, the objective is:

minPCl+PCQ+PC'3+PC4+PC5+PC6.
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3.3 Bin Covering

For bin covering we want to maximize the number of bins, and hence it seems
to make sense to have bins that are as close to the target (but not below) as
possible.

Definition 3: A bin (or package) is said to be skinny if removing from it
its least valued item gets it below the target value. That is, a bin b; is skinny
if

B; —min(b;) < t.

A feasible solution fs = {b1,ba,...,b,} for a bin covering problem (V,¢,>)
is said to be skinny if all bins in f; are skinny, and an arbitrary number of
items of V is sorted. The items of V' that are not sorted are called the surplus
items. A feasible solution f; = {b1,b2,...,b;} to a bin covering problem
(V,t,>), is said to be true if all items are sorted.

Lemma 2: For a bin covering problem (V,t,>), a feasible true solution f;
exists if and only a feasible skinny solution fs exists.

Proof. Regard a true feasible solution f; = {by,ba,...,b,}. For each non-
skinny bin b;, we can iteratively remove its least valued item min(b;) until b;
becomes skinny. Obviously, the resulting skinny solution will have the same
number of bins as f;.

Regard a skinny feasible solution fs = {b1,be,...,b,,}. This has a set of
non-sorted surplus items, Vi,,. These items can be put on arbitrary skinny
bins to make the bins non-skinny. Doing so for a bin b; € f, will increase the
value B; which means that it is still on or above target. Thus, we can from
the skinny feasible solution generate a true solution f.

For both implications, the number of bins is preserved. O

Theorem 2: Let B! , be an optimal true solution to the bin covering prob-

opt
lem (V,t,>), and let B3, be an optimal skinny solution to the same problem.
Then
‘ngt| = ‘ngt|'

Proof. If there exists a feasible solution for the skinny problem that is optimal,
then no better solution than that exists and, there must exist a feasible solu-
tion for the true problem that yields the same result and no better solution
can exist. O
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3.4 Skinny package generation

As for the bin covering, it is possible to setup a Constraint Satisfaction Prob-
lem based on the definition of Fit Bin and run it multiple time to produce, at
each iteration, a different valid package, until the problem becomes unfeasible;
then we know we have found all feasible packages.

Regard the bin covering problem (V,t,>), with the equivalence classes E,
(¢g=1,...,p). Let f, (¢ =1,...,p) be the factor for E,, that is, an integer
variable representing how many values from FE, that are chosen to form a
package class. The CSP formulation is as follows:

fo> 0= 3 (min(Ey) - f;+ (fy 1) - min(E,)) <t
j=1
977

Vg=1,...,p (B.17)

Constraint [B.16] limits the factor for each equivalence class to be at most as
large as the size of the equivalence class itself; constraint states that the
sum of values contained in a skinny package goes below the target value as
soon as we reduce the value of any factor by one. Unlike the corresponding
constraint for the bin packing problem, in this case it is necessary to specify
that we can only reduce a value if it is larger than zero.

Let S = {ff,..., f;} be the solution of the CSP problem, where f; Vi =
1,---,p is the factor selected for the equivalence class p, then the additional
constraint is:

(N i=5) (B.18)

fres

Example of Equivalence Class Formulation Consider the bin covering prob-
lem (V,¢,>), with V and t as in section and so are the equivalence classes.
We can generate four skinny package classes:

PCy = {(E1,2)}
PCy = {(F1,1),(Es,2)}
PC3 = {(E1,1),(E2,1),(E3,1)}
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PCy = {(F5,2),(E3,2)}

For readability, only the equivalence classes E, with factors f;, > 0 have been
included above.

Now, looking only at the non-zero factors for each equivalence class in the
package classes, constraint becomes:

2 PCiy+ PCy+ PC3 <2
2PCy+ PC3+2PC4<2
PC3+2PC, <2

Since the the bin covering does not require all items to be allocated to binsl,
the equality constraint can be relaxed, hence the inequalities above.
Finally, the objective is:

max PC1 + PCy + PC3 + PCjy.

One optimal solution is to select PCy once (PC = 1) and PC4 once (PCy =
1). However, another optimal solution is to select two "instances" of PCj
(PC3 = 2). Both of these are of course skinny solutions.

So, we really only need to generate fit (for packing) and skinny (for covering)
packages and package classes to get optimal solutions from the subset and
equivalence class formulations. This saves a lot of computational effort, as
shown in Section [l

4 Sub-Optimal Solutions

The equivalence class formulation significantly improves the runtime perfor-
mance of the optimizer compared to the naive formulation, as shown in Sec-
tion Nevertheless, BC is still a combinatorial NP-hard problem and for
some problems, calculating the true optimum might be expensive in terms of
computational effort. The alternative is to consider heuristic methods that
can provide a sub-optimal solution in a shorter time. Based on the equiv-
alence classes approach, a heuristic method was developed to simplify the
problem and calculate a suboptimal solution faster. One hypothesis that led
to the heuristic is that the number of package classes related to a BC prob-
lem (V,t,>) does not depend entirely on |V|, but rather on the number of
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equivalence classes and their cardinality; the more different values, the more
possible combinations, the more package classes.

Therefore, the goal of such method is to provide a set of approximated
equivalence classes, C*, where a certain number of consecutive exact equiv-
alence classes are merged together. We call the approximated equivalence
classes chains.

Let E = (E1, Es, ..., Ep) be the set of p number of equivalence classes over
the values of V, ordered so that min(E;) < min(E;4q) (fori=1,...,p—1).
Let C be a set of chains, sets of one or more consecutive equivalence classes
from E, C = Uf;llH{Ei, Eit1,...Eiy—1} forl=1,... p, and let the size of
a chain be the sum of the sizes of the equivalence classes it is composed of;
for Cj € C, )] = X co, |l

Note that chains will have common elements (equivalence classes), just as
packages, therefore it is possible to define the set O; of all chains containing
a certain value.

Example of Chains Generation
E = <E1,E2,E3, E4>, p= 4, with Hlln(EZ) < min(Ei_,_l) for i = 1,... 73,

C= U€;1l+1{EiaEi+la - -Ei+l—1} for | = 1, Y

{E B} {Es ) { Eul, l=1i=1,...,p

{E1, B2}, {Es, Es}, {Es, E4}, l=2,i=1,...,p—1
{El,EQ,E3},{E2,E3,E4}, 1=3,i=1,...,p—2
‘{El,EQ,E37E4} l=41=1,...,p—3

4.1 Heuristic for the bin packing problem

When it comes to the bin packing problem, a way to generate the above
mentioned chains is to merge exact equivalence classes as explained in the
above section and to assign to all the values of the resulting approximated
equivalence class the largest value of all classes that have been merged. This
is done so that the solution generated when solving the simplified problem is
valid: if a value smaller than the one belonging to the largest class merged
were to be assigned to the approximated class, the optimal solution to the
simplified problem might be smaller than the optimal solution to the original
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problem and, therefore, unfeasible.

Definition 4: Let define the minimum theoretical number of bins M as
the number of bins we could achieve if we could break down the items into
smaller ones and reallocate the overweight from each bin to form other ones:
M =W/t Such value can be achieved by relaxing the integrality constraint in
the initial problem, as pointed out in [11|] where such value is defined as lower
bound.

Let the chain E;_,, be the result of merging the equivalence classes Fj,
E,,, where min(F;) < min(E,,). Then min(E;_,,) = min(E,,), |E_n| =
(Ei| + | B

‘El—m| : min(El—m) = (‘El| + |Em|) 'min(Em) >
|Ei| - min(E;) + |Ey,| - min(E,,)

The gain ~y is then:

min(E,,) - (|Ei| + | Em])—
|Ey| - min(E}) + |Ep| - min(E,,) =
|E1| - (min(Ep,) — min(E;))

The new minimum theoretical number of bins is M’ = (W+v)/t. The gain
can be used to decide which classes is better to merge when simplifying an
instance. Using a greedy algorithm it is possible to quickly generate all chains
and calculate v for each of them. It is then possible to formulate a MILP
model to select the chains that produce the minimum loss, given a desired
number of equivalence classes d.

Let z; (i = 1,...,k) be 0-1-variables representing whether the chain C; is
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chosen (z; = 1) or not (x; = 0). The MILP formulation is as follows:
k
miani Y (B.19)
i=1

Zp: zi=d (B.20)

> oai=1 Vi=1,...,p (B.21)
;€0
x; € {0,1} Vi=1,...,k (B.22)

The objective function is the sum of all gains for the chains that
are chosen. Constraint [B:20] states that exactly d chains have to be chosen.
Constraint states that overlapping chains are mutually exclusive. Fi-
nally, sets the variable domains to be binary.

Note that the heuristic has been developed bearing in mind that, with a
normal distribution, there are only a few values at the edges of the bell curve,
while most of the values appear in the middle of it. Therefore, while containing
the same number of values, the chains that are closer to the edges will contain
more classes from F, involving a larger loss than the ones closer to the centre.
However, as those values are smaller in number compared to the ones in the
middle, the overall loss seems not to be significant.

4.2 Heuristic for the bin covering problem

Once again it is possible to draw inspiration from the results achieved for
the bin packing problem to develop a working heuristic method for the bin
covering problem too. By merging equivalence classes it is in fact possible to
generate a simplified problem that provides a sub optimal solution. This time
it is required to assign to the resulting equivalence class the value of the items
from the class with the smallest values, in order to generate a valid solution.
Since this is a maximization problem, it makes more sense to talk about loss
o (rather than a gain) that affects the maximum (instead of minimum) theo-
retical number of bins. Once again this value corresponds to the optimum of
the cost function for the bin covering when relaxing the integrality constraint.

It is possible to calculate the loss o related to the merging of two or more
equivalence classes in terms of decrease in the total value W and, therefore,
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of the maximum theoretical number of bins M.

Let the chain E;_,, be the result of merging the equivalence classes Ej, E,,,
where min(E;) < min(E,,)). Then min(E;_,,) = min(E;), |E—m| = |E1| +
| Eml.

|E| - min(E;) + |Ep| - min(E,,) >
|El—m| - min(Ej—,) = min(E) - (|E] + [En|)

The loss o is then:

|Ep|- min(E;) + |Ey,| - min(E,,)—
min(El) . (|El| + |Em|) =
(min(E,,) — min(E;) - |Enl)

The new maximum theoretical number of bins is M’ = (W-0)/t. Setting
up exactly the same MILP model as in [I.1] it is possible to find the set of
merged classes that minimizes the gain while guaranteeing a desired number
of equivalence classes for the simplified problem.

Example of Chain Optimization

Consider the example shown in Section [d] and assume that the values and
sizes of the equivalence classes are respectively min(E;) = 13, |Ey| = 10,
min(Ey) = 15, |E2| = 7, min(E3) = 20, |E3| = 12, min(Ey), |Es] = 3. If
the desired number of classes is d = 2 we can compute the loss for each chain

based on (B-19)~(B-22):

Cy = {FE:} a(Cy) =0
Cy = {Ey}, a(Cy) =0
Cs3 ={E3}, a(C3) =0
Cy = {E,}, a(Cy) =0
Cs = {F1, B>}, o(Cs)=7-(15-13) =14
Cs = {E», E5}, 0(Cs) =12- (20 — 15) = 60
C; = {Es, E,}, o(C7)=3-(25-20)=15
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Cs = {E,, Fs, B3},

0(Cg) = o(Cs) +12- (20 — 13) = 98
Co ={FEs,E5,Ey4},

o(Cy) = o(C) +3- (25 — 15) = 90
Cro = {E1, Es, E3,E,},

o(Ch9) = 0(Cg) +3- (25 — 13) = 134

According to constraint (B.20]) only d chains can be selected:
Ci14+Co+C3+Cy+C5+Cs+Cr+Cs+Co+ Crg=2

According to constraint some chains are mutually exclusive, so each
equivalence class must be picked exactly once. As stated before, chains are
sets, but with some abuse of notation, we here use them as binary variables
to state whether a chain is selected (C; = 1) or not (C; = 0).

Ci+C5+Cipp=1
Co+Cs4+Cs+Cs+Co+Cp=1
C3+Cs+Cr+Cs+Cg+Cip=1
Ci+Cr+Co+Cip=1

Finally, the objective function to minimize is:
- 0’(01) +Cy - O’(Cg) + (s 0‘(03)

+C4 '0'(04) +C5 . 0'(05) +CG 'O’(C(;) +C7'0(C7)
+Cyg - O(Cs) 4+ Cy - O’(Og) + Cio - 0'(010)

5 Computational Analysis

We ran an extensive analysis over 1500 generated problems, comparing both
the standard and the equivalence class formulations for both the bin packing
and bin covering problem; we also compare the standard and equivalence
classes formulations for the bin packing problem over different benchmark
sets from the literature:
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Table 1: Comparison of the standard formulation and the equivalence class formu-
lation over the benchmark instance sets, showing the number of solved
instances within one minute and the average time calculated over the in-
stances that did not time out. For each instance set it is reported the total
number of instances and the number of instances that generate less than
ten million packages. The ’-’ is used when no instance is solved, while the
* means that the package generation algorithm run out of memory.

Instances STD EQU
Complete Set < 1.0 x 107 solved average solved average
Falkenauer U 80 80 16 34.11 80 1.64
Falkenauer T 80 80 10 30.07 80 0.76
Scholl 1 720 313 185 26.92 294 1.29
Scholl 2 480 54 50 6.86 48 7.69
Scholl 3 10 7 0 - 0 -
Schwerin 1 100 100 51 32.23 26 48.49
Schwerin 2 100 100 40 37.72 5 53.66
Wischer 17 0 0 - * *
Schoenfield 28 0 0 - * *

o Falkenauer [14]: two sets with 80 instances each;

o Scholl [15] three sets with 720, 480 and 10 instances respectively;
o Schwerin [16] two sets with 100 instances each;

o Wischer [17] a set with 17 instances;

o Schoenfield [18] a set with 28 instances.

All instances have been solved using the state-of-the-art MILP solver Gurobi 9
[19]. The time limit is 1200 seconds and the solver has been used with its de-
fault setting. All the experiments were performed on an Intel Core i7 6700K,
4.0 GHZ, 32GB RAM running Ubuntu-16.04. The implementation of all the
models presented in this paper, as well as the benchmark instances. The in-
stance generator is available on https://github.com/sabinoroselli/bin_
covering-packing.git

To generate the instances we approximated a normal distribution. The
parameters to generate instances are the number of items, the range of values,
the average value of such range (which is the mean of the distribution) and the
standard deviation. Since the results show a skewed distribution, we reported
the median and upper and lower quartile for each category.
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The first set of tests, reported in Table 2| has been run using the standard
formulation to solve both the covering and the packing problem. The number
of items ranges from 10 to 70 and the target value ranges from 300 to 900.
The values of the items range from 130 to 170 and the value of the deviation
ranges from 10 to 90; finally, five different instances are generated for each
set of parameters by changing the random generation seed. Results show that
different values for the deviation do not affect the running time significantly
so they are not shown explicitly in the table: for each size and target value,
the average over 25 instances is shown (five different values of deviation times
five different random seeds).

Results from this first simulation show that, as expected, an increasing
number of items makes the problem harder to solve. It is interesting though,
to notice that even for relatively high number of items, there are still many
instances that can be solved almost instantly which means that also large
problems can have trivial solutions. What does affect the complexity of the
instance, according to the results, is the target value ¢; though there are some
outliers, most of the unsolved instances for the covering problem have a target
value of 500, while for the packing problem it is 700.

In the second set of tests the number of items ranges from 60 to 500, while
the other parameters are the same as in the previous tests. For the instance
classes counting 200 to 500 items and with a target value of 800 and 900 it was
only possible to solve one instance, therefore it was not possible to calculate
the quartiles. The results, summarized in Table [3] show, as for the tests run
for the standard formulation, an increasing amount of time required to find
the optimal as the number of items and the target value increases (given a
certain distribution and, thus, a certain number of equivalence classes). Unlike
the standard approach though, the equivalence classes formulation seems to
have a more steady trend: the former’s performance is heavily affected by the
intrinsic hardness of a specific instance, being able sometimes to immediately
solve large size instances with a large target value, while getting stuck on
relatively small sized instances; on the other hand, the latter’s behaviour
is more predictable and steadily increases with the instances parameters, as
shown in Figure[I] Also, the comparison of Table [2]and Table [3] show tighter
values of the quartiles for the equivalence classes formulation; this mean that
the solving time for a given class of instances (in terms of generated packages
for example) is more predictable.
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-=- Covering(STD)
—a—- Covering(EQU)
--a-- Packing(STD)
—e— Packing(EQU)
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Figure 1: Comparison of model formulations (STD stands for standard and EQU
for equivalence classes) and sorting type over generated problems.

Another conclusion we can draw from the data is the strong correlation
between the solving time and the number of packages, which in turn is affected
by the target value and, to a lesser extent, by the number of objects. A larger
target value means an exponentially higher number of possible combinations
to form skinny (or fit) packages; also having a higher number of items in each
equivalence class means that it is possible to form more combinations of them
that make valid packages, though this is true only up to a certain value. For
instance, if the target value is 300, having two or 200 items of value 200 does
not make any difference.

For this reason, an instance with 60 items and a target value of 300 only
yields a few thousand packages, while the same instance with a target value
of 900 can count millions of them. As mentioned before, the increase in the

number of items also causes an increase in the number of packages, which
seems nonetheless to happen within the same order of magnitude.

Though the number of packages has a direct impact on the solving time,
the equivalence class formulation still proves to be efficient to solve very large
sized problems, being scalable in terms of number of items (which is usually the
limitation for the standard approach). Even so, the package generation time
via a greedy algorithm and the model generation time are directly proportional
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Figure 2: Evaluation of package generation time (in seconds) against number of
generated packages (log scale).

to the number of generated packages and for very hard instances they might
not be negligible. Figure [2 shows how the package generation time increases
with respect to the number of packages (benchmark instances from the Scholl
set have been employed to evaluate the package generation efficiency): it is still
close to one minute for instances leading to four million packages but it goes up
to about fifteen minutes for instances of around ten million packages. Though
we have not investigated the subject for this work, we believe that there is quite
some room for improvement in the implementation of the package generation
algorithm (changing the programming language to begin with, since now it
is written in Python). While solving the benchmark instances, the largest
instances we could solve before running out of memory counted circa thirty
million packages; memory overflow is another matter we plan to address in
our future work.

The third set of instances, summarized in Table[I] shows the performance of
the equivalence classes method over different sets of benchmark instances. In
order to compare our formulation to the other relevant algorithms we found in
the literature, we refer to Table I and Table IT of 3|, where such algorithms are
evaluated using the same benchmark sets listed above, and setting the time
limit to one minute (the implementation for such algorithms is available at the
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authors web page [20]. Though the computers used are different, we believe
that the comparison still gives a hint of the methods potentials. Nonetheless,
we decided to run the benchmark instances again for the standard formulation
(called Basic ILP in [3], since the authors used a different solver). Moreover,
the algorithms listed in those tables, are specifically tailored to solve the bin
packing problem, while our formulation provides a linear program that can
be fed to any solver (or extended with additional constraints) and so can be
done with the standard formulation. Therefore we decided to make a more
rigorous comparison between the standard formulation and the equivalence
classes formulation.

