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Summary

Introduction

ORTIEC offers a varicty of advanced planning and optimization products. One of these
products is ORTEC Transport & Distribution (OTD), which helps planners to creale
an efficient (ransportalion schedule. An important element of OTD is vehicle route op-
timizalion, commonly known as the Vehicle Rouling Problem (VRP). ORTEC wishes
to extend the vehicle routing funclionality by adding realistic restrictions for the (rans-
portation of liquid load in vchicle compartments, and ultimately achicve the combined
optimization of vehicle load and routes. Furthermore, ORTEC recently acquired the
French company Inovia. and with it access Lo Inovia’s Constrainl Programming (CI)
Lools, a technology that is new (o ORTEC. ORTEC wants Lo identify how il may benefil

from applving Constraint Programming in its current and future logistical products.

Combining the need for the extension of the load assignment functionality and the need
Lo gain knowledge aboul CDP, we assess Lhe suitabilily of CI for solving the liquid load

assignment problem.

Algorithm requirements

For the combined optimization of vehicle load and routes, ORTEC s approach is to create
optimal routes, while maintaining a feasible assighment of order load to vehicle compart-
menls. This resulls in a framework in which a VRD algorithm generates vehicle routes
for visiling customers, while checking the feasibilily of adding customers Lo a route by
calling a load assignment algorithim. This framework requires that the load assignment
algorithm is very fast. Several realistic restrictions for the {ransporiation of liquid loacd
in vehicle compartments are nol incorporated in the current load assignment algorithm.
Therefore, ORTEC requires a new approach Lo solving the liuid load assignment proh-

lem.



Literature review

We review the literature Lo identifyv approaches for solving similar problems, and to de-
termine criteria for the successful application of Constraint Programming. The literature
does nol describe (;2'*11’)}')1’(')21("11(% for solving) the VRRP with such specific load assignment
restrictions.  According Lo the literature, CI is suitable for solving highly consirained
problems to feasibility. These criteria match the load assignient problem, and we focus
our atlention {o the development of a Constrainl Programming approach for solving the

load assignment problem.

Constraint Programming approach

Using Inovia’s CP tools, we develop a model with all of the required load assignment
restrictions. This model is the basis of the CI? approach, which we improve in (wo wayvs.
First, we develop new global constraints to improve the solving efficiency through better
conslraint propagation (ihe mechanism thal removes infeasible values from the variable
domaing). Testing this improvement for lwelve Lest problems reveals that using the new
global constrainls reduces the computation time up Lo 99%. Secondly, we lesl various
configurations of variable and value choice heuristics. improving the choice for variable
imstantiations. This further reduces the computation times of the CI approach for the

test problems.

Benchmark development

For an objective assessment of the CP approach, we develop an ILP benchmark ap-
proach. The TLP henchimark approach provides a perspective for both the computation
time and ¢ualitative development aspects like modeling efforts and algorithm flexibility
We compare the computation times for twelve test problems of the CI? approach to two
ILD variants: a benchmark algorithm and an equivelent algorithm. Although Constraint
Programming requires integer decision variables, this is not actually a functional recuire-
ment. Therefore, the benchmark ILT approach has continuous decision variables, as this
generally leads Lo belter resulls. To objectively compare Constraint Programming to In-
teger Lincar Programming, apart from the specific requirements of the load assignment

problem, we use integer decision variables in the equivalent ILI approach.

Performance comparison

Figure 1 depicts the computation times in milliseconds for the CIP approach and the
benchmark ILD approach for twelve realistic test problems. Figure 2 depicts the com-
putation times for the CI’ and the equivalent ILP approaches. The tesl problems are

clustered in three groups of similar parameter values. Both figures represent these clus-



tors in increasing order of parameter values. We observe two trends: (1) the CT approach
performs worse for larger parameter values, and (2) both TLD approaches perform hetler

for the larger parameler values.