As already discussed when commenting on Table [3| the number of gener-
ated packages directly affects the solving time when using the equivalence
classes approach; therefore we only considered instances counting less than
ten millions packages. Table[I]shows the number of instances in each set and,
next to it, the number of instances that lead to generate less than ten million
packages. The equivalence class formulation is much faster than the standard
formulation for the Falkenauer sets and can deal with all instances in less than
2 seconds each. When it comes to the Scholl instances, in the first set the
equivalence classes formulation is still much faster and can deal with almost
twice as many instances before the time limit while it performs very similarly,
though slightly worse in the second set. Neither method can deal with any
of the instances in the third set. The standard formulation performs consid-
erably better than the equivalence classes one in both Schwerin sets, both in
terms of instances solved and average time. Finally, the standard formulation
cannot solve any of the instances from either the Widscher or the Schoen-
field set within the time limit, while the equivalence class formulation cannot
even get started, since the computer ran out of memory while generating the
packages.

A possible remedy to handle such hard instances is to reduce the number of
classes by merging them into chains as explained in sections and The
heuristic does not guarantee an optimal value to the original problem, but it
can drastically reduce the number of packages, thus speeding up the model
generation tremendously, while producing very close-to-optimal results. Table
shows an example for both the covering and the packing problem where
the number of equivalence classes is progressively reduced from the original
one, shown on the first line (the one that would lead to the true optimal

B28



6 Conclusions

solution). The instance is evaluated considering two different target values:
450 is an exact multiple of 150 (the mean value of the items) while 525 is as
far as possible from being an exact multiple. Also, two different values for the
deviation are selected: 10 (corresponding to the data shown in the upper part
of Table [4) and 90 (corresponding to the remaining data); neither of the two
parameters seems to largely affect the accuracy. What we can see though, is
a dramatic reduction in the number of generated packages as the number of
classes decreases, while the optimal value for the simplified instances is still
very close to the optimum for the original one.
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6 Conclusions

In this paper we have presented alternative formulations to solve both the bin
covering and the bin packing problem; we have shown that these formulations
perform particularly well when the number of different values in the problem
instance is limited. In such cases, our formulations allow to to solve problem
counting hundreds of items in a considerably short time. This feature can
prove useful for industrial applications where the number of items is high
but the range of values is limited, such as battery recycling (for bin packing)
or fixed tray weight sorting in food processing (bin covering). When this
is not the case, our formulations allow for problem simplification by means
of merging equivalence classes that still provides a close to optimal solution,
while dramatically reducing the computation time. Moreover, the concept of
skinny/fit packages can constitute a solid base to improve existing specific-
purpose algorithms such as those given by [3], which we intend investigate
further.
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Table 2: Set of generated instances solved using the standard formulation for both the packing and the covering
problem. The size of the instances ranges from 10 to 70 items and the target value from 300 to 900. The
median time is reported (calculated over the solved instances) as
number of instances that timed out. The timeout is set to 1200
is solved, the cell is marked with the symbol -’

well as the lower and upper quartile and the
seconds. If no instance for a given category

COVERING STANDARD

300 400 500 600 700 800 900
med. low upp TO med low upp TO med. low upp TO med. low upp TO med low upp TO med low upp TO med. low upp TO
10 000 000 000 0 000 000 000 0 000 000 000 0 000 000 000 0 000 000 000 0 000 0.00 000 0 000 000 000 0
20 000 000 002 0 000 000 000 0 000 000 002 0 000 000 000 0 000 000 000 0 000 000 000 0 000 000 000 0
30 001 001 116 4 001 001 001l 0 859 009 958 4 001 00l 001 0 001 001 00l 0 00l 001 001 0 00l 00l 002 0
10 006 002 016 7 001 001 001 0 1857 1395 2274 12 001 001 002 0 001 001 00l 0 004 001 008 0 001 001 001 0
50 007 003 015 3 046 035 054 0 3550 2622 5481 11 0.02 002 002 0 002 001 002 0 042 012 2489 6 002 001 002 0
60 017 012 027 15 003 003 003 0 9025 3275 11626 13 003 0.02 003 0 003 003 o010 0 - - S 25 002 002 003 0
70 017 015 025 6 090 004 274 0 6583 12.8) 23656 11 0.04 003 004 0 003 003 007 4 - - - 25 003 003 003 0

PACKING STANDARD

300 400 500 600 700 800 900
low upp TO med low upp TO low upp TO med low upp TO med. low upp TO med. low upp TO med. low upp TO
10 000 000 0 000 000 000 0 000 000 0 000 000 000 0 0.00 000 0 000 000 000 0 000 000 000 0
20 001 010 0 005 003 008 0 000 003 0 000 000 000 0 0.00 000 0 000 000 000 0 000 000 000 0
30 001 023 0 018 012 02 0 000 014 0 000 000 001 0 0.01 004 0 000 000 000 0 000 000 002 0
40 040 3068 0 076 049 198 0 200 0 001 001 006 0 1.95 514 15 001 001 001 0 001 00l 001 0
50 897 8204 6 676 115 2146 0 495 0 002 002 002 4 156 969 16 001 001 001 0 001 001 001 0
60 010 17001 11 2177 308 4042 7 1396 0 007 004 022 0 7961 1825 12453 15 001 001 001 0 005 003 016 0
70 010 4492 13 47365 5334 56020 8 2706 0 004 004 004 3 15392 20.90 34386 13 002 002 002 0 002 002 003 4
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Table 4: Comparison of the optimal solution and solving time (in seconds) with

respect to the number of generated packages for an instance of 200 items
solved with both packing and covering method when varying the number of
classes (Cl.) by simplifying the original instance. The instance is evaluated
for target values of 450 and 525 and deviation values of 10 (top part of
the table) and 90 (bottom part).

CL COVERING PACKING
Standard Deviation: 10
450 525 450 525

Packages Optimum Time Packages Optimum Time Packages Optimum Time Packages Optimum Time
45 62999 65 0.47 181800 50 2.10 8964 67 0.08 15969 65 0.26
40 44616 65 0.35 118894 50 1.43 6768 67 0.07 11525 65 0.20
35 26057 65 0.19 72368 50 0.50 4437 67 0.04 7814 65 0.12
30 15931 65  0.10 39935 50 028 2486 67 0.03 4955 66 0.03
25 8154 65  0.08 19788 50 013 1566 67 0.02 2925 66 0.02
20 3742 65 0.03 8621 50 0.05 807 67 0.00 1540 66 0.01
15 1512 65 0.01 3061 50 0.02 411 67 0.00 681 66 0.00
10 445 64 0.00 715 50 0.00 106 68 0.00 220 66 0.00

Standard Deviation: 90
450 525 450 525

Packages Optimum Time Packages Optimum Time Packages Optimum Time Packages Optimum
80 540384 66 9.09 2151942 56 53.90 47068 67 0.52 219327 57
75 438155 66 6.40 1683682 56 41.53 38926 67 0.37 57
70 315242 65 3.77 1222000 56 33.51 33502 67 0.25 57
65 214423 65 1.89 825952 56 15.09 25168 67 0.18 57
60 181567 65 647241 56 13.17 18370 67 0.09 57
55 130228 65 450641 56 8.11 14857 67  0.08 57
50 82868 65 293594 56 2.56 10848 67 0.07 57
45 67720 65 216105 56 3.28 7912 67 0.07 57
40 40267 65 128418 56 1.95 5988 67 0.04 57
35 25224 65 77416 56 0.76 3583 67 0.02 57
30 14716 65 42137 56 0.46 2579 67 0.02 57
25 7903 65 21239 56 0.26 1491 67 0.02 3650 57
20 3635 65 8834 56 0.05 826 67 0.01 1904 58
15 1437 65 3149 55 0.02 310 68 0.00 674 58
10 344 64 677 54 0.00 112 69 0.00 213 59
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1 Introduction

Abstract

The vehicle routing problem is a combinatorial optimization
problem of computing routes to serve customers while mini-
mizing a cost function, typically the traveled distance or the
number of vehicles required. Industrial applications of the
problem in manufacturing plants are the scheduling and rout-
ing of Automated Guided Vehicles (AGVs) to deliver mate-
rial between storage areas and assembly stations. For in-plant
transportation it is necessary to take the limited space of the
plant floor into account during scheduling and routing in or-
der to limit the number of AGVs that are at certain areas at
a given time. In addition, AGVs are most often powered by
batteries and therefore have limited operating range and non-
negligible charging time that will also affect the scheduling
and routing decisions. In this paper we provide a monolithic
model formulation for the scheduling and routing of AGVs with
given time-windows for delivering material, restricted by ca-
pacity constraints on the path network, and with the need for
battery recharge. The problem is modelled and solved using
optimizing Satisfiability Modulo Theory (SMT) solvers. The
approach is evaluated on a set of generated problem instances,
showing that the solver can handle medium size instances in a
reasonable amount of time.

1 Introduction

Nowadays automation is increasingly used for material handling and deliv-
ery [1] and many companies are implementing automated, just-in-time deliv-
ery systems [2]. One option is to deploy a fleet of automated guided vehicles
(AGVs) that pick up and deliver material and components to the due work-
station just-in-time for being used. Just-in-time delivery benefits from using
optimization to solve the scheduling and routing of the AGVs in order to min-
imize the traveled-distance and using as few vehicles as necessary while still
delivering all material within the given time-windows.

The standard vehicle routing problem (VRP) [3] is the combinatorial opti-
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mization problem of designing routes for vehicles to serve customers so that
a cost function, typically either the number of vehicles or the total travelled
distance, or a combination of them, is minimized. As the delivery of compo-
nents to the assembly line has to be done just-in-time, vehicles cannot arrive
too late or too early to the workstation. The vehicle routing problem with
time windows (VRPTW) [4] is a variation of the standard VRP that accounts
for these additional constraints. AGVs are often powered by batteries with
limited capacity and thus need to recharge during service. The electric vehi-
cle routing problem (E-VRPTW) [5] is a variant of the standard VRP that
accounts for limited operating range of the vehicles and the use of charging
stations. Another practical aspect of the fleet management system to con-
sider, is the capacity of the road segments, i.e. the simultaneous number of
vehicles a segment can accommodate. For example, if a segment is too small,
multiple vehicles cannot operate in it simultaneously without the time used to
travel through that segment being significantly longer than if fewer vehicles
were operating in the same segment. As for the previous cases, there exists
a variation of the standard VRP that accounts for limited capacity of the
road segments; the dispatch and conflict-free routing problem (DCFRP) [6].
Recent contributions on the DCFRP are presented in [7], [§].

To our best knowledge, the combined problem of VRP with time-windows,
the need to recharge vehicles and taking the limited capacity constraints have
not been defined and solved previously. In this paper we therefore define the
conflict-free electric vehicle routing problem (CF-EVRP) where we address all
these features in one problem definition. We consider the cost function to be
defined by the total traveled distance although other cost criteria can also be
used.

For all the previously defined variants of the VRP problem, there exist
Mixed Integer Linear Programming (MILP) models. Using MILP to handle
the problem offers high flexibility in terms of extending the model as new
constraints are required. On the other hand, the computational complex-
ity increases as the model grows (in terms of number of customers and/or
vehicles and, therefore, variables and constraints), especially when the new
requirements involve combinatorial logical constraints. For this reason MILP
solvers do not scale well to larger problems and specific-purpose algorithms
involving local search [9], column generation |10] or stochastic methods [11],
[12] are used instead. However, these methods are typically tailor-made for
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solving specific types of problems and extending them to new problem variants
might not be possible or non-trivial. The need to add constraints that are not
part of the textbook problems, result in MILP still being used for industrial
applications, or simple heuristic rules are used when MILP fails to scale.

In our previous works [13], |14] we showed that optimizing Satisfiability
Modulo Theory (SMT, [15], [16]) solvers outperformed MILP solvers on com-
binatorial scheduling problems (job-shop problems) involving many logical
constraints. The natural abilities of SMT solvers to handle combinatorial
constraints natively make it an interesting candidate for solving CF-EVRP
problems.

The contributions of this paper are: (i) Designing a model for the CF-EVRP
in order to represent a just-in-time material handling system based on AGVs
that takes into account time windows for delivery, limited operating range of
the vehicles and distributed charging stations, as well as limitations in the
road segments capacity. (ii) Design of problem instances to test the model’s
correctness and performance. (iii) Benchmark of a state-of-the-art SMT solver
over the generated problem instances.

The paper is organized as follows: in Section [2] a formal description of
the problem is provided, together with a mathematical model and detailed
descriptions of its constraints. In Section [3] the results of the analysis over
the set of generated problem instances is presented. Finally, conclusions are
drawn in Section [l

2 Problem Formulation

In the variations of the VRP mentioned in Section [T} the real-world map is
abstracted and it is possible to travel directly from any customer to any other
customer. For this reason it is possible to represent the problem as a complete
undirected graph, where each customer is a node and two nodes are connected
with each other by a weighted edge representing their distance. Customers
are located at specific coordinates and the weight of the edge connecting two
customers is their Euclidean or Manhattan distance.

However, in the CF-EVRP the capacity constraints on the road segments
are taken into account and therefore, it is necessary to know where every
vehicle is located at each time. Moreover, there can be several ways to travel
from one customer to another, each with a different length. For these reasons
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it is not possible to make an abstraction of the real world map. Instead, a
weighted, directed graph represents the plant’s actual layout; the nodes are
the customers or the depot stations (as in the classical VRP), but they can
also be intersections between road segments, while the edges represent the

road segments and the edges’ bi-dimensional weight represents their length

and their capacity in terms of vehicles that can travel through it at the same

time.

The following definitions are provided:

e Time Horizon: a fixed point in time in the future when all jobs will be

assumed to end.
h = maxy nen(dnn): the value of the longest road-segment

B: an upper bound representing the time when all jobs should be fin-
ished

T = B + h: the time horizon[[]
Task: either a pickup or a delivery operation. A task is always associated
with a node (see below) where the task is executed. Each and every task
has a time window as an attribute, indicating the earliest and latest time

at which a vehicle can execute the task. Unless explicitly stated, the time
window for a task is the time horizon.

K;, Vi € J : the set of tasks of job j

Lik, € NVj€ T, k€K, : the location of task k of job j

Pk CKj, Vi€ T,k eK;: the set of tasks to execute before task k of
job j

lik, ¥j € J,k € K;: time window’s lower bound for task % of job j
Uik, Vj € J,k € K;: time window’s upper bound for task k of job j

e Job: one or more pickup tasks and one delivery task. Pickup may have

precedence constraints among them, while the delivery task for a job
always happens after all pickups for that job are completed.

J: the set of jobs

e Vehicle: a transporter, e.g. an AGV, that is able to move between

locations in the plant and perform pickup and delivery operations.

1The need to increase the value B is discussed on page
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V: the set of all vehicles
V; CV, Vj € J: set of vehicles eligible for job j
OR: the maximum operating range of the vehicles
C': the charging coefficient
D: the discharging coefficient
e Node: alocation in the plant. A node can only accommodate one vehicle
at the time unless otherwise specified.
N: the set of nodes
A, C N, Vn € N: set of nodes with an incoming edge from node n
e Hub: a node that can accommodate an unbounded number of vehicles

at the same time; nodes that are not hubs can only accommodate a
single vehicle.

N C N: set of hub nodes
e Depot: a node at which one or more vehicles start and must return
to after completing the assigned jobs. The depot can by definition ac-
commodate an arbitrary number of vehicles at the same time, hence it

is a hub node. Moreover, the depot is the only charging station of its
vehicles.

F: the set of charging stations
s; € N, Vi € V: starting node of vehicle i
o Edge: a road segment that connects two nodes.
E C N x N: the set of edges
dpnr, Yn,n’ € N: the length of the edge connecting nodes n and n' [

Gnn', V0, n' € N: the capacity of the edge connecting nodes n and n’
The requirements of the problem are summarized as follows:

o all jobs have to be completed; for a job to be completed a vehicle has to
be assigned to it and visit the locations of the job’s tasks within their
respective time windows.

21t is assumed that one unit of distance is covered in one time-step, hence distance and
duration are interchangeable
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when a vehicle is assigned to more than one job, it has to execute the
job’s tasks sequentially; all tasks of a job must be completed before it
can execute any task of another job.

there can be an arbitrary number of depots; vehicles have to return to
the depot they were dispatched from.

vehicles are powered by batteries with limited capacity but with the
ability to recharge at a charging station. It is assumed that charging
and discharging of the batteries is linear with respect to distance.

different road segments in the plant have different capacities in terms of
number of vehicles they can accommodate.

pickup and delivery duration (the time when the pickup and delivery
tasks respectively are executed) are considered to be zero, as these times
can be considered negligible compared to the travelling time.

not all vehicles are eligible to execute all jobs.

The set of variables used to build the model are:

x;;: Boolean variables that evaluate to true if the i-th vehicle is assigned
to the j-th job

Yi;jk: Boolean variables that evaluate to true if the i-th vehicle is assigned
to the k-th task of the j-th job

zijke: Boolean variables that evaluate to true if the i-th vehicle serves
the k-th task of the j-th job at time ¢

rcie: Integer positive variables that keep track of the remaining operating
range of vehicle 7 at time ¢

atin:: Boolean variables that evaluate to true if the i-th vehicle is at the
n-th node at time ¢

move;n:: Boolean variables that evaluate to true if the i-th vehicle de-
cides to move to the n-th node at time ¢

The following logical operators are used to express cardinality constraints [17]:

AMO(a) : at most one variable of the set a evaluates to true;
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AMN(a,n) : at most n variables of the set a evaluate to true;
If(c, 01, 02) : if condition ¢ is true returns oy, else returns os.

For further clarity, the constraint sets have been divided into sections, de-
pending on the features of the system they model. The job assignment is con-
cerned with the allocation of the vehicles to the jobs; the vehicle movements
defines the rules for the vehicles to move through the plant; the conflict-free
routing deals with the capacity constraints on the road segments; the bat-
tery management defines how the vehicles’ batteries discharge and recharge
according to their state.
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2.1 Jobs Assignment

The following constraints are about assignment of jobs to vehicles, making
sure that all jobs are assigned one and only one vehicle according to the

specifications, and that such vehicle performs service to the job’s tasks:

Zijkt == QtiL;t

Qiij

Yijk

Yijk

Zijkyt

Yijk

—

=

=

=

=

VieV,jeJ,kekK;,t=0,...,T
/\ L4 Vi Ev,j cJ

i

/\ﬁyi'jk ViEV,jEj,keK:j
i'evy

i

T

\ zijee  VieV,jeJ.keKk;
t=0

/\ TZijkot!

k2€Pjky
t'=t,..,T

VieV,jeJ,kekK;,t=0,...,T
/\yijk VieV,je€J
ke)Cj

\V oz VieVjeJ,kek,

t=ljk,. . ujk

v1¢vjaj€j

(C.7)

(C.8)

(C.1J) states that in order to serve a task at time ¢, a vehicle has to be at the
task location at time ¢; states that only one vehicle can be assigned to a
job; similarly, (C.3|) states that only one vehicle can be assigned to a task;
states that, in order to execute a task, a vehicle must be at the task location
at some point in time; enforces the precedence constraint among tasks
of the same job; states that, when assigned to a job, a vehicle must
execute all tasks of the job; states that a vehicle must execute tasks
within their time windows; states that only eligible vehicles can execute
the corresponding job.
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2.2 Vehicles’ Movements

The following constraints are related to the vehicles’ movements, specifying
where vehicles can go given their current location, how long it will take to
reach the next location, and how being at a location relates to performing a

service at that location:

atis,o VieV
atis;p Vi€V
AMOyen(atine) YieV,t=0,...,T
AMOjey(ating) Vne N\ Ng,t=0,...,T
AMO,en(moven:) VieV,t=0,...,T
ating =—> —Movey; VieV,neN,t=0,...,T
atine = /\ —MOVe;n+
n'¢Ay,
VieV,neN,t=0,...,T
(atine A /\ MOvent) = atinti1
n'eN
VieV,neN,t=0,...,T—1
(atint A Mmovesy) =

( /\ —atipry N atinriyd,, )

nl/eN
t'=t+1,.. t+d,, —1

VieV,(n,n')e&t=0,....,T — dpp

(Zijlkltl A Zij1k2t2) g /\ TZijakt!
J2€J,j1#72
k/EKJ'Q:
t'=t1+1,...,t2

Vi € V7j2 € j7k17k2 € ’leakl 7é k??

t1=0,...., T, ta=t1,..., T

(C.17)

(C.18)

states that all vehicles are at their respective depots at time zero; (C.10|)
states that all vehicles are at the depot at time B, these constraints force the
vehicles to return to the depot after they execute the jobs they are assigned
to; states that a vehicle can be at most in one location at a time.
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Normally, it would make sense to state that a vehicle should be ezactly in one
place at a time. However, given the way the vehicle movement is modeled,
this constraint needs to be relaxed because moving can take more than one
time-step; ED states that a vehicle can move to at most one location at
a time; (]C__JZD forbids a vehicle to move to the node where it already is, and
states that if vehicle i at time-step ¢ is at node n, it cannot move to any
non-adjacent node; states that at most one vehicle can, at the same
time-step, be at a node that is not a hub; states that, if a vehicle is not
moving at a certain time-step, it will be at the same location at the next time-
step; (C.17) states that, if a vehicle moves to a new location, it will be at no

node while it is transiting on the edge connecting the start and arrival nodes,
and it will be at the arrival node after as many steps as it takes to traverse the
edge, defined by the edge’s weight. It is for this reason that constraint
needs to be relaxed. Also, in ! =t+1,...,t + dp, — 1, therefore
t=20,...,T —d,,. This means that there are no constraints applying to
events taking place in the interval [T —d,,,+, T]. For this reason it is necessary
to extend the time horizon to T'= B + h, the steps B, ..., h are not actually
used in the model but this way it is guaranteed that all constraints apply for
T=0,...,B5; states that if a vehicle is executing two tasks k; and ko
of job j, then the vehicle cannot execute a task of any other job different from
j in between. This constraints is used to make sure that if a vehicle is selected
for multiple jobs, it has to execute them in sequence (i.e., finish all tasks of a
job before executing any other task).
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2.3 Conflict-Free Routing

The following constraints are related to the conflict-free routing, specifying
how one or more vehicle’s location affects the other vehicles’ movements:

/\atint = /\ AMN, .y, (moveinst, Gnn’)

=% n'€A,
e |V >gumtneN,t=0,...T (C.19)
/\ ati nt N\ /\ alignrt N /\ move; ny =
i1 EV] iQEVE i1€\j1

t+dnn/
/\ AMN, cys, (moveiyne, grns — V1)

t'=t
{]}_1 € 2V | |])_1| < gnn’}at = 07 ) T_dnn’
{V_Q S 2V | |V_2| > Onn’ — |V_1|}, (TLJ”L/) cé& (CQO)

states that if n vehicles are on the same node, they cannot transit
on the same edge having capacity n — 1 at the same time-step; (C.20|) states
that if n vehicles are on two adjacent nodes and decide to traverse the edge
connecting them and whose capacity is n+m, at most m vehicles can traverse
the edge from the other node before the n vehicles are done transiting.
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2.4 Battery Management

The following constraints are related to the battery management, i.e., where
the vehicles can charge, how fast, and how far they can travel before needing
to recharge:

reir > 0 AT < OR VieV,t=0,...,T (C.21)
(atint A moOve) =
/\ Ty =rCip—1 — D
t=t+1,...,t+d,,+1
VieV,(n,n')€Et=0,..., T —dun (C.22)

(atine N /\ —MOVE pt) = T'Cipy1 = T'Cit
n'eN
VieV,ne N\F,t=0,..., T—1 (C.23)
(atine A /\ “MOVE;pr) = rCijr1 = reyg + C
n'eN
VieV,neF,t=0,...,T—1 (C.24)

defines the domain of the rc¢;; variables; states that, if a vehicle
is moving, its energy decreases at each time-step according to the discharge
coefficient; states that if a vehicle is not moving, its energy level does
not change. It is necessary to specify that the vehicle is at some node because
if the vehicle is at no node, it is moving; states that if a vehicle is at a
charging station, its energy level increases at each time-step according to the
charging coefficient.

2.5 Objective Function

Finally, the cost function to minimize (C.25) is the total travelled distance,
calculated as the cumulative distance travelled by each and every vehicle:

Z If((atine A moveint), dnn, 0)
VieV,neN,t=0,...,T—1 (C.25)
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3 Computational Analysis

- vehicle:
»tasle W [0, ]

[0.T]
-task 2: Q, TW [20,25]
b 4:

- vehicle: d

Figure 1: Test Case with five vehicles a to e that have to execute six jobs I to
5 and X1, each consisting of a pickup with time window [0,T] and a
delivery with time window [20,25].

In order to evaluate the model presented in Section [2] we generated a set
of problem instances, defined by a weighted, directed graph that represents a
hypothetical plant layout; The number of nodes is in this case a parameter
that affects the problem size, as well as the number of edges. In this work
we restricted the capacity of all road-segments to be one. For the graph it
is specified which nodes are hubs. Another parameter of the instance is the
number of vehicles available; to each vehicle a starting node is assigned; more
vehicles can start from the same node (in this case the node must be a hub). A
list of jobs to execute is given; each job is characterized by a number of tasks
and the vehicle(s) eligible to execute it. In turn, each task is characterized by
a location (node), a precedence list, and a time window. Other parameters
of the instance are the charging and discharging coefficients, as well as the
operating range of the vehicles and the time horizon, by when all jobs should
be finished and the vehicles should be back at their starting locations.

Figure [I] shows what a problem instance may look like; there are five depot
stations located at nodes A, E, M, U, and Y, which are also the charging
stations in the problem. There is no hub. Vehicles are initially located as
indicated in the figure and they have to return to their initial location before
the last time-step. All edges in this problem have weight one, the charging
and discharging coefficients are both one, the time horizon T is equal to 35,
and the vehicles operating range is 15. Tasks are reported in the figure next
to their location; for instance, task 2 of job 1 is at node I. Time windows,
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Table 1: Evaluation of the CF-EVRP over a set of generated problem instances. Instances are sorted by the parameters
N-V-J (nodes, vehicles, jobs), value of edge reduction, and time horizon. For each resulting class, the number
of instances solved within the time limit of 10800 seconds (Sol) is reported, as well as the average generation
time (GT, in seconds), and the amount (SC) and average solving time (ST, also in seconds) for the instances
that turned out to be satisfiable (on the left), and unsatisfiable (on the right). The symbol “-” means that
no instance for that category was either satisfiable or unsatisfiable, depending on where the symbol appears.

N-V-J
15-3-5 25-4-7 35-6-8
Time Horizon Edge Reduction Edge Reduction Edge Reduction
0o | 25 | 50 0 | 25 | 50 | 0 | 25 | 50
Sol  5/5 5/5 5/5 5/5 5/5 5/5 5/5 5/5 5/5
15 GT 12 14 17 80 96 59 87 197 137
ST 2 3 3 3 - 5 - 34 - 35 - 15 - 33 - 108 - 218
SC 3 2 2 3 0 5 0 5 0 5 0 5 0 5 0 5 0 5
Sol  5/5 5/5 5/5 5/5 5/5 5/5 5/5 5/5 5/5
20 GT 22 31 34 117 148 133 149 241 246
ST 12 2 22 4 - 169 281 34 | 1517 107 - 1669 | 1619 37 | 2375 144 - 818
SC 4 1 4 1 0 5 3 2 2 3 0 5 2 3 1 4 0 5
Sol  5/5 5/5 4/5 5/5 4/5 2/5 2/5 4/5 5/5
25 GT 38 47 55 192 222 233 257 295 391
ST 19 29| 69 61 | 204 39 1380 292 | 3327 246 | 1046 100 | 1911 - | 2801 2551 | 7754 2826
SC 4 1 4 1 2 2 4 1 3 1 1 1 2 0 1 3 1 4
Sol  5/5 5/5 3/5 4/5 3/5 2/5 1/5 2/5 2/5
30 GT 64 71 97 371 339 414 568 591 607
ST 557 - | 549 - | 987 1152 | 5995 - 3916 - 9325 3414 | 6052 - | 9812 703 | 9503 629
SC 5 0 5 0 2 1 4 0 3 0 1 1 1 0 1 1 1 1
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if they exist, are reported below the task name, in between square brackets;
for instance, the time window for task 1 of job 2 is [20,25]. In this problem
jobs 1 to 5 can only be executed by vehicles a to e respectively, while Job
xl can be executed by any vehicle. For this particular instance the solver
took about 90 seconds to generate the model and 540 seconds to find the first
feasible solution, which correspond to a total travelled distance of 102. Jobs
1 to 5 are executed by vehicles a to e respectively, while Job xI is executed
by Vehicle d after executing Job 4 and recharging at Node A.

In the computational analysis we evaluated 160 problem instances struc-
tured as explained in the previous paragraphs. The parameters we used for
the problems generation are:

e N-V-J (nodes, vehicles, and jobs, respectively). N-V-J can be either
15-8-5, or 25-4-7, or 35-6-8. The corresponding layouts are grids of size
5% 3,5 x5 (as in Figure [1]), and 5 x 7. Each job is composed by one
pickup and one delivery;

o FEdge Reduction can be either 0, or 25 or 50. The value 0 correspond
to a complete grid, as in Figure [1} the value 25 corresponds to a grid
where 3, 6, and 9 pairs of edges (i.e. (A4, B) and (B, A)) are removed
for N equal to 15, 25, and 35 respectively; the value 50 corresponds to
a grid where 6, 12, and 18 pairs of edges are removed for N equal to 15,
25, and 35 respectively.

e Time Horizon can be either 15, 20, 25, or 30.
o All edges have weight equal to one.

For each combination of the above-mentioned parameters, five different prob-
lems are generated by randomly assigning the starting node for each type of
vehicle, the operating range, the charging coefficient, the number of vehicles
available per each type, the type of vehicle required for each job, and the
location of the jobs’ tasks.

Problem instances are designed to be on average satisfiable if the capacity
constraints are not included. This can be achieved by acting on the operating
range of the vehicles and on the time windows of the jobs. The goal is to pro-
duce both satisfiable and unsatisfiable problem instances in order to evaluate
the performance of the solver in both cases. Moreover, unsatisfiability can
be caused by different factors, such as too tight time windows and/or time
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horizon, not sufficient operating range, or too low connectivity of the graph
(in this case there are not enough paths to reach the desired locations without
getting into another vehicle’s way). By tuning the previously defined param-
eters it is possible to trigger different type of unsatisfiability and evaluate the
solver performance accordingly.

For the analysis we used Z3 4.8.9. The time limit is set to 10800 seconds
(three hours); the model generation time is measured separately, since it is
implementation-dependent and can be dealt with using more efficient for-
mulations, as discussed in our previous work [18]. All the experiments were
performed on an Intel Core ¢7 6700K, 4.0 GHZ, 32GB RAM running Ubuntu-
18.04 LTS. Though Z3 allows for optimization of the objective function, the
size of the problems evaluated is such that no optimum is expected to be
found in any reasonable time. Therefore Z3 is set to find satisfiable (hence
sub-optimal) solutions El

In Table [1] the results of the computational analysis are summarized. For
each combination of the values introduced in the previous paragraph, it is
reported the number of solved problems (out of five), the average model gen-
eration time, and the average solving time, both for the instances that turned
out to be satisfiable and for the ones that did not; the amount of satisfied
and unsatisfied instances is also reported. As expected, all the parameters
are directly proportional to the model generation time, since the model size
increases as they increase. The solving time is also directly affected by the
increase of the parameters’ value. In general, given problems of the same
class, proving unsatisfiability seems to be faster than finding a feasible solu-
tion; there are exceptions, especially for values of edge reduction of 25 and 50.
Even when the problem is satisfiable, finding a solution is harder for a smaller
number of edges, since the number of possible conflict-free routes decreases.
For N-V-J equal to 25-4-7 and 36-6-8 and a time horizon of 15 time units all
problems turn out to be unsatisfiable; this result does not come unexpected,
since the graph and the gap between number of vehicles and number of jobs
are too large to execute all jobs and go back to the starting point in time.
We assumed that an obvious unsatisfiability could be faster to prove, but the
results seem to contradict our hypothesis.

3The implementation of the model presented in Section as well as the problem instances
are available at https://github.com/sabinoroselli/VRP.git.
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4 Conclusion

4 Conclusion

In this paper we formulated a model to represent just-in-time material han-
dling systems based on AGVs that takes into account limited operating range
and road segments capacity. We also designed a set of problem instances
to test the model, implemented for the state-of-the-art SMT solver Z3. The
solver turned out to be able to handle medium and large models; however,
given their complexity, these models correspond to relatively small systems.
The approach presented can nonetheless be used to solve simplified problems
to provide initial feasible solutions or as a part of a compositional algorithm.
Also, it can be used to test the correctness of alternative approaches because,
given enough running time, it can provide the true optimum. Finally, the
benchmark set we generated can be used to compare performance of different
approaches.
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Abstract

The Conflict-Free Electric Vehicle Routing Problem
(CF-EVRP) is an extension of the Vehicle Routing Problem
(VRP), a combinatorial optimization problem of designing
routes for vehicles to visit customers such that a cost function,
typically the number of vehicles or the total travelled distance,
is minimized. The problem finds many logistics applications,
particularly for highly automated logistic systems for material
handling. The CF-EVRP involves constraints such as time
windows on the delivery to the customers, limited operating
range of the vehicles, and limited capacity on the number of
vehicles that a road segment can accommodate at the same
time. In this paper, the compositional algorithm ComSat
for solving the CF-EVRP is presented. The algorithm
iterates through the sub-problems until a globally feasible
solution is found. The proposed algorithm is implemented
using an optimizing SMT-solver and is evaluated against an
implementation of a previously presented monolithic model.
The soundness and completeness of the algorithm are proven,
and it is benchmarked on a set of generated problems and
found to be able to solve problems of industrial size.

Note to Practitioners

The need to define and solve the CF-EVRP relates to an industrial application
where a fleet of autonomous robots navigate in a heterogeneous environment,
shared with humans and other vehicles and obstacles. To allow for a low-level
trajectory controller to handle dynamic obstacles, like humans and fork-lifts,
the CF-EVRP includes capacity constraints on the road segments. This in-
creases the problem complexity, and thus requires to trade off optimality for
feasability; this so to get solutions in reasonable time with respect to how long
ahead the jobs to schedule are known. The overall problem is to find feasible
solutions that satisfy all constraints while avoiding travelling unnecessarily
long routes, and at the same time meet the stipulated time-windows to de-
liver material just-in-time. The compositional algorithm (ComSat) presented
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in this work is based on the idea to break down the overall scheduling prob-
lem into sub-problems that are easier to solve, and then to build a schedule
based on the solutions of the sub-problems. ComSat is designed to work well
for industrial scenarios where there are good reasons to believe that feasible
solutions do exist. This seems a reasonable assumption as in an industrial
setting a sufficient number of mobile robots can typically be assumed to be
available.

1 Introduction

The use of mobile robots for just-in-time deliveries is of considerable interest
for modern manufacturing facilities [1]. The problem treated in this paper
originates from an industrial need to use a fleet of Automated Guided Vehicles
(AGVs) that run through the plant to deliver components to workstations just-
in-time for them to be used. In this scenario, the scheduler needs to consider
several types of constraints in addition to the time constraints. (i) AGVs have
a limited operating range and need to recharge their battery when the state-
of-charge becomes low. (ii) Jobs have specific requirements on the AGV to
execute them where only some AGVs can handle some jobs. (iii) The plant
layout may limit the AGV’s freedom of movement; for instance, a passage may
not be large enough to accommodate more than a fixed number of AGVs at
a time. Thus, we define the capacity of the road segments, intersections, and
workstations and include capacity constraints in the problem formulation. A
schedule is conflict-free if it fulfills the capacity constraints.

The constraints discussed above increase the complexity of the problem,
and even finding feasible solutions can take a long time. A solution to a
standard Vehicle Routing Problem (VRP) can be computed within minutes
for up to 100 customers and just as many vehicles [2]. On the other hand,
when charging times, capacity constraints, and multiple assignments of routes
to vehicles come into play, a problem involving 10 vehicles and 20 customers
can be considered large, and may take hours to find a feasible solution for.

In industrial applications there often occur changes that require re-scheduling,
and a new schedule must be found quickly, else it may be outdated once com-
puted. At the same time, production cannot be put on hold while a new
schedule is computed. For these reasons, the compositional algorithm pre-
sented in this work aims to find feasible solutions quickly, rather than optimal
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ones.

There exist both approximate and exact algorithms to solve the VRP.
For relatively small-size problem instances, mixed-integer linear program-
ming (MILP) [3] solvers can find feasible or even optimal solutions in rea-
sonable time. However, standard MILP-solving techniques do not scale well,
so specific-purpose algorithms involving local search [4], Benders decompo-
sition [5], or stochastic methods [6], [7] have been proposed. Recent work
focusing on fleets of electric vehicles [8], as well as conflict-free routing [9)
show applications of such approaches to real-world problems.

In [10] a comparison of using MILP as an exact method, and a set-based
particle-swarm optimization algorithm as an approximate method, is made for
solving the VRP with time windows (VRPTW |[11]). The comparison shows
that neither method dominates the other in terms of running time and quality
of the solutions. On the other hand, the advantage of using general-purpose
MILP-solvers is that additional constraints can be easily added to handle
extensions of the original problem. At the same time this may be non-trivial,
if at all possible, for a tailor-made algorithm.

The specific scheduling and routing problem treated in this paper, called
the Conflict-Free FElectric Vehicle Routing Problem (CF-EVRP), does involve
additional constraints such as limited operating range of the robots, and ca-
pacity constraints, thus a general-purpose solver is used. In [12], [13] opti-
mizing Satisfiability Modulo Theory (SMT [14], [15]) solvers outperformed
MILP solvers on combinatorial scheduling problems such as Job Shop Prob-
lems (JSP) involving many logical constraints. The natural abilities of SMT
solvers to natively handle combinatorial constraints make them well suited to
handle CF-EVRP.

A monolithic model of the CF-EVRP is presented in |16] and solved using
the SMT-solver Z3 [17]. Already relatively small problems, with only a few
vehicles and jobs, result in hundreds of thousands of variables and constraints
due to the discretization of time used to model capacity constraints.

In order to avoid time discretization and be able to quickly find feasible
solutions to large problems of the CF-EVRP, [18] presents a compositional
algorithm for a slightly restricted CF-EVRP. This algorithm scales better
than the monolithic one. However, it does not account for typical industrial
features such as service time and multiple depots.

This work introduces ComSat (Compositional Satisfiability), an extension

D5



Paper D

of the compositional algorithm presented in [18]. The contributions of this
paper are: (i) a description of CF-EVRP, a problem that tackles both the
issue of limited operating range of the vehicles, and the limited capacity of
the segments in a road network; the CF-EVRP from (18] is also generalized
so that vehicles can be located at multiple depots, and service times at the
customers are accounted for; (ii) a decomposed mathematical formulation of
CF-EVRP; (iii) the ComSat algorithm designed for the decomposed problem
formulation; (iv) a proof of ComSat’s soundness and completeness under given
restrictions; (v) an evaluation of ComSat on a set of generated instances of
the CF-EVRP.

The paper is organized as follows. Section |2] introduces previous works on
the topic and puts this work in context. Section [3|provides a formal description
of the problem. In Section [4] ComSat is introduced. Proof of soundness and
completeness is given in Section In Section [6] the results of the analysis
over a set of problem instances are presented. Finally, conclusions are drawn
in Section [@

2 Literature Review

The VRP |19 is a classical problem, formulated by Dantzig and Ramser, that
searches for optimal routes for a fleet of robots to visit a set of customers. A
large number of studies have introduced variations on the original problem,
as well as techniques to solve them. The vehicle routing problem with time-
windows (VRPTW) is an extension of the VRP where customers have to be
visited within given time windows [11]. A related problem is discussed in [20]
where the routes to visit customers are dynamically designed based on the cur-
rent state of the other vehicles. Another variation of the problem involves the
possibility of Multiple Depots (MDVRP). In [21], the MDVRP is decomposed
into assignment of vehicles to customers, and design of routes for vehicles to
visit their assigned customers. In [22], the MDVRP is solved by means of ge-
netic algorithms. In [23] the problem of limited capacity of the road segments
is tackled and conflict-free routes for AGVs are computed by means of column
generation. The work in [24] presents one of the first and most relevant works
involving conflict-free routing in combination with scheduling of jobs for flex-
ible manufacturing systems. Similarly to |21], the authors break down the
problem into a scheduling problem, solved by constraint programming, where
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vehicles are assigned to jobs, and a routing problem, solved by MILP, where
routes for the vehicles are designed. We took inspiration from this approach
and further broke down the problem into more sub-problems to be able to
handle the different constraints, in particular the limited operating range of
the vehicles.

For electric vehicles, model formulations need to take into account the vehi-
cle’s limited operating range and non-negligible charging time as well. In |25
a branch and cut algorithm to solve a VRP with satellite facilities is presented,
vehicles can stop to replenish their cargo and continue delivering goods until
the end of their shift. Satellite facilities are also treated by [26], that mod-
els these intermediate points as charging stations and solves the problem by
means of a combination of neighborhood and tabu search.

Autonomous vehicles are increasingly used to deliver material across man-
ufacturing plants. In [27], AGVs are scheduled for jobs and routed through
a plant by means of Petri net decomposition. In [28], a hybrid evolutionary
algorithm is implemented to solve a multi-objective AGV scheduling problem
in a flexible manufacturing system. In this work, the authors consider the
vehicles’ battery charge, but do not take into account road segments’ capac-
ity. In [29], a multi-objective AGV scheduling problem is solved by means
of adaptive-genetic algorithms. Unlike standard genetic algorithms, these ad-
just the hyperparameters, improving convergence accuracy and speed. The
authors consider a plant with a grid-like road network, but road segment
capacities are not considered. In [30] an integrated approach to deal with
line balancing and material handling by means of AGVs is presented. A
stochastic algorithm is used to assign jobs to the workstations and AGVs
are scheduled to deliver the components to execute the jobs. However, road
segment capacity constraints are not considered. In [31], a matheuristic (a
combination of metaheuristics and mathematical programming) to schedule
a heterogeneous fleet of AGVs is presented, having different travel speed and
cost, charging/discharging rate, and capability to serve different customers.
But again, road capacity constraints are not treated.

As AGVs are used in manufacturing plants with limited capacity of the
road segments, a growing attention has been paid to the problem of designing
conflict-free routes. In [32], an ant colony algorithm is applied to the problem
of job shop scheduling and conflict free routing of AGVs. While road segment
capacity constraints are considered the limited operating range of the vehicles
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is not considered. In [33], a collision-free path planning for multi AGV sys-
tems based on the A* algorithm is presented. In this work, the environment
is modeled as a grid, and conflicts can originate from vehicles occupying the
same spot on the grid at the same time; the vehicles’ operating range and
ability to recharge is not considered. In [9], a heuristic approach to solve
the conflict-free routing problem with storage allocation is presented; in this
work limited operating range and battery charge are not considered. In [34], a
MILP formulation to design conflict-free routes for capacitated vehicles is pre-
sented. This is an exact method, but it can only solve relatively small problem
instances. In [35] a hybrid evolutionary algorithm to deal with conflict-free
AGYV scheduling in automated container terminals is presented. In this work,
only a limited portion of the map is prone to conflicts, with all road segments
allowing to travel in both directions simultaneously; also, charging of the ve-
hicles’ batteries is not considered. In [36] the authors present a new model
formulation for the VRPTW that restricts the problem to only difference logic
(a fragment of linear arithmetic) constraints, in order to exploit the strength
of Z3 in dealing with this particular fragment.

From the literature review it emerges that over the last two decades there
has been a growing number of studies dedicated to AGV-based material han-
dling systems. There is usually a large overlap of features tackled in each
work, and approximate methods are likely to be used to solve large problem
instances, due the problem being too complex to be solved by exact algorithms.
We apply a graph-based concept similar to [33], with nodes and edges of the
graph representing the plant. Similarly to [36] we do exploit the strength of
73 in dealing with difference logic by turning the Assignment Problem and the
Capacity Verification Problem (see Section into JSPs, that can be described
using difference logic. However, to the best of our knowledge, there is no work
that tackles within the same formulation both the limited operating range,
with the necessity to recharge the vehicles’ batteries, and the limited capacity
of the road segments, requiring to schedule conflict-free routes. Industrially,
both limitations are required to be included. The CF-EVRP includes all these
limitations and ComSat exploits the decomposed formulation of the CF-EVRP
to find feasible solutions.
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3 Problem Definition and Notation

In the CF-EVRP the plant layout is represented by a finite, strongly con-
nected, weighted, directed graph, where edges represent road segments and
nodes represent either intersections between road segments or locations of cus-
tomers. A customer is defined by a unique (numerical) identifier, a location,
and a time window, i.e., a lower and an upper bound that represent the earli-
est and latest arrival time allowed to serve the customer. The word customer
is typically used to denote a location where a vehicle is to pick up or drop off
goods. The word task will be used synonymously. Edges have two attributes
representing a road segment’s length and its capacity in terms of number of
vehicles that it can simultaneously accommodate.
The following definitions are provided:

¢ Node: alocation in the plant. A node can only accommodate one vehicle
at a time unless it is a hub node.
N: a finite set of nodes.
NH C N: the set of hub nodes, nodes that can accommodate an
arbitrary number of vehicles.
e Edge: a road segment that connects two nodes.
E C N x N: the finite set of edges.
€, Ve € £: the reverse edge of an edge e.

dpn € R, V(n,n') € &: the length of the edge connecting nodes n
and n'.

gnne € {1,2}, V(n,n') € &: the capacity of the edge connecting
nodes n and n’

e Time horizon: a fixed point of time in the future when all jobs are
assumed to have ended.
T: the time horizon.
e Job: a set of tasks that must be executed within the same route and
without executing any task belonging to a different job in between. Typ-

ically, a job is the pickup of parts from the warehouse and the delivery
to the due workstation; however, in general a job can have an arbitrary
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number of tasks. No task belonging to another job should be executed in
the same route until all tasks belonging to the current job are completed.

J: the finite set of jobs.

Task: either a pickup or a delivery operation (there is no need to dis-
tinguish between them, as both are modelled in the same way). A task
is always associated with a node where it is executed, and has a time
window indicating the earliest and latest time at which it can be exe-
cuted. Unless explicitly given, the time window spans the entire time
horizon [0,T]. Also, each task is associated with a precedence list that
states what tasks have to be executed before it. This list may include
any other task in the problem definition. Finally, for each task a service
time is defined.

K the finite set of all tasks.
K; CK, VjeJ: the finite set of tasks of job j. (note that the tasks
set is partitioned into subsets based on the jobs, i.e., K;NK; = @ Vi #
J ,j€J)
Ly e N, VjeJ, k€K, : the location of task k.
Pr CKj, ¥j€ T, k€ K;: the set of tasks to execute before task k.
Iy eR, VjeJ, keK;: the time window’s lower bound for task k.
urp €ER, Vj € J, k€ K;: the time window’s upper bound for task k.
Sr €R, VjeJ, keK;: the service time of task k.

Depots: nodes at which one or more vehicles start and must return

to after completing the assigned jobs. A depot can accommodate an
arbitrary number of vehicles at the same time, thus all depots are hubs.

@ C O C NH: the set of depots.

S ={s,|o € O}: the set of dummy tasks representing the start
from depot o.

F ={f,lo€ O}: the set of dummy tasks representing the arrival
at depot o.

The sets S and F are disjoint with each other and with all task sets
ICj, VieJ.
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e Vehicle: a transporter, e.g. a mobile robot, that is able to move between
locations in the plant and perform pickup and delivery operations.

V: the finite set of all vehicles.

V; CV, Vj e J: set of vehicles eligible for job j.

OR € RT: the vehicles’ maximum operating range (constant).
C € R": the charging coefficient (constant).

D € R": the discharging coefficient (constant).

p € RT: a coefficient to scale remaining charge into remaining
operating range (constant).

v € RT: vehicle speed (constant) while moving.
The requirements of the problem are:

o All jobs have to be completed; for a job to be completed a vehicle has
to be assigned to it and visit the locations of the job’s tasks according
to the tasks’ sequence and within their respective time windows.

e Vehicles are not allowed to arrive at the task’s location before the time
window’s lower bound and wait there (many other VRP formulations,
allow such waiting).

e Vehicles are powered by batteries with limited capacity but with the
ability to recharge at the depots. It is assumed that state of charge
increases proportionally to the time spent at the depot and decreases
proportionally to the travelled distance. Also, vehicles travel at constant
speed v or they are stationary.

e Multiple depots; vehicles have to return to the depot they were dis-
patched from and can only recharge their batteries there (without queu-

ing).
¢ A non-empty subset of vehicles is eligible for each job.

e All vehicles have the same operating range and start at full charge;
whenever they return to the depot they charge to full before becoming
available again;
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e Two additional jobs are added for each depot: start and end; they are
needed in the Routing Problem to make sure that routes begin and end
at the depot. Both start and end have only one task located at the depot
they represent, service time equal to zero, and the entire time horizon
as time window.

¢ Road segment capacities constrain the number of vehicles a road segment
can simultaneously accommodate.

e Only (non-cyclic) paths, that is, finite sequences of edges that join se-
quences of distinct vertices, are considered.

3.1 Example of the CF-EVRP

Figure 1: Problem instance of the CF-EVRP picturing a hypothetical plant (left)
where two depots (D1, D2) accommodate four vehicles (v1, v2, and v3,
v4 respectively), available to execute four jobs (51, 72, j3, j4), each
composed by two tasks (1, 2). The plant road segments are abstracted
into a strongly connected, directed, weighed graph (right).

Fig. [1] shows an example of the CF-EVRP, where four AGVs are available
to execute four jobs, each composed by two tasks (the squares distributed over
the plant). Each task is marked by a numeric code where the first digit refers
to the job and the second digit indicates the task number. On the right is
shown how the plant layout is abstracted into a strongly connected, directed,
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weighted graph (more on this below). The nodes represent the intersections
of road segments in the plant; if a task’s location is close enough to an in-
tersection, then the task will be assigned that location, otherwise a new node
is added to the graph (e.g., Node 1} for taskj3-2). Also, nodes 4 and 17
represent both an intersection between road segments and the depots. The
numbers on the edges represent the segments’ length (regular font), and their
capacity (subscript).
The problem, using the above defined notation, is then:

N={1,...,20}, NH ={4,17},0 = {4,17}
£={(1,2),(2,3),(3,4),(5,6),(6,7),(7,8), (9, 10),
(1,12),(12,13),(17,18),(18,19), (19, 20), (1, 9),
(2,5),(3,8),(6,10),(7,13),(8,16),(9,17), (11, 15),
(15,18),(16,19), (14,21)}

J =1{41,72,43,74}

K={il,i2 |Vie J}

Lj11 =15, Lj1o =10, Ljo; =11, Ljoo =8,

Ljs1 =6, Ljso =14, Ljs1 =2, Ljyo = 16

Pii1 = D, Pjr2 = j11,Pjo1 = I, Pjox = j21

Piz1 = D, Pjza = j31,Pja1 = D, Pjan = j4l

lj11 =0, lj12 =70, lj21 =0, lj22 = 300,

ljz1 =0, ljzp = 180, lj41 = 0, ljs2 = 200

ujir = T, ujiz = 120, ujor = T, ujoe = 330,
ujz1 = T, ujz0 = 250, ujur = T, ujae = 300
Sj11 =10, Sj12 = 30, Sjo1 = 20, Sjo2 = 30,

Sj31 =10, Sjz2 =30, Sju1 = 30, Sju2 = 20,

V = {vl,v2,v3,v4}

D13
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Vi = {vl, 02}, Vjs = {vl},

Vis = {v2,v4}, Vjs = {v3,v4}
OR=270,C =3, D=1, p=1, v=1
T =500

First, ComSat will compute the distance for each pair of nodes where either
a task or a depot is located. Using the distances, as well as the speed of the
vehicles, and all the other parameters, a set of routes CR is computed. In this
specific problem, a possible set of routes is:

R1: D1-511-512-D1; Total length: 135; latest start: 42.5; Eligible vehicles:
vl, v2

R2: D1-521-5j22-D1; Total length: 220; latest start: 200; Eligible vehicles: v1
R3: D2-731-532-D2; Total length: 257.5; latest start: 102.5; Eligible vehicles:
v2, v4

R4: D2-741-542-D2; Total length: 195; latest start: 195; Eligible vehicles: v3,
vd

Note that for each route the latest start time is computed based on the
strictest time window. Subsequently vehicles are assigned to the routes and
an actual start time for the route is given. A possible assignment for the
current routes would be R1: v2; R2: vl; R3: v4; R4: v3. The start time of
all routes is 0.

Finally, the routes are capacity checked, and this also produces a node-by-
node schedule, i.e., the arrival time of a vehicle at each node that is included
in the route:

vl: v1-17:0; v1-18:18.5; v1-15:40.5; v1-11:53; v1-12:85.5; v1-13:98; v1-7:153;
v1-8:300; v1-7:347.5; v1-6:360; v1-10:372.5; v1-9:402.5; v1-17:440;

v2: v2-17:0; v2-18:19.5; v2-15:29.5; v2-11:52; v2-12:64.5; v2-10:79.5; v2-9:139.5;
v2-17:177,

v3: v3-4:0; v3-3:16; v3-2:58.5; v3-1:76; v3-2:103.5; v3-5:116; v3-6:128.5; v3-
7:141; v3-8:170.5; v3-16:210.5; v3-8:270.5; v3-3:285.5; v3-4:300.5;

vd: v4-4:0; v4-3:15; v4-8:30; v4-7:142; v4-8:169.5; v4-3:184.5; v4-4:199.5; v4-
14:250; v4-4:330.

If the charging coefficient C' is increased from 3 to 9, both R1 and R2 could
be assigned to vehicle v1, since the charging time would be short enough to
allow the vehicle to execute the first route, go back to the depot, recharge and
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execute the second route without breaking any time windows. In this case
there would still be four routes but three vehicles would be enough to execute
them. Moreover, if the operating range of the vehicles were increased to 290,
all customers could be served with only three routes:
R1: D1-521-522-D1; Total length: 220; latest start: 200; Eligible vehicles: v1
R2: D2-511-512-531-5j32-D2; Total length: 280; latest start: 100; Eligible
vehicles: v2
R3: D2-j41-542-D2; Total length: 195; latest start: 195; Eligible vehicles: v3,
v4

The solutions presented in this section have been computed using ComSat; a
discussion on the algorithm’s solving procedure is provided in the next section,
after the algorithm itself has been described.

3.2 State Space Analysis

Although the state space size of CF-EVRP is not directly proportional to
the solving time, analyzing the state space growth provides an idea of the
complexity of the problem itself. The parameters needed to analyze the state
space are the number of tasks ||, the number of nodes |[N| in the graph
representing the plant, the number of vehicles |V|, the time horizon T, and
the operating range of the vehicles OR. To be able to compute the state space
size, the domains of the real valued variables are, in this analysis, restricted
to integers.

Based on the model formulation from [26], if capacity constraints are re-
laxed, the size of the state space is upper bounded by

ORVIIKL VKL gVI-IKP? (D.1)
which can be rewritten as

9IVIIKI-(IK| +log, (OR-T))) (D.2)

Based on the monolithic model of CF-EVRP from [16], if capacity con-
straints are considered, the size of the state space is upper bounded by

gIVIIK] VKT | QRIVIT g2 VIIN|-T (D.3)
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which can be rewritten as

9IVI-(IK|+ T(2-|N|+log, (OR)+IK])) (D.4)

Assuming that, for a fixed number of vehicles there exists a correlation
between the number of tasks and the time horizon, we can define 8 € [0, 1]
such that |IC| = B- T. The ratio between and then has a dominant
factor of 22 VI'WI-T that arises due to the capacity constraints. Even for small
problem instances, this number can be very large. A compositional approach
that iteratively solves smaller sub-problems potentially avoids such state space
explosion.

4 Problem Decomposition and Solving Procedure

This section describes how the CF-EVRP is decomposed into sub-problems.
The first step is a computation of the shortest paths to connect each pair of
tasks. In the Routing Problem the paths are used to compute routes that
start and end at the depots and serve all tasks within their time windows.
Once the routes are computed, the Assignment Problem matches them with
the vehicles, which determines their execution times. Finally, the Capacity
Verification Problem checks the routes and their execution times against the
capacity constraints. It may be required to explore different paths to connect
two tasks of a route; this is done by solving the Paths Changing Problem that,
based on the paths used so far, will find new unexplored paths to connect
the tasks. When new paths are computed, the algorithm verifies whether the
routes still meet the time windows by solving the Routes Verification Problem.
Table [I] summarizes inputs and outputs of the algorithms developed to solve
each of the sub-problems presented in the following sections.
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Table 1: Algorithms to solve the sub-problems of Section Given within paren-
theses next to the name of the algorithm is the problem that it solves.

Router (Routing Problem)

Input: CP, PR

Output: CR

Define optimization problem using (D.5)-(D.19)

Optimize and extract CR from the solution

Assign (Assignment Problem)

Input: CR, PA

Output: CA

Define feasibility problem using (D.20)-(D.25]

Solve and extract CA from the solution

Capacity Verifier (Capacity Verification Problem)
Input: CA

Output: CVS

Define feasibility problem using (D.26)-(D.32])

Solve and extract C'VS from the solution
PathsChanger (Paths Changing Problem)
Input: PP

Output: NP

Define optimization problem using (D.33)-(D.39)

Optimize and extract NP from the solution
RoutesVerifier (Routes Verification Problem)
Input: CR, NP

Output: True or False

Define feasibility problem using (D.40)-(D.43])

Solve problem and return True if feasible, else False
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4.1 Computation of Shortest Paths

In the first step, the shortest path between any two tasks is computed. This
is done because the Routing Problem is a VRPTW plus additional constraints
on tasks precedence and routes length; in a VRP there exist exactly one path
between any two tasks. On the other hand, in the CF-EVRP there may
be several ways to travel from one task to another. Moreover, computing the
shortest paths (instead of any non-cyclic path) is required for the algorithm to
be sound and complete (see Section . The shortest paths SP are computed
using Dijkstra’s algorithm [37] and assigned to the set CP. Since each task’s
location is reachable from any other task’s location, a path always exists; also,
in case more solutions with the same cost exist, these will be explored in the
Paths Changing Problem, if needed.

4.2 Routing Problem

Solving the Routing Problem means to find a set of routes, i.e., a sequence
of tasks’ locations that begins and ends at the same depot, such that every
task is served within its time windows and the length of each route does not
exceed the operating range. This way, once vehicles are assigned to routes in
the Assignment Problem, they can execute them without having to recharge.
Additionally, the routes have to meet the constraints on the tasks’ precedence,
as introduced above and described below. At this stage capacity constraints
are not considered, nor is the actual plant layout. Also, upper bounds on the
number of available vehicles are neglected, i.e., there can be more routes than
vehicles, since one vehicle can be assigned to more than one route.

With some abuse of notation we can define the distance between two arbi-
trary tasks’ locations as dy, i, instead of delLkQa Vi1 € Ky, k2 € Kjy, J1,72 €
J. Also, let M; be the set of mutually exclusive jobs for job j (i.e. vehicles
eligible for job j are not eligible for any of the jobs in M; due to requirements
on the vehicle type); let Perm; be the set of permutations of tasks belonging
to job j, where each element ord in Perm; is an ordered list of tasks and let
knext be the task coming after task k in ord.
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The set of decision variables used to build the model for the Routing Problem
are:

Ok, k,: Boolean variable that is true if a vehicle travels from the location
of task ki to the location of task ko, false otherwise.

~g: non-negative real variable that models the arrival time of a vehicle
at the location of task k.

€r: non-negative real variable that models the remaining charge of a
vehicle when it arrives at the location of task k.

If the solution of the Routing Problem turns out to be inconsistent with
the vehicles’ assignments or the capacity constraints, a new solution must
be computed in order to find alternative routes for the same combination of
paths. Therefore it is necessary to keep track of the combinations of routes
that have already been generated so these can be ruled out when solving the
Routing Problem again. Let the optimal solution to the Routing Problem
found at iteration h be CR = Ukhk?gC {0k, 1, }» where 07 Vki, ks € K, is
the value of 6y, i, in the current solution; also, let PR be the set containing
the optimal solutions found until the (h — 1)-th iteration.

The following logical operators are used to express cardinality constraints
[38] in the sub-problems:

EN(a,n) : exactly n variables in the set a are true;

If(¢, 01,09) : if ¢ is true returns o1, else returns os.

To shorten the notation we will write EN,,,cpr(m, n) to denote EN( | {m},n).
meM
The model formulation for the Routing Problem is as follows:
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e, Y ses 2 M6 1,0) (D-5)
e - p < OR, VEeK;, jeJd (D.6)
Ok, VkeK;, j€T (D.7)
O, VkeK;, seS8,jed (D.8)
—Osr, VfeF, kek;, j€T (D.9)
Okiks = Vho = Vo + ks + diyen /0,
Yk € Kjy, k2 € Kjy, G1,J2 €T (D.10)
Okiky, = €hy < €k, — D - diy1, /v,
Vki € Kjis k2 € Kjps J1,j2 € T (D.11)
ENpex,,,Okiks, 1),  Vh1 €Ky, 1 €T, J1 # J2 (D.12)
j2€T
ENk,ex;, (Okk,,n) = ENgex,, (Or,k,1),
J1E€ET J2 €T
Vied, kek;, n=1,...,|7] (D.13)
ENk, ex;, Ok k,n) = ENgyex;, (Okky, m),
j2€d j2ed
VEESUF, n=1,...,|J] (D.14)
Ve = e Ak < g, VkeK;, jeT (D.15)
“Okyky,  Vh1 €Ky, k2 €Ky, 1 €T, Ja € My, (D.16)
\V < A m) VieJ (D.17)
ord€Perm; \k€ord
N = vk e K (D.18)
k' EPy,
AR/ Y\ € PR (D.19)
Ok ky EX

The cost function to minimize is the total number of routes. This is
done by minimizing the number of direct travels from the tasks representing
the depots; restricts the remaining charge to be lower than or equal to
the maximum operating range; forbids to travel from and to the same lo-
cation; and express that a vehicle can never travel to the start, nor
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travel from the end: start and end referring to the same depot are physically
located at the same node, but they play different roles in the Routing Prob-
lem, hence two different tasks; constrains the difference in arrival time
based on the distance for a direct travel between two points; models
the decrease of charge based on the distance travelled. For and
distances are computed using the current paths CP; m expresses that
each task’s location must be visited exactly once; (D.13)) guarantees the flow
conservation between start and end; ensures that all vehicles leaving
the depots return after visiting the tasks’ locations; enforces the time
on the routes; expresses that there cannot be direct travel among mu-
tual exclusive jobs. This constraint does not always guarantee that mutually

exclusive jobs will never be executed in the same route. Some corner cases are
not covered, but the inconsistency will be spotted in the Assignment Problem
so there is no need to further complicate the constraint (there would be need
to enumerate a large number of task sequences and rule out the inconsistent
ones by adding one constraint for each of them), since it would slow down
the whole sub-problem solution; expresses that if a number of tasks
belong to one job, they have to take place in sequence; guarantees that
precedence constraints among tasks are enforced. Constraint allows
to rule out the previously computed sets of routes as a solution. This is nec-
essary as this optimization sub-problem may be called multiple times during
the execution of ComSat.

Based on the model described above, the algorithm Router is defined, that
takes the set of current paths CP and the set PR, and returns a set of routes
CR that have not been selected yet; if the problem is infeasible, CR is empty.
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4.3 Assignment Problem

The routes CR are generated in the Routing Problem based only on the time
windows and on the vehicles’ operating range. The Assignment Problem now
allocates vehicles to the routes based on the actual availability of each type
of vehicle. Moreover, even though constraint partially prevents it,
CR may contain routes that involve mutually exclusive jobs and, while it
would be possible to avoid this by adding additional constraints, it would be
inconvenient to do so in the Routing Problem, since there is no information
about the vehicles assigned to the routes. On the other hand, once a set of
routes is given, it is verified in the Assignment Problem whether a vehicle is
actually eligible for a route.

Therefore for each route r € CR, we can define a list of jobs J" C J that
are executed by the vehicle assigned to r, and the list of eligible vehicles for
r, Bl,. = ﬂjejr V;. Also, based on the time windows and service times of the
jobs forming the routes, it is possible to work out the latest start of a route
late,. Since a route can include more than one job, the strictest time window
will define the latest start for the route. Finally, for each route we can define
the cumulative service time S, = J re; Sk-

r

The Assignment Problem is forrililated as a JSP where routes are jobs
(whose durations depend on their lengths length,.) and vehicles are resources,
with some additional requirements on the jobs’ starting time. The set of
decision variables used to build the model are:

«;: Boolean variable that is true if vehicle 7 is assigned to route r, false
otherwise;

sp: non-negative real variable that models the start time of route r;
e,: non-negative real variable that models the end time of route r.

It may be necessary to have different assignments for the same set of routes
CR, since two vehicles located at the same depot may have different states of
charge and, therefore, lead to different outcomes when solving the Capacity
Verification Problem. Thus, let the optimal solution to the Assignment Prob-
lem found at iteration h be CA = iy {af.}, where of., Vi € V, r € CR,

re

ir
is the value of «;, in the current solution; also, let PA contain the optimal
solutions found until the (h — 1)-th iteration.
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The model formulation for the Assignment Problem is:

EN;ev (e, 1), vr € CR (D.20)
er = s + length,. /v + S, Vr e CR (D.21)
sp < late,, Vr € CR (D.22)
\ i, Vr e CR (D.23)
i€El,
(vir A tiyr), =
(s > e + C - length, )V (s > ep + C - length,.),
VieV, r,r' € CR, r #£1' (D.24)
\ o VA€ PA (D.25)

Constraint guarantees that exactly one vehicle is assigned to each route;
(D.21) connects the start and end variables based on the route’s length and
their cumulative service time; constrains the latest start time of a route
to the strictest time window of its jobs; expresses that one (or more)
among the eligible vehicles must be assigned to a route; expresses that
any two routes assigned to the same vehicle cannot overlap in time; one must
end before the other starts. Finally, constraint (D.25)) guarantees to find an
assignment different from the already found ones.

Based on the model described above, the algorithm Assign is defined, that
takes the set of current routes CR from the routing problem as input, and
returns the current assignment CA that specifies which vehicle that will use
each route (and execute its jobs) and when it starts; if the Assignment Problem
is infeasible, CA = @.
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4.4 Capacity Verification Problem

In this phase the goal is to find a feasible schedule for the vehicles, if it exists,
meaning that the routes they are assigned to are evaluated to verify that
capacity constraints are fulfilled. To do this, an ordered list of nodes NL, and
an ordered list of edges FL,, Vr € CR, respectively, are generated, that each
route visits. Let n, be the node visited before edge e on route r and let e,y
be the node visited before node n on route r. Similarly, let n"™® be the node
visited after edge e on route r and let e™ be the node visited after node n on
route r. Also, for each node in NL, it is necessary to specify whether there
exists a time window, since some of the nodes are only intersections of road
segments in the real plant, while others are actual pickup or delivery points.
Let I, and u,, be the earliest and latest arrival time, respectively, at node
n on route r; let S, be the service time at node n on route r, if such exists,
zero otherwise. Let n be the starting node of route r. Finally, let e(1) and
e(2) be the source and sink node of edge e respectively.

This phase is also treated as a JSP, where routes are jobs, while nodes and
edges are the resources. Also, each route has a starting time s, defined by
solving the Assignment Problem.

The decision variables in the Capacity Verification Problem are:

Zrn: Non-negative real variables to model when route r is using node n;

Y,o: Don-negative real variable to model when route 7 is using edge e;
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The model for the Capacity Verification Problem is:

Tpnx > start,, Vr € CR (D.26)
Yre = Trnye T Srnpes Vr e CR, e € EL, (D.27)
Trn = Yre,, T depps Vr € CR, n € NL, (D.28)
Trn 2 lon A Zpp < Upn, Vr € CR, n € NL, (D.29)
Trin 2 Ypoerin 1V Trgn 2 Yy gran + 1,
Vri,ro € CR, 11 # 12,
n€ NL,yNNLo, n¢ NH (D.30)
Yrie Z Yrpe T 1V Urye 2 Yo + 1,
Vri,ro € CR, r1 # 19, € € EL,., N EL,,, gle) =1 (D.31)
Yrier 2 Yrges Tes V Yryer 2 Yrpey +dess
Vri,rg € R, r1 # 12, €1 € EL,,
€2 € EL,,, e1 =€2, Je; = e, =1 (D.32)

(ID.26) constraints the start time of a route; and (D.28) define the
precedence among nodes and edges to visit in a route; enforces time
windows on the nodes that correspond to the tasks; prevents vehicles
from using the same node at the same time (the +1 in the constraints forbids
swapping of positions between a node and the previous or following edge);
(D.31)) and (D-32) constrain the transit of vehicles over the same edge. If two
vehicles are using the same edge from the same node, one has to start at least
one time-step later than the other and if two vehicles are using the same edge
from opposite nodes, one has to be done transiting, before the other one can
start.

Based on the model described above, the algorithm Capacity Verifier is de-
fined, that takes the CA from the Assignment Problem as input and returns
CVS, a list that expresses where each vehicle is at each time-step and, as for
the previous phases, is empty if the problem is infeasible.
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4.5 Paths Changing Problem

In this phase, alternative paths are computed to connect the consecutive tasks
of each route. Finding alternative paths may be necessary when, for a given
set of routes CR, it is not possible to find any feasible schedule C'VS. The
infeasibility of the Capacity Verification Problem may be due to the current
set of paths CP that connect the tasks’ locations, therefore a different set may
lead to a feasible solution. We have previously defined a route as a sequence of
tasks’ locations and for any two consecutive tasks there is a path (a sequence
of edges) connecting them. Therefore, for a route counting i + 1 tasks we
will have ¢ paths and for each path we can define a start and an end node,
respectively &, and m;. Finally, we define the sets of outgoing and incoming
edges for a certain node n as U,, and Z,,, respectively.
Variables used to build the model are:

wyin: Boolean variable that represents whether the i-th path of route r
is using node n;

Zrie: Boolean variable that represents whether the i-th path of route r
is using edge e;

We could split this problem into r - ¢ problems (assuming all routes have
i+1 tasks) and find paths for each route separately; simpler models are faster.
Unfortunately it may be necessary to explore different combinations of paths
and so to retain the information we need we have only one model. Therefore,
let the optimal solution to the Path Changing Problem found at iteration h
be

CpP = U {z:ie}7
reCR
i=1,...,|r|
ecf

*es Yi=1,...,]r], r € CR, e € &, is the value of z,;. in the current
solution; also, let PP be the set containing the optimal solutions found until

the (h — 1)-th iteration.

where z
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The model, similar to [39], is as follows:

i If in, 1,0
i:l,..,\r\,nilenCR, ne/\/z (wrin, 1,0)

Wrig, N Wrir, Vi=1,...,|r], r€ CR
ENeceu, (2rie, 1), Vi=1,...,|r], r € CR
ENcez, (2rie; 1), Vi=1,...,|]r|, r€ CR
Zrie = TZpig, Vi=1,...)r], r€ CR, e€ &

/\ If( Wrin,

nENn;éfl AT

ENeEM,L (zri67 1) A ENGGI" (Zriea 1)7
ENeGUn (Z'r‘iea 0) A ENEEIn (Zrie; 0))7

Vi=1,...

\/ TZries

2rie€CP

,|r|, € CR

YCP € PP

(D.38)
(D.39)

The cost function to minimize is the total number of used edges;
(D.34) guarantees that, for each path of each route, the start and end nodes
are used; (D.35)) and (D.36) make sure that exactly one outgoing (incoming)
edge is incident with the start (end) node of a route; makes sure that
a path cannot use both an edge and its reverse; guarantees that if a
node (different from the start or end) is selected, exactly one of its outgoing
and one of its incoming edges will be used. On the other hand, if a node is
not used, none of its incident edges will be used; finally, rules out all

the previously found solutions.

Based on the model described above the algorithm PathsChanger is defined,
that takes the previous paths PP as input and returns a new set of paths NP,
such that NPN PP = @. If the Paths Changing Problem is infeasible NP = &.
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4.6 Routes Verification Problem

The Routes Verification Problem is a simplified version of the Routing Prob-
lem, where a set of routes CR already exists and it is verified whether these
meet the requirements on the tasks’ time windows and the vehicles’ operating
range. As described in Section routes are designed based (among other
things) on the distance between tasks’ locations; paths are computed between
any two tasks’ locations to have a uniquely defined distance and the routes
designed accordingly in the Routing Problem. However, as soon as the paths
used to connect the tasks’ locations are changed, there is no guarantee that
the routes still meet the requirements, hence the need to verify the routes.

Let IC = {k1,..., Kk} be the set of task for route r € CR, the variables
used to build the model for the routes verification problem are:

ork: non-negative real variable that models the time when task k of
route r is served

wrk: non-negative real variable that models the remaining charge of a
vehicle assigned to route r when it reaches task k

The model is as follows:

wrg - p < OR, Vke K., re CR (D.40)
Orkiy 2 Ork; + Qiyhoiyr + Sk,

Vi=1,...,|r|,r € CR (D.41)
Orig 2 U Norp < uy, VekeK;,jed (D.42)

Wrkipr S Wk — D - diyre s

Vi=1,...,|r|,r€ CR (D.43)

(ID.40) restricts the domain of the remaining charge to be smaller than or
equal to the operating range of the vehicles; connects the arrival time
at the task based on the distance between them; forces the arrival time
at a task’s location to be within its time window; relates the remaining
charge when reaching a task’s location to the distance from the previous task’s
location.

Based on the model described above the algorithm Routes Verifier is defined,
that takes the current routes CR and the current paths CP and returns true
if the problem is feasible, false otherwise.

D28



4 Problem Decomposition and Solving Procedure

4.7 Solving the CF-EVRP using the ComSat algorithm

The ComSat algorithm, Figure [2] connects the above described sub-problems
to find a feasible solution to the full problem. The Router and PathsChanger
algorithms are in Figure [2] put in rounded corner boxes, to show that they are
optimization problems.

The algorithm begins with the computation of the shortest paths between
each pair of tasks. This step is only executed once to provide unique paths for
the Routing Problem, which is then solved. In this step neither the vehicles’
availability nor the segment capacities are considered; the goal is simply to
design routes to serve tasks within the time windows. Therefore, if the Routing
Problem is infeasible, the whole problem is infeasible, because there is no
possible routing such that tasks are served within their time windows. The
information about the previous routes will be stored so that each time this
algorithm is called, it will provide a new solution to the Routing Problem.

If the Routing Problem is feasible the next step is to verify whether the
available vehicles can execute the routes. This matching is based on the routes’
requirements for specific types of vehicles, on their latest start time, and on
the vehicles’ operating range and charge rate. This is done by solving the
Assignment Problem; also in this case there can be more feasible solutions,
therefore it is important to store the current one to be able to rule it out
the next time the Assignment Problem is solved. If the Assignment Problem
is infeasible the algorithm backtracks and runs the Routing Problem again,
otherwise, it proceeds to the Capacity Verification Problem.

At this point, routes have been assigned an actual vehicle to execute them
and start times have been restricted to meet the vehicles’ need for charging.
Hence it is possible to verify if the execution of the routes is possible without
breaking the capacity constraints. If that is the case, the overall problem is
feasible and the algorithm terminates and returns a feasible schedule. On the
other hand, if this step is infeasible, the algorithm will try to find alternative
paths for the vehicles to execute the routes.

This step is split in two parts. The PathsChanger algorithm finds new paths
and the RoutesVerifier makes sure the Routing Problem is still solvable (i.e.
tasks can still be served within time windows) using these new paths. If the
Paths Changing Problem is infeasible, all paths from one task to the following
one have been checked for each route. Therefore the algorithm backtracks
and looks for a assignment. Otherwise if the Paths Changing Problem is
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feasible, the algorithm moves forward to the Routes Verification Problem. If
this problem is feasible the algorithm backtracks to verify whether it is feasible
against the capacity constraint by solving the Capacity Verification Problem;
if not, the PathsChanger algorithm is called again.

Whenever the Assignment Problem is infeasible, all possible assignments
for the current set of routes CR have been explored. Thus, before calling
the Router algorithm again, CR is added to PR. In the same way, whenever
the Paths Changing Problem is infeasible, all possible paths for the current
assignment CA have been explored, hence CA is added to PA. Also, the set
of previous paths PP is emptied because these paths are only eligible for the
current assignment, and the shortest paths are set as current paths to compute
the next assignment.

Table 2: Glossary for the sets of the sub-problems.

CP: set of current paths

SP: set of shortest paths

NP: set of new paths

PP: set of previous paths

CR: set of current routes

PR: set of previous routes

CA: set of current assignment of vehicles to routes

PA: set of previous assignment of vehicles to routes

CVS: set of conflict-free routes (pairs of nodes and arrival times for each
route)

RVF': Boolean variable representing the feasibility of the Routing Problem

On the other hand, when exploring different paths the current assignment is
not changed, it is only checked whether it is feasible with the new paths; thus,
CA is not added to PA. Finally, as ComSat loops through PathsChanger and
Routes Verifier to find a feasible set of paths, NP is assigned to CP, which in
turn is added to PP after every unsuccessful iteration. The glossary of Table[2]
contains the names of the sets used to store and exchange information among
the sub-problems presented in Section [4
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‘ SP = ComputeShortestPaths(N', E) ‘

!

| CP « SP; PP.add(CP)|

(CR = Router(CP, PR))

=

No

4{ CA = Assign(CR, PA) ‘

@ Yes

No
‘ CVS = Capacity Verifier(CA) ‘<—

PR.add(CR)

PA.add(CA) l
No
[CP « SP ; PP.add(CP)] @ @
PP =2 Yes
(NP = PathsChanger (PP) )Je—
1
Yes @
No
|CP « NP ; PP.add(CP) |
!
\ RVF = RoutesVerifier(CR,NP) \
!
No
RVF = True
Yes

Figure 2: Flowchart of ComSat algorithm.

D31



Paper D

‘ SP = ComputeShortestPaths(N, &) ‘

(CR = Router(CP, PRD<—

|
Yc PR.add(CR)

No
‘ CA = Assign(CR, @) ‘

|
T @ Yes

Figure 3: Flowchart of C-ComSat.

4.8 Solving the Example using ComSat

To illustrate the performance of ComSat the example of Section [3]is used.
Below are reported the function calls to solve the sub-problems, whether they
are feasible or infeasible, and their running times:

Router: feasible, 0.45s
Assign: feasible, 0.05s
Capacity Verifier: feasible, 0.08's

The implementation of ComSat has the ability of manually setting the so-
lution to a sub-problem to be infeasible. We set the solution to the Capacity
Verification Problem to be infeasible to evaluate the performance of the algo-
rithm when conflicts arise due to capacity constraints. We also set a limit of
50 on the number of alternative sets of paths to generate. Of these 50 sets,
29 were declared infeasible by the RoutesVerifier. The average running time
to solve the Path Changing Problem is 0.7s; as for the Routes Verification
Problem, it took on average 0.01s to solve it, regardless of the feasibility of
the sub-problem.
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For the larger problem instances discussed in Section [6] counting up to 11
vehicles and 15 jobs, the Router and the PathChanger calls take roughly 10s
each, while the Capacity Verifier takes about 1.5s, Assign takes less than 0.5s,
and Routes Verifier takes between 0.01s and 0.1s.

5 Soundness and Completeness of ComSat

This section provides proof of ComSat’s soundness and completeness. We
start by relaxing the capacity constraints on the segments. We refer to the
relaxed version of ComSat as the Capacity Relazed-ComSat (C-ComSat). This
turns the problem into a combination of routing and assignment. We use the
conclusions from C-ComSat as a starting point to prove the soundness and
completeness of ComSat.

When we do not have to deal with capacity constraints we can simplify
ComSat, as shown in Fig.[3} we essentially have to solve the Routing Problem
and then verify that the solution found has a feasible assignment by solving
the Assignment Problem. If that is the case, the algorithm terminates and
returns a feasible solution, else it tries to design different routes. If no routing
solution has a feasible assignment, the algorithm terminates with No Solution.

Observation 1. All the problems solved in ComSat are decidable. This is
true because they are all combinations of decidable first-order theories and
therefore the Nelson-Oppen theory combination method [/0] applies. In fact
the Routing Problem is a combination of linear arithmetic and propositional
logic, the Assignment Problem, Capacity Verification Problem, and Routes
Verification Problem all fall into the category of difference logic (a fragment
of linear arithmetic), and the Paths Changing Problem is a propositional logic
problem.

Observation 2. The optimization problems solved in ComSat, i.e., the Rout-
ing Problem and the Paths Changing Problem, are bounded. The Routing
Problem involves a finite number of decision variables that are either Booleans
with a finite domain, or non-negative integers and the objective is minimiza-
tion. The Paths Changing Problem involves only Boolean variables, so the
domain is finite.

Lemma 1: Given a problem instance of the CF-EVRP, if a feasible so-
lution to the Routing Problem cannot be found using the shortest paths to
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connect any two tasks, no feasible solution can be found using any other set
of paths.

Proof. The Routing Problem can be infeasible for two reasons (or a combi-
nation of them): there exist no routes such that all tasks’ time windows can
be met; there exist no routes shorter than or equal to the vehicles operating
range such that all tasks are served.

When it comes to the time windows, the lower bound does not affect the
feasibility of an instance, because vehicles are allowed to wait at the task’s
location before starting the service. On the other hand, if there is no way
a vehicle can reach a task’s location before the time window’s upper bound
the instance is infeasible. Since it is assumed that vehicles travel at constant
speed, the distances among tasks’ locations are directly proportional to the
time required to travel between them; therefore, if time windows cannot be
met travelling along the shortest paths, neither can they using any other set
of paths.

As for the routes maximum length, restricted by the vehicles operating
range, the same reasoning applies. If it is not possible to design routes to
serve all tasks that are shorter than or equal to the vehicles operating range
using the shortest paths, neither will it be using longer paths. O

Lemma (1] is required both for C-ComSat and ComSat. When relaxing the
capacity constraints, before ruling out a set of routes it needs to be made sure
that they are infeasible. If arbitrarily long paths were used, there would still
be a chance that using other paths could make the Routing Problem feasible.
As for ComSat, if a set of routes is infeasible using the shortest paths, there
is no need to try to replace paths and check for feasibility.

5.1 Relaxed Problem: Capacity constraints not included

When relaxing the capacity constraints the problem boils down to designing

the routes, which is taken care of by the Routing Problem, and the assignment

of the available vehicles, handled by solving the Assignment Problem.
Lemma 2: The Routing Problem has a finite number of feasible solutions.

Proof. Let ¢ be the conjunction of constraints (D.7))-(D.18]), let ¢" be the
conjunction of constraints ([D.7)-(D.14)), and let ©* be the conjunction of con-

straints (D.15)-(D.18). " does not take into account tasks, jobs, operating
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range, or time windows; it only guarantees that routes are closed and that each
task is visited exactly once. Let k = |K| and let a route r be an ordered subset
of KC. Then, a solution to the routing problem R = {ry,...,r, |m <k} is a
partition of the set K. The number of partitions of the set Kis Z];:o (’;) < 0,
which corresponds to the number of possible solutions for ¢”, S(¢"). Since
¢ =" Ap®, then S(p) < S(p") < o0 O

Lemma 3: Repeated calls to Router will enumerate all feasible solutions
before returning infeasible.

Proof. Let g be a relaxation of the Routing Problem, not including constraint
, and let CRy be a solution to pg. Then, if another solution CR; for g
exists, it can be found by solving g A—~CRg = 1. In general, the n-th solution
can be found by solving oo A~CRoA...A=CR,,_1 = ¢,,. Because of Lemmal[2]
we know that S(¢) < co and we enumerate all by solving o, ..., ¥s()—1 O

Theorem 1: C-ComSat in Fig.[3 is sound and complete.

Proof. For a problem where || tasks are to be executed and |V| vehicles are
available, a solution is an assignment CA = {(v,r1)1,...,(v,r:)i} v €V, i <
IK| that satisfies the Assignment Problem and {J; i ri is a feasible solution
to the Routing Problem. Because of Lemma 2] we know there is only a finite
number of solutions to the Routing Problem, and because of Lemma[3]we know
we can enumerate them all. In the algorithm, for each solution CR we check
whether it satisfies the Assignment Problem; hence, if the overall problem
has a feasible solution, the algorithm will eventually find it, otherwise it will
declare the problem infeasible. O

5.2 Full Problem

When including the capacity constraints, the paths chosen to move from one
task’s location to another become crucial. For ComSat to be sound and com-
plete, we need to prove that it can explore all possible paths for a given set of
routes and a given assignment. Note that we have restricted the problem to
forbid cycles in the paths; however, in some instances of the CF-EVRP cycles
may be required. We are going to show that, if we use a different model to
change paths such that also cycles are allowed, the algorithm is sound and
complete for any instance of the CF-EVRP.
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Lemma 4: Given a directed, weighted graph with a finite number of nodes,
the number of paths that connect two arbitrary nodes is finite.

Proof. By definition, a path is a sequence of edges that joins a sequence of
nodes and no node appears more than once. If the number of nodes in the
graph is finite, there cannot be an infinite number of sequences of nodes to
connect to arbitrary nodes. O

Lemma 5: For a given set of routes CR and a given assignment of vehicles
CA, repeated calls to the PathsChanger algorithm will enumerate all feasible
solutions before returning infeasible.

Proof. Let g be the conjunction of constraints —, a relaxation
of the Paths Changing Problem, and let CPy be a solution to ¢¢. Then, if
another solution CP; for g exists, it can be found by solving o A= CPy = 1.
In general, the n-th solution can be found by solving ¢g A =CPg A ... A
-CP,_1 = ¢,. Because of Lemma E|, we know that the number of solutions
to the Paths Changing Problem S(p) < oo and we enumerate all by solving

P05 -5 PS(p)—-1- O

When considering the capacity constraints, different assignments may lead
to different solutions; for instance one vehicle may not be available until a
certain time because it is still recharging after executing a route while another
is available earlier. Both assignments are feasible but they will execute the
routes at different time, hence the road segments will be occupied by the
vehicles at different times, which in turn may lead to different schedules.
Therefore it is necessary to explore all possible assignments.

Lemma 6: The Assignment Problem has a finite number of feasible solu-
tions.

Proof. In an instance of the CF-EVRP we assume to have a finite number
of vehicles v = |V|. We know from Lemma [2| that, given a finite number
of tasks, a solution to the Routing Problem has at most as many routes as
tasks. Let ¢ be the conjunction of constraints —, let ¢" be the
conjunction of constraint , and let ¢*® be the conjunction of constraints
(D.21)-(D-24). ¢" is a relaxation of the Assignment Problem that does not
take into account routes length, charging time or vehicle eligibility, it only
guarantees that exactly one vehicle is assigned to each route. A solution to
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the Assignment Problem, represented by ¢”, is therefore a partition of the
routes set CR. Let ¢ = |CR)|, then the number of partitions of the set CR is
Z;ZO (;) < 00, which corresponds to the number of possible solutions for ¢,
S(¢"). Since ¢ = ¢" A ¢®, then S(p) < S(p") < o O

Lemma 7: For a given set of routes CR, repeated calls to Assign will
enumerate all feasible solutions before returning infeasible.

Proof. Let ¢g be the conjunction of constraints (D.21))-(D.24]), a relaxation of
the Assignment Problem, and let CAg be a solution to ¢g. Then, if another

solution CA; for ¢q exists, it can be found by solving g A—CPy = 1. In gen-
eral, the n-th solution can be found by solving g A= CAgA.. . AN=CAp_1 = n.
Because of Observation[6 we know that the number of solutions to the Assign-
ment Problem S() < oo and we enumerate all by solving po, ..., ¥s)—1- O

Theorem 2: ComSat is sound and complete.

Proof. For a problem with |K| tasks, |V| vehicles, and a graph G(N, &), let 7
be the sequence of nodes visited to execute route r and 7., the arrival time
at node n of route r; a solution is a schedule for each vehicle v € V,

CVS = {(’U7 ((nu,Tu), ey (77,1?1,7'1?1)))1, ey
(v, (i1, mi1), -+ -y (i, Tim, ) )i}y Vi <K,

that satisfies the Capacity Verification Problem. From Lemma[3]we know that
we can enumerate all possible routes and from Lemma [7] we know that, for
each set of routes we can enumerate all assignments. For each assignment
(v,7) the arrival time of vehicle v at a node depends on the paths chosen
to travel from one task of route r to the following one. Since we know from
Lemmal[B]that for a current set of routes CR, and an assignment CA of vehicles
to it, we can enumerate all paths from one task of each route to the following
one, if there exists a solution to the problem, ComSat will eventually find it;
otherwise it will correctly declare the problem infeasible. O

As mentioned before, the PathsChanger can only return (non-cyclic) paths.
We know that there is a finite number of paths in a graph to go from one
node to another, this is not true if cycles are allowed. On the other hand,
even if cycles were allowed, if we limited the paths’ maximum length, we
could enumerate them all. Since we have time windows on the tasks and a
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limited operating range for the vehicles, we can compute an upper bound for
the length of the pahts.

Therefore, if we were to modify the PathsChanger to allow for cycles, the
algorithm would still be complete without restricting the problem to non-cyclic
paths. This feature is currently under investigation as future work.

6 Evaluation

In order to evaluate ComSat, a set of benchmark problems is proposed. The
parameters for generating the benchmark problems are the number of nodes,
vehicles, and jobs (grouped into the parameter N-V-J), as well as the time
horizon, and the edge reduction value, which is inversely proportional to the
connectivity of the graph (the higher the value, the fewer edges). Vehicles
can be of type A, B, or C, and jobs come with a set of types that are eligible
to execute them. For each combination of these parameters, five different
problems were randomly generated. Problems belonging to the same category
differ from each other in terms of tasks locations (including the additional
tasks representing the depots), service time, time window (generated as a
function of the time horizon), and vehicles eligible to execute them; other
parameters that differ within the same category are the vehicles’ operating
range, the charging coefficient, and the number of vehicles available per type.
Both MonoMod (see below) and the algorithms called by ComSat used Z3
4.8.9 to solve the models. All the experiment:ﬂ were performed on an Intel
Core i7 6700K, 4.0 GHZ, 32GB RAM running Ubuntu-18.04 LTS.

As mentioned in Section [2] to the best of our knowledge, the CF-EVRP
presented in [16] and further developed in this work is novel. The experimen-
tal evaluation compares the monolithic model, MonoMod, presented in [16]
against ComSat. Both the running time and quality of solutions are evaluated
with respect to the problem parameters.

The first set of experiments compare the monolithic model (MonoMod)
of the CF-EVRP presented in [16] , to ComSat on a set of relatively small
problems, with up to four vehicles, seven jobs, and a time horizon of 60 time-
steps; the time limit set for both methods was 1200s. For this comparison
MonoMod has been adapted to account for non-negligible service times and

IThe implementation of the algorithm presented in Section [3| and the problem instances
are available at https://github.com/sabinoroselli/VRP.git.
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the the cost function is not included in the model, so that MonoMod returns
the first feasible solution found. The choice of 1200s is motivated by the
industrial application the algorithm is designed for; while some schedules may
be computed hours before they actually take place, last minute changes may
happen and it is useful to know what size of problems can be solved within
minutes. For MonoMod the model generation time may not be negligible;
however, the comparison with ComSat is for the solving time.

Table [d] shows the results of the comparison. For smaller problems and a
small time horizon, MonoMod is performing well, often outperforming Com-
Sat, especially when the problems are infeasible. As the problems grow larger
though, ComSat performs better both in terms of solving time, and in terms
of number of problems solved within the time limit. As expected, a larger
time horizon has a negative impact on the solving time of MonoMod, since
the model is based on time discretization, and a larger T means more vari-
ables and more constraints. On the other hand, the time horizon does not
seem to affect the performance of ComSat significantly; instances having the
same value of N-V-J and edge reduction, and increasing time horizon show
similar solving time. There are exceptions, but they may also be due to the
different time windows, since these are generated based on the time horizon.
The increase of the parameter edge reduction generally corresponds to an in-
crease in the solving time for both MonoMod and ComSat, probably because
having fewer edges makes it harder to find a solution if it exists, or prove
infeasibility otherwise, though there are exceptions. Finally, the increase of
the N-V-J parameter, as expected, corresponds to longer solving time in most
cases. The reason behind the outliers, i.e. when a problem is immediately
declared feasible/infeasible, is often the triviality of the problem itself. For
example, when deadlines are too strict and there is no solution to the Routing
Problem then ComSat will terminate early.

The second set of experiments evaluate the performance of ComSat on a
set of larger problems, with up to eleven vehicles, fifteen jobs and a time
horizon of 300 time units. Again the time limit was set to 1200s. As for the
previous set of instances, the increase in the value of N-V-J corresponds to an
increase in the average solving time and a decrease in the number of solved
instances per category. This time, infeasible instances are generally easier to
solve, probably because of the higher number of jobs compared to the number
of available vehicles (trivial infeasibility).
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Overall, the evaluation showed that ComSat’s performance highly depends
on the problem instance; there have been rather small instances that took a
long time to solve, while other relatively large instances were solved almost
immediately. In general, infeasibility seems to be harder to show than feasibil-
ity. This behaviour does not come unexpected, since for ComSat, a problem
cannot be declared infeasible till all solutions have been explored. Moreover,
as the number of PR stored grows, finding a new solution becomes harder.
For some problems, infeasibility may be trivial to prove, when the operating
range is not large enough or the time windows are too strict, for instance. In
other cases it may take several attempts before declaring a problem infeasible.

As for feasible problems, a similar reasoning applies. Sometimes it took
many attempts to find a set of routes that actually led to a feasible schedule
and, in general, the likelihood of finding one decreases as the number of vehi-
cles and jobs increases. Nevertheless, even for large problems, a solution can
be found rather quickly, given that enough vehicles are available.

Discussion on Optimality

So far, the focus of the experiments was on the running time required by
MonoMod and ComSat to solve instances of the CF-EVRP but no on the qual-
ity of the solutions. This section focuses on the quality of the solutions pro-
duced by ComSat for a set of problem instances by comparing them to a lower
bound manually computed by relaxing the capacity constraints. MonoMod
has been set up to find optimal solutions by including a cost function rep-
resenting the total travelled distance. To make the comparison possible, the
parameters of the problem instances have been scaled down to make the prob-
lems simple enough so that the optimal solution can be found by MonoMod
in reasonable time. Table [3] shows the running time and cost function value
for a set of CF-EVRP instances. The problems are sorted by size, in terms
of the parameters previously discussedﬂ For the instances 1 to 6, both Com-
Sat and MonoMod have the same total travelled distance. Hence, for these
instances, ComSat indeed returns the optimal solution. For the instances 7 to
9, MonoMod was not able to return a solution after 24 hours and was therefore
timed out. However, the cost function value returned by ComSat matches the
lower bound, hence the solutions are optimal. For the instances 1 to 3, both

?Details of the problem instances are available at https://github.com/sabinoroselli/
VRP.git|in the file Optimality__test instances.pdf.
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ComSat and MonoMod return a value higher than the lower bound, implying
that the capacity constraints forced the vehicles to travel through paths longer
than the shortest ones in order to serve the customers.

Table 3: Comparison of the Cost Function Value (CFV), and running time (in
seconds) required to solve problem instances of the CF-EVRP. For each
instance, a Lower Bound (LB) on the cost function is also provided. The
time limit is set to 24 hours and “-” means that this limit was exceeded.

ComSat MonoMod
Instance LB  (OFV Time CFV Time

1 10 12 0.13 12 0.40
2 18 22 10.72 22 1.21
3 26 30 4540 30 2.30
4 20 20 0.53 20 3.24
5 48 48 0.30 48 4.00
6 48 48 0.44 48 4.31
7 62 62 0.79 - -

8 72 72 0.93 - -

9 76 76 0.95 - -

10 10 12 0.15 10 0.19

However, ComSat is not guaranteed to find the optimal solution, as shown
by instance 10 above. This is due to the way the sub-problems are structured.
For a given set of routes ComSat will try to find a feasible set of paths that
satisfies the capacity constraints. If such set of paths exists, ComSat termi-
nates with a feasible solution. Nevertheless, there could exist another set of
routes for which there exists a set of paths that are cumulatively shorter and
satisfies the capacity constraints. This is clarified with the following example,
depcited in Fig. [d

N={1,....7, NH=2,0=/{1,6}

€ =1{(1,2),(2,3),(2,5),(3,4),(4,7),(5,6),(6,7)}
J ={j1,52}, K={il,i2 | Vi€ J}

Lit1 =5, Ljn =2, Ljz =4

Pji1=9,Pjo1 =D, Pjz1 =2
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Figure 4: Finite, strongly connected, weighted, directed graph representing the
plant layout for a problem instance of the CF-EVRP that cannot be
solved to optimality by ComSat.

Liin =2, ljo1 =2, ljz1 =2

Uj11 = 2, Uja1 =5, ujzr =7

Sjt1 =2, Sjp1=1,831 =1

V = {vl,v2}, V1 = {vl}, Vo = {v2}, V;3 = {v2}
OR=10,C=1, D=1, p=1, v=1, T =13

Vehicle v1 needs to travel from node 1 to node 5 in order to execute task j11;
vehicle v2 will be assigned to both task j21 and j31, respectively located at
nodes 2 and 4. Since these tasks are equidistant from v2’s location (node6),
serving one before the other or the other way around would result in the
same cost for a route, hence ComSat may choose one as well as the other.
Assuming that task j21 is served before 731, there will be a conflict; in fact,
vehicle vl occupies node 5 to serve task 511, due to its time window and service
time. If ComSat had come to such a situation, it would call the PathChanger
function. There is no different path for v1 that would be feasible against the
time window of task j11; however, v2 could reach node2 by passing through
nodes 7, 4, and 3 and still meet the time window of task j21. It would then
go back to node4 and execute task j31. The total length of such a route
will be 8. However, serving task j31 before j21 would not result in a conflict
with v1, so there would be no need to look for alternative paths; the route
length in this case would only be 6. Thus, as long as a solution can be found
without needing to change paths, ComSat will return an optimal solution, else
optimality is not guaranteed.
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7 Conclusions

This paper presents the compositional algorithm ComSat to solve the CF-EVRP.
It is proven that the algorithm is sound and complete if there are no cycles in
the paths. ComSat was compared to the performance of a monolithic model
for the CF-EVRP, which showed that as the problems’ size grows ComSat
outperforms the monolithic model. ComSat’s performance was also evalu-
ated over a set of larger generated problem instances, which showed that it
can solve problems counting up to 11 vehicles and 15 jobs in a reasonably
short time. Experimental data shows that the solving time for similar-sized
problems can be very different.

For problems whose feasibility is not straightforward to achieve, it is an
open research question on how to avoid a large number of iterations but
at the same time not increase the sub-problems complexity. The composi-
tional structure of ComSat allows to replace the algorithms that solve the
sub-problems without affecting the overall soundness and completeness, as
long as the requirements in Section [3| are met. Experiments show the Router
and the PathsChanger to be bottlenecks when a problem instance is hard to
solve. Therefore future work will focus on improving these algorithms. As for
the Router, there exist several algorithms to solve VRPs that could be adapted
to solve the Routing Problem described in Section[4.2} as for the PathsChanger,
extraction of Unsat-Core when the Capacity Verification Problem is infeasible
could provide useful information to guide the search for alternative paths.

However, for industrial scenarios, feasibility is typically straightforward to
achieve, due to a sufficient number of available vehicles and sufficient capacity
of the road segments. In such scenarios, ComSat can find feasible solutions
with few iterations, being therefore useful for many industrial applications.
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1 Introduction

Abstract

The Conflict-Free Electric Vehicle Routing Problem
(CF-EVRP) is a combinatorial optimization problem of
designing routes for vehicles to visit customers such that a
cost function, typically the number of vehicles or the total
travelled distance, is minimized. The CF-EVRP involves
constraints such as time windows on the delivery to the cus-
tomers, limited operating range of the vehicles, and limited
capacity on the number of vehicles that a road segment can
simultaneously accommodate. In previous work, the compo-
sitional algorithm ComSat was introduced and that solves
the CF-EVRP by breaking it down into sub-problems and
iteratively solve them to build an overall solution. Though
ComSat showed good performance in general, some problems
took significant time to solve due to the high number of
iterations required to find solutions that satisfy the road
segments’ capacity constraints. The bottleneck is the Path
Changing Problem, i.e., the sub-problem of finding a new set
of shortest paths to connect a subset of the customers, disre-
garding previously found shortest paths. This paper presents
an improved version of the PathsChanger function to solve
the Path Changing Problem that exploits the wunsatisfiable
core, i.e., information on which constraints conflict, to guide
the search for feasible solutions. Experiments show faster
convergence to feasible solutions compared to the previous
version of PathsChanger.

1 Introduction

We consider scheduling a fleet of mobile robots, in the sequel referred to as
Automated Guided Vehicles (AGVs), that pick-up and deliver components to
workstations within specified time-windows. The AGVs move on a predefined
road network, where each road segment has a maximum number of AGVs
it can accommodate at a specific time. The problem is motivated by an
industrial need to develop more flexible logistic systems to deliver components
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just-in-time to an assembly line.

In this scenario, in addition to time-windows in which the components
should be delivered, a scheduler needs to consider additional constraints.
First, AGVs have a limited operating range and need to recharge their battery
when the state-of-charge becomes low. Second, jobs have specific requirements
on the AGV eligible to execute them. Finally, the number of AGVs on road
segments and workstations are limited to allow low-level trajectory planning
problems to be feasible. Thus, we define the capacity of the road segments,
intersections, and workstations and include capacity constraints. A schedule
is said to be conflict-free if it fulfills the capacity constraints at all times.

The problem of computing conflict-free routes was first introduced in [1] and
tackled by means of column generation. In [2], conflict-free routing in combi-
nation with scheduling of jobs for flexible manufacturing systems is discussed.
An ant colony algorithm is applied to the problem of job shop scheduling
and conflict free routing of AGVs by [3]. In [4], a collision-free path plan-
ning for multi AGV systems based on the A* algorithm is presented. Another
heuristic approach to solve the conflict-free routing problem with storage al-
location is presented by [5]. In [6], a MILP formulation to design conflict-free
routes for capacitated vehicles is presented. In [7] is presented a hybrid evo-
lutionary algorithm to deal with conflict-free AGV scheduling in automated
container terminals, and [8] handles the problem of conflict-free routing of
AGVs by a meta-heuristic improvement strategy based on large neighbour-
hood search. Hence, conflict-free routing and scheduling has been addressed
previously, but to the best of our knowledge, there is no work in the literature
that tackles all above mentioned constraints at once. Therefore, |9] intro-
duced the Conflict-Free Electric Vehicle Routing Problem (CF-EVRP). The
CF-EVRP is an extension of the vehicle routing problem (VRP) [10], involv-
ing the additional constraints. In |11] a compositional algorithm, ComSat,
for solving the CF-EVRP is proposed. ComSat breaks down CF-EVRP into
sub-problems and iteratively solves these to find a feasible solution to the
overall problem. Experimental and analytical evaluation shows that ComSat
generates high-quality but not necessarily optimal solutions. Briefly, ComSat
computes routes to serve the customers, and assigns vehicles to the routes
attempting to make the execution of the system conflict-free. In a plant there
can be several ways to travel from one customer’s location to another. Ini-
tially, ComSat uses the shortest paths among the customers’ locations when
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designing the routes. However, if a feasible schedule cannot be achieved using
the shortest paths, alternative paths have to be found, which is handled by the
Conflict-free Paths Search (CFPS). CFPS is composed of two main functions;
the PathsChanger function, that finds alternative sets of paths if the current
schedule violates the capacity constraints, and the Capacity Verifier function,
that checks whether the schedule is conflict-free or not.

Experiments show that when a solution computed using the shortest paths
violates the capacity constraints, finding alternative paths using the Path-
sChanger function may require multiple iterations. This does not come un-
expected, since the number of possible paths in a graph can be high, and
minimizing the cumulative length while looking for alternative paths does not
guarantee that the schedule will be conflict-free. In this paper we focus on the
CFPS and present improved versions of the PathsChanger and CapacityVer-
ifier that, in many cases, find feasible solutions faster.

The sub-problems in ComSat are modelled as Satisfiability Modulo Theory
(SMT) problems [12], [13], as SMT solvers have shown to be efficient in solving
combinatorial problems [14].

Moreover, some SMT solvers come with algorithms that allow them to deal
with optimization problems [15]. Two sub-problems in ComSat, marked by
the round boxes in Fig. [1] (see below) are optimization problems.

For the CFPS polynomial time algorithms exist to find paths in graphs, [16].
However, modelling the Path Changing Problem as an SMT problem is benefi-
cial as it allows to define problem-specific requirements, such as not returning
solutions that are already proven infeasible because they violate the capac-
ity constraints. Moreover, when a problem is infeasible, SMT solvers have
the ability to return a Minimal Unsatisfiable Core (MUC) |17], i.e., one of
the (possibly many) smallest subsets of constraints that make the problem
infeasible. The MUC can provide useful information about why a problem
is infeasible and can therefore be used to guide the search towards a feasible
solution [1§].

When dealing with the CF-EVRP, the MUC can be extracted when the
Capacity Verification Problem is infeasible and used to define additional con-
straints for the Path Changing Problem, to increase the chances of finding a
feasible schedule.

The contributions in this paper are: (i) exploitation of SMT solvers’ MUC
to extract information about the infeasibility of an SMT formula representing
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a conflicting schedule for a VRP; (ii) use of such information to find conflict-
free schedules; (iii) performance comparison between the unguided and MUC
guided paths search over a set of CF-EVRP problem instances.

The remainder of the paper is organized as follows. Preliminaries are pre-
sented in Section [2} Section [3] presents the mathematical models of the sub-
problems that form the CFPS and how it is improved using the MUC from
the Capacity Verification Problem. Proof of soundness and completeness of
the procedure is provided in Sectiond] In Section[5] the results of the analysis
over a set of problem instances are presented. Finally, conclusions are drawn
in Section [Gl

2 Preliminaries

In the CF-EVRP the plant layout is represented by a finite, strongly con-
nected, weighted, directed graph, where edges represent road segments and
nodes represent either intersections between road segments or customers’ lo-
cations. A customer is defined by a unique (numerical) identifier, a location,
and a time window, i.e., a lower and upper bound that represent the earli-
est and latest arrival time allowed to serve the customer. Edges have two
attributes, the first representing the road segment’s length, and the second
its capacity. The capacity is 2 if two vehicles can simultaneously travel in
opposite directions, 1 otherwise.
The following definitions are provided:

e Node: alocation in the plant. A node can only accommodate one vehicle
at a time unless it is a hub node that can accommodate an arbitrary
number of vehicles.

N: a finite set of nodes.
N C N the set of hub nodes.

e Fdge: a road segment that connects two nodes.
E C N x N: the finite set of direct edges.
e: the reverse edge of edge e € £.
d. € R,: the length of edge e € .
ge € {1,2}: the capacity of edge e € £.
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Time horizon: a fixed, continuous point of time when all jobs have
ended, assuming they start at time 0.

T: the time horizon.
Customer: Entity representing a task to be executed by a vehicle, e.g.,
a pickup or delivery of material, that needs to be visited exactly once
by the vehicle. A customer is always associated with a node where the
pickup/delivery operation is executed, and has a time window indicating

the earliest and latest time at which it can be visited. Unless explicitly
given, the time window is the entire time span [0, 7.

Let IC be the finite set of all customers, and let

lg,ur € Ry, k € K be the time window’s lower (I;;) and upper (uy)
bound for customer k such that ug > .

Also let s, € Ry and Ly € N, for k € K, be the service time and
location of customer k, respectively.
Route: an ordered set of unique customers.
rj = <kj1, .. .,kjm>, m < |’C‘7 k‘ji (S IC,
1= 1,...,77’),, kjjl #kﬂ fOI’L'#l.
A route can at most include all customers, therefore m < |K]|.
Route set: a set of routes such that each customer belongs to exactly
one route, thus guaranteeing that all customers are served.
R={r,...,rm}, m<|K|
A route contains at least one customer, hence m < |K|.
Route start: the starting time 7, of route r, computed by the function
Assign. T is the set that contains the route start of each route.
I'={r. eR|reRr}
Pair Set of route r: set containing the sequence of customers of a route
r = (ky,...,kn), grouped as pairs in sequence.

Pr = {(k1, ko), (ka,k3), ..., (km—1,km)}
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e Path: ordered set of unique nodes. It is used to keep track of how
vehicles are travelling among customers of routes, since each pair of
customers in a route is connected by a path.

Op=(n1,...,0m), p € Ppr, m<|N|,
n,eN,i=1,...,m

o FEdge sequence: ordered set of unique edges for a given path 6,,.
51) = <617- . 'ae”m>7 pe 7)7"5 m = |017| - 17

e, €€, 1=1,...,m

In order to clarify which part of ComSat is analyzed and improved in this
work, let us recap briefly how the algorithm works. Fig. [I] shows a simplified
flowchart of ComSat that illustrate the concepts of this paper. The first step of
ComSat is to design a set of routes R to serve all the customers; at this point,
the shortest path between any two customers is computed using Dijkstra’s
algorithm [19].
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D

Infeasible

Capacity
Verifier

PathsChanger

N Y
° feasible? s

Conflict-free Paths Search

Figure 1: Flowchart of ComSat.

This optimization problem is handled by the function Router and must
guarantee that the routes meet specific requirements such as maximum length,
specific ordering among the customers and time windows. If this step is infea-
sible the CF-EVRP instance has no solution and the algorithm terminates. If
this step is feasible, the function Assign will try to allocate available vehicles
to the routes and compute a start time 7., Vr € R, to the routes. If this step
is infeasible then Router will try to find different routes, but if it is feasible,
the CapacityVerifier checks if the current set of routes is conflict-free. More
details on the functions Router and Assign can be found in [11].
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2.1 The minimal Unsat Core

For infeasible problems, there can be identified a subset of the constraints that
conflict, meaning they cannot all simultaneously be satisified. Such a subset
is called an Unsat Core. An Unsat Core with the property that removing any
one of the constraints makes the Unsat Core feasible, is said to be minimal.

Formally, given an SMT formula ¢ and set of conflicting constraints C C ¢,
C is a MUC of ¢ if removing any constraint C; € C makes C \ C; no longer
infeasible; removing C removes the particular conflict represented by the MUC'.
Consequently, for an infeasible problem with a MUC C, adding to the problem
a constraint that prevents all the constraints in C to be simultaneously active
will resolve this particular conflict.

The naive approach to MUC extraction, [20], successively removes con-
straints and solves the problem again; if the problem is still infeasible after
a constraint has been removed that constraint does not belong to a MUC.
There exist more efficient approaches though; the MUC [21] algorithm based
on efficient manipulation of Binary Decision Trees guarantees the extraction
of a minimal Unsat Core. [22] presents an algorithm based on the resolution
graph [23] for MUC extraction. [24] improves the resolution based algorithm
using model rotation and path strengthening.

3 The Conflict-free Paths Search

In this section the two sub-problems that form the CFPS are presented. The
Capacity Verification Problem is modelled as a job shop problem (JSP), in
order to exploit the good performance of the SMT solver Z3 [25] in dealing
with JSPs, as demonstrated in [26]. The model formulation for the Path
Changing Problem is inspired by [27].

The following logical operators are used as a shorthand to express cardinal-
ity constraints [28] in the sub-problems:

EN(A,n) : exactly n variables in the set A are true;
If(¢, 01,02) : if ¢ is true returns o, else returns os.

We will write EN,,ear(m,n) to denote EN( |J {m},n) in order to shorten
meM
the notation.
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3.1 The Capacity Verification Problem

The Capacity Verification Problem aims to find a feasible schedule for the
vehicles, where the routes that the vehicles are assigned to satisfy the capacity
constraints of the edges.

In this work the Capacity Verification Problem, as defined in [11], has been
extended to account for pairs as well, since the information about conflicts
must be related to a specific pair to define additional constraints in the Path-
sChanger.

Let n,pe be the node visited before edge e of pair p of route r, and let e;py,
be the node visited before node n on pair p of route r. Similarly, let n"P°® be
the node visited after edge e of pair p of route r, and let e be the edge
visited after node n on pair p route r. Let pC be the first pair of route » and
n; be its starting node.

Example of Routes, Pairs, Nodes, and Edges

Let K = {k1,...,kr}, N ={n1,...,no}, and Ly, = ny and Ly, = ny, and
assume two routes designed to serve all customers: r1 = (k1, ko, k5, k7), r2 =
(ks, k4, k). In order to clarify the notation introduced above, let us analyze
r1. First, the set of pairs for r is defined as P,., = {{k1, k2), (ka, ks), (ks, k7) }.
Then, let us assume that the path and edge sequence for pair (ki, ko) are the
following:

g(kl,kQ) = (n1,n2,n4, 5, n7),

§<k1,k2) = ({n1,n2), <n27 na), <1’L4, 1’L5>7 <n57 n7>>
Then le = (k1,k2) and ny = ny. Also, let p = (k1, ko); then for e = (n1,n2),
Nppe = N1, and n"'P° = ng; for n = nq, eP" = (nq,n2), and for n = ng,
€ripn = (N1, N2).

For each node it must also be specified whether there exists a time window,
since some of the nodes are only intersections of road segments in the real
plant, while others are actual customers. Let l.,, and u,p, be the earliest
and latest arrival time, respectively, at node n of pair p of route r; let s, be
the service time at node n of pair p of route r. Finally, let v > 0 be a small
real constant used to prevent swapping of vehicles’ positions between a node
and the previous or following edge.
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The Capacity Verification Problem decision variables are:

Zrpn: Non-negative real variable that models when a vehicle executing
route r starts using node n in pair p;

Yrpe: nON-negative real variable that models when a vehicle executing
route r starts using edge e in pair p;

The model for the Capacity Verification Problem is:

Tppons > Try, Vr € R (E.1)
Yrpe = Trpnppe T Srpnyper VT ER, pE Py, € €6y (E.2)
Trpn = Yrperpn + de,,., Vr € R, p€ P, n€b, (E.3)

Trpn > lrpn A Trpn < Urpn
VreR, pePr, nel, (E4)

Tripin = Yropoeririn +v V Trypon = Yripierapan + 7,

Vri,rg € R, r1 #ra, p1 € Pry, D2 € Pry

n € by Ny, n¢ Ny (E.5)
Yripre = Yrapse TV V Yrapse = Yripre 75

Vri,ro € R, 11 # 72, p1 € Pry, P2 € Pry,

e € 0p, Nbp, (E.6)

yTlIJlEl 2 yTz:DzEz + deQ v yT2P262 2 yﬁpzel + del’
Vrlar2 € Ra ™ 7é T2, P1 € Prla P2 € Prm
€1 €0p,, €2 €0py, €1 =62, Jo; = GJe, =1 (E.7)

(E.1)) constrains the start time of a route; (E.2) and (E.3)) define the precedence

among nodes and edges to visit in a route; (E.4)) enforces time windows on the
nodes that correspond to the customers; prevents vehicles from using the
same node at the same time; and constrain the transit of vehicles
over the same edge. If two vehicles are using the same edge from the same
node, one has to start at least « after the other and if two vehicles are using
the same edge from opposite nodes, one has to fully transit before the other
one can start.

Based on the model described above, the algorithm Capacity Verifier (CV)
is defined, that takes a set of routes R, the start times in I', and the current
set of paths CP as input and returns:
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e (CFS, a list that expresses where each vehicle is at each time; this is
empty if the problem is infeasible.

« C, the Unsat Core relative to constraints (E.5)-(E.7) (see Section ;
this is empty if the problem is feasible.

3.2 Paths Changing Problem

In the Paths Changing Problem, alternative paths are computed to connect
the consecutive customers of each route. Finding alternative paths may be
necessary when, for a given set of routes R and starting times I', no feasible
schedule exists. The Capacity Verification Problem may be infeasible due
to the current set of paths that connect the customers’ locations, therefore a
different set may lead to a feasible solution. A route is defined as a sequence of
customers, and for any two consecutive customers there is a path (a sequence
of edges) connecting them. Therefore, for a route containing i + 1 customers
we will have i paths and for each path we can define a start and an end node,
&, and 7;, respectively. The sets of outgoing and incoming edges for a certain
node n are denoted O,, and Z,,, respectively.
Decision variables used to build the model are:

Wrpn: Boolean variable that represents whether the pair p of route r is
using node n;

Zrpe: Boolean variable that represents whether the pair p of route r is
using edge e;

This problem can be split into r - ¢ sub-problems (assuming all routes have
i+ 1 customers) that find paths for each route separately; simpler and smaller
models are faster to solve. Unfortunately it may be necessary to explore
different combinations of paths, so to retain the information we have only
one model. Therefore, let the optimal solution to the Path Changing Problem
found at iteration h be

CpP = U {Z;k‘pe}7
reER

PEPr
ec&

where 27, is the value of 2., in the current solution; also, let PP be the set

containing the optimal solutions found until the (A — 1)-th iteration.

E13



Paper E

The model is then:

SN . > Tf(zrpe, de, 0) (E.8)
Wrpg, N Wrir,, VpeP,, TreR (E.9)
ENccog, (2rpe; 1), VpeP,, reR (E.10)
ENeez, (Zrpe, 1), VpePr, reR (E.11)
Zrpe = TZrpe, VPEP., TER,ecf& (E.12)

/\ If( Wrpn

NEN \nAE, n#my
ENcco, (2rpes 1) A ENeez, (2rpe, 1),
ENcco,, (2rpe; 0) A ENeez,, (2rpe, 0)),
VpeP,, r€R (E.13)

AV VCP € PP (E.14)
ZTpeECP

The cost function to minimize is the cumulative length of the used
edges; guarantees that, for each path of each route, the start and end
nodes are used; (E.10) and (E.11]) make sure that exactly one outgoing (in-
coming) edge is incident with the start (end) node of a route; makes
sure that a path is not allowed to use both an edge and its reverse;
guarantees that if a node (different from the start or end) is selected, exactly
one of its outgoing and one of its incoming edges will be used. On the other
hand, if a node is not used, none of its incident edges will be used; finally,
rules out all the previously found solutions.

Based on the model described above the function PathsChanger (PC) is
defined, that takes the previous paths PP as input and returns a new set of
paths NP. If the Paths Changing Problem is infeasible then NP = @.

Up to this point, unless specified otherwise, the models presented are taken
from [11].
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3.3 Exploiting the MUC

Experiments reported in [11], show that ComSat performs well for many prob-
lem instances, however, for some specific instances ComSat failed to find fea-
sible solutions in reasonable time. Investigations revealed the PC to be the
culprit. The reason is that it searches blindly through the possible paths that
connect any two customers, while minimizing the paths’ cumulative length. A
conflict-free solution may involve paths that are quite longer than the current
ones though, and the PC will have to explore many shorter solutions before
finding the right one. Improving the performance of the PathsChanger would
be beneficial for the overall performance of ComSat, and letting the MUC
guide the paths changing is such an improvement.

When extracting the MUC), it is possible to only track specific constraints.
This feature can be exploited to focus only on the capacity constraints vio-
lations. In fact, since time windows and service time are not flexible, it is
of little to no use to track constraints represented by —. Also, an
infeasible formula ¢ may have multiple MUCSs; in the CF-EVRP this means
that conflicts may arise at different locations in the plant. In order to catch all
of them, it is possible to iteratively relax the conflicting constraints from the
initial formula and solve it again, until it becomes feasible. The formula will
indeed become feasible eventually, since it is based on a feasible solution R
and only the capacity constraints can make it infeasible; in the worst case all
such constraints will be removed during the iterations. Note that, since not all
constraints are tracked, the set of constraints C returned is not an actual Un-
sat Core, since C would only make the problem infeasible in conjunction with
the untracked constraints. Nonetheless, it provides the information about the
conflicts needed to guide the search of paths.

Let ¢ be the conjunction of constraints -. Assume that g is
infeasible, and let C( be the subset of a MUC retrieved by tracking constraints
(E5)-(ET). Then let 1 = ¢o \ Co, also infeasible, and let C; be the subset of
a MUC retrieved by tracking constraints defined by —, not including
the ones in Cy. In general, the constraints in C;_; can be iteratively relaxed
to obtain a new formula ¢;, until a feasible ¢, = ¢ \ (50 U...u én,l) is
found. Then C = CyU...UC,_; contains all the conflicts due to the capacity
constraints.

Each constraint represented by — is defined over two routes r; and
ro and their pairs p; and po for a specific node n or edge e; therefore, if the
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constraint is part of C, the routes and pairs that caused the conflict over n or
e can be identified. If the conflict was generated by a constraint from (E.5|),
then the following constraint is added to (E.8)-(E.14):

ﬁ(wnpm) \ ﬁ(wrwzn)' (E.15)

On the other hand, if the conflict was caused by constraint from (E.6) or
(E.7)), the following constraint is added to (E.8|)-(E.14)):

“(2rypre) V 7 (Zrypae)- (E.16)

Constraints (E.15)) and (E.16]) force at least one of the routes involved in
the conflict to avoid the specific node (edge, respectively) when computing a
path for the pairs involved in the conflict. The constraint is formulated so that
the choice of the route to change is left to the solver, including the possibility
of changing both routes; since the problem is an optimization, the solver will

choose the change that leads to the shortest cumulative paths length.

Based on the model described by —, the function MUC-Guided-
Paths-Changer (GPC) is defined, that takes the previous paths PP and C as
input and returns a new set of paths NP. If the Path Changing Problem is
infeasible NP = &.

Since for each constraint in C a new constraint is added to the GPC, it is
imperative that the Unsat Core returned when the C'V is infeasible is minimal.
This is so because if the Unsat Core is not minimal, it could contain constraints
that are not actually causing capacity conflicts. These constraints would in
turn lead to defining constraints and in the GPC that may
remove feasible solutions.

Fig. 2] summarizes the steps required to find a conflict-free schedule CFS,
if such exists, using the improved paths searching algorithm GPC. As men-
tioned, it is assumed that routes R and their start times I' have already been
computed. The shortest paths between any two customers are computed us-
ing Dijkstra’s algorithm and then set as the current paths CP to travel among
customers. Also, CP are added to the list of previous paths PP.

Then the C'V will check such routes against the capacity constraints; if this
sub-problem has a feasible solution the algorithm terminates and a conflict-
free schedule is returned. Otherwise C is extracted as described in the previous
paragraph and the the GPC algorithm is invoked. GPC will use the informa-
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| CP < SP; PP.add(CP) |
1

C,CFS = CapacityVerifier(R, T, CP) ‘<—

|

Yes ‘ CP + NP; PP.add(NP) ‘

No
(NP — GuidedPathsChanger(PP, é))

N Yes
Infeasible o @ =

Figure 2: Flowchart of the MUC-Guided-CFPS.

tion about previously computed paths PP and the information about conflicts
from C to compute new paths NP, which will be set as the current paths and
stored in PP. At this point the C'V is run again using the new paths. The
iterations between the two algorithms continue until either the C'V is feasi-
ble, or the GPC is infeasible, i.e., there are no feasible, conflict-free paths to
execute the routes R with the start times I'.

4 Proof of Soundness and Completeness

In this section, proof of soundness and completeness of the Unsat Core Guided
CFPS is provided. The underlying idea for the proof is the following. There
exists a finite number of solutions to the Path Changing Problem; the GPC
can enumerate at least all feasible solutions to the Path Changing Problem;
if a solution that satisfies the Capacity Constraints does exists, the GPC will
eventually find it, otherwise it will declare the problem infeasible.

Let S be the set of possible solutions to a Path Changing Problem; let us
divide § into the set of conflict-free solutions F and the set of conflicting
solutions . In other words a solution to the Path Changing Problem from F
will make the Capacity Verification Problem feasible, while a solution from U/
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will not. If the CFPS is infeasible, then S = U and F = &. In this case, even
if the GPC is not able to find all feasible solutions F, there is none to find.

In case the CFPS is feasible though, in order to prove completeness it is
necessary to guarantee that at least all feasible solutions F can be found by
GPC'. This is proven for the PC, since each call of the PC function will find
the next optimal solution to the Path Changing Problem, whether it belongs
to F or not, until all solutions are enumerated. However in the GPC there
are additional constraints that may remove feasible solutions. In the proof it
is shown that such additional constraints only remove infeasible solutions.

Observation 3. The Path Changing Problem is a satisfiability problem in
propositional logic. The Capacity Verification Problem falls into the category
of difference logic (a fragment of linear arithmetic). Thus, both problems are
decidable.

Observation 4. The Path Changing Problem is bounded. In fact, the Path
Changing Problem involves only a finite number of Boolean variables, so its
domain is finite.

Lemma 1: Given a finite, directed, weighted graph, the number of paths
that connect two arbitrary nodes is finite.

Proof. By definition, a path is an ordered set of nodes such that no node
appears more than once. If the number of nodes in the graph is finite, there
cannot be an infinite number of paths. O

Lemma 2: For a given set of routes R and start times in ', repeated calls
to the PC function will enumerate all feasible solutions to the Path Changing
Problem, either belonging to F or U, before returning infeasible.

Proof. Let ¢y be the conjunction of constraints —, a relaxation of
the Paths Changing Problem, and let CPg be a solution to . Then, if another
solution CP; for ¢q exists, it can be found by solving w9 A “CPy = ¢1. In
general, the n-th solution can be found by solving pg A= CPgA...AN=CPp_1 =
n. Because of Lemma[I] we know that the number of solutions to the Paths
Changing Problem, |S|, is finite and we can enumerate them all by solving

©0s5 - P|S|—1- O

Lemma 3: Using the PC and CV is a sound and complete procedure to
solve the CFPS
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Proof. Because of Observation [[] we know there is a finite number of solutions
to the Path Changing Problem, and because of Lemma [2] we know that the
PC function can enumerate them all. If a solution that belongs to F exists
the PC will find it, otherwise it will return all solutions belonging to U; the
CV will then check whether they are conflict-free. Therefore, using the PC
and CV in combination will correctly solve the CFPS. O

Lemma 4: For a given set of routes R, the GPC is able to find at least
all solutions in F.

Proof. For each set of current paths CP, C only contains constraints defined
by , , and . The constraints in C are iteratively retrieved from
minimal Unsat Core and therefore represent combinations of nodes and edges
in the graph where the conflicts happen. Since each constraint defined by
(E.15) and (E.16) addresses one constraint from C, and only
define constraints over nodes or edges that cause conflicts. Hence these con-
straints only remove solutions of the Path Changing Problem that belong to
U. O

Theorem 1: Using the GPC and CV is a sound and complete procedure
to solve the CFPS.

Proof. The PC and the GPC are identical, except for constraints (E.15])-
, and because of Lemma [4, we know that the addition of these con-
straints only removes solutions from . Thus, since the CFPS using the PC
is sound and complete (Lemma , so is the CFPS using the GPC. O

5 Experiments

In order to evaluate the goodness of the proposed method and its performance
against the previous version of the CFPS algorithm, a set of problem instances
is designed and used for testing. Both the PC and GPC are embedded in the
ComSat algorithm. However, since the goal is to compare the search for
alternative paths, problems are designed in such a way that there is only one
feasible set of routes R to serve the customers; also, only the running time for
search of conflict-free paths is measured. The algorithms called by ComSat
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used the SMT solver Z3 4.8.9 to solve the models. All the experimentsﬂ were
performed on an Intel Core i7 6700K, 4.0 GHZ, 32GB RAM running Ubuntu-
18.04 LTS.

Table [1] shows the results of the evaluation of five problem instances of the
CF-EVRP solved using ComSat. Each instance was solved twice, once using
the PC and once using the GPC'; in each case the number of iterations and
the time (in seconds) required to find a feasible solution is reported. The
problem instances presented are increasingly hard to solve, in terms of plant
size (represented by the number of nodes), number of routes and number of
customers in each route. The customers’ locations and time windows so that
conflicts will arise due to the capacity constraint when the shortest paths are
used and a search for alternative paths will be necessary in order to find a
conflict-free schedule.

For instances 1 through / it took only one iteration to the GPC to find
a feasible solution, while the PC required an increasing number of iterations
to find a feasible solution, as the instances grew more complicated. The gap
in the running time between the GPC and the PC follows the same trend;
for instance 1 it only takes 2 iterations to the PC to find a feasible solution,
while it takes 24 and 54 iterations to find a solution to instances 2 and 3. This
number drops to 15 iterations for instance 4. On average, a single iteration of
the PC takes less time than an iteration of the GPC, but due to the larger
number of iterations required, the overall running time for the PC is always
larger.

Instance 5 is the odd one out, as it only takes one iteration of the PC to
find a feasible solution, and, as for the other instances, the running time for
the single iteration is shorter.

Results and Discussion

The experiments show that for most of the instances the GPC performed bet-
ter than PC in terms of running time and number of iterations. To be more
specific, one iteration of the GPC is slower than one iteration of the PC,
but the number of iterations required by the PC' is always higher, and there-
fore the overall execution time is longer. As the instances become larger, the
gap between the running time for one iteration of each method increases too.

IThe implementation of the GPC presented in Section and the problem instances are
available in the UNSAT _Core folder at https://github.com/sabinoroselli/VRP.git|
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6 Conclusions

However, since the number of iterations required for more complex instances
grows as well, the GPC' shows increasing good performance for harder-to-solve
instances. On the other hand, Instance 5 shows a different result, since both
the PC and the GPC take only one iteration. As for the other instances, a
single iteration of the PC' is faster, hence the PC beats the GPC on Instance
5. We can conclude that for some instances, the PC may be able to quickly
find feasible solutions and outperform the GPC. However this is behaviour
is highly dependent on the instance and as instances grow larger the chances
could grow smaller, as the number of possible paths available increases. More-
over, a detailed analysis of the solutions to the Path Changing Problem for
each instanceE| confirms that, for the PC, there is no convergence to a feasible
solution as the number of iterations increases, since the number of conflicts
does not always decrease at the following iteration. On the other hand, the
GPC shows a consistent behaviour as it always takes only one iteration to
find feasible solutions.

Table 1: Comparison of the PC and GPC over a set of instances of the CF-EVRP.
For each instance the number of iterations and the total running time (in
seconds) required to find a feasible solution is reported.

Iterations Time
st. [N IRl IKl “pe gpc Pc GPC
1 3 2 4 2 1 0.25 0.16
2 8 3 6 24 1 8.81 0.40
3 5 4 8 54 1 35.92 1.08
4 64 4 28 15 1 643.40 184.60
5 64 4 28 1 1 21.20 128.40

6 Conclusions

This paper presents an algorithm to search for conflict-free paths for a set
of routes to serve customers in a conflict-free electric vehicle routing prob-
lem (CF-EVRP). The algorithm exploits the SMT solvers’ ability to return a

2Details of the problem instances are discussed in the file Instances Results.pdf in the
UNSAT _Core folder of the Github repository.
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MUC when a formula is infeasible, to guide the search for paths. Soundness
and completeness of the algorithm are proved, and preliminary experimental
data based on a set of generated CF-EVRP problem instances are provided.
The experiments show that the new MUC based algorithm consistently finds
feasible paths taking only one iteration and significantly shorter time than
the previous naive method. Future work includes to run extensive compu-
tational analyses to strengthen the claims made in this paper, and further
development of the MUC guided paths search by improving the information
extraction from the MUC.
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