For the purpose of the load assignment algorithmm, fast identification of problem infea-
sibility 18 just as important as finding a feasible solution. To tesl the behavior in case
of various degrees of problem infeasibility, we svstematically increase the infeasibility of
four lest problems by reducing the cumulalive compariment capacily in steps of 10%.
Table 1 presents for all three approaches the degree to which the problem is infeasible.
that is detected within 1 sccond. For cach problem and algorithin approach it holds that
if the gap Lo feasibility is smaller than the percenlage that is indicated in the Table 1. it

takes more than 1 second 1o detect infeasibility.

Performance comparison
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Figure 1: Computalion times (ms) CI and benchmark ILDP solutions

| | cr | Benchmark ILD | Equivalent ILDP |
p_1 1|70% 20% 20%
p_2 1| 30% < 10% - 10%
p_3_ 11 70% < 10% - 10%
p_4 1| 30% < 10% - 10%

Table 1: Degree (%) of problem infeasibility that is detected within 1 second
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Figure 2: Compulation times (ms) CI and equivalent ILD solutions

Conclusions and recommendations

The CP approach is generallv slower than the henchmark ILD approach, and the equiva-
lent ILT approach is faster for the larger problem variants. Both ILD approaches outper-
form the CIP approach for infeasibility detection. The compulation time is a weakness of
the CT approach. Ilowever, all three approaches are oo slow for the successful combi-
nation with a VRI algorithm. The long computation times of the CI approach relates
to the size of the domains of the decision variables. Despite powerful global constraints
Lo prune inconsistent domain values, and heuristics for ‘smart” variable and value choices
for instantiations, the CT approach still enumerates feasible order amounts from lime (o
rime. As order sizes Incrcase, this cnumeration becomes very inefficient. Therefore we
conclude that the CP approach is nol suitable for integration with the VR algorithm

to achieve the combined oplimization of load and routes.

The strength of Constraint Programming is the expressiveness of the global constraints.
CP allows the (ranslation of complex problem relations Lo a relatively simple model, while
maintaining a flexible algorithm. The solving mechanics of CI” are not based on strong
mathematical principles, making the compulation lime its major weakness, especially

for problems with a large feasible region. We advise to use Constraint Programming in



situations that require a flexible algorithm, with complex relations that benefit from the
global constraints, and where compulation time is less important. Potentially successful
applications for ORTEC are variants of the load assignment problem that do not allow

load division. workforce scheduling, and tactical roule planning.



Chapter 1

Context Description and Research

Design

1.1 Context description

ORTIEC is one of the largest providers of advanced planning and oplimization software
products and consulting services in the world. More than 700 employees work on prod-
ucls and services that result in optimized fleel routing and dispatch, vehicle and pallet
loading, workforce scheduling, delivery forecasting, and nelwork planning. ORTEC has
two divisions: Logistics and Iinance. ORTEC split in 2008, making both divisions for-

mally independent. This rescarch project takes place at ORTEC Logistics.

ORTEC recently acquired the French company Inovia, a company specialized in applving
Constrainl Programming Lo solve a variely of logistical problems. Constraint Program-
ming is relatively new to ORTEC. Therefore ORTIEC is interested in gaining knowledge
about Constraint Programming in general, and wants to identify how to benefit from
applving Consiraint Programming in its current and future logistical products. To this
end, we study Constraint Programming. by applving il {o an important sub problem in

one of ORTEC’s main products, ORTEC Transport & Dislribution.

ORTEC Transport & Distribution (OTD) is a planning system that provides the neces-
sary Lools Lo support planners in creating an efficienl (ransportation schedule. Tt deals
with maltlers such as time frames for loading and unloading, availability of materials
and drivers, transportation costs, and (route) optimization. OTD is capable of handling
large and complex scheduling problems, enabling many planners Lo work simultaneously

on the same schedule.
A kev clement of the functionality of OTD is vehicle route optimization, comimonly

11



12 1. Context Description and Rescarch Design

known as the Vehicle Routing Problem (VRTP). The Vehicle Routing Problem is known
to be difficult Lo solve, being at the same lime a very important model for praclical issues
in lransportation logistics. An assumplion that is commonly mace in solving the VRT is
that the load behaves addilively: the capacily used by (wo secquential pickups is the sum
of the sizes of the corresponding load. This assumption is not alwayvs correct in practice.
since the used capacily may depend upon the way the vehicle is loaded. In particular
this is the case when vehicles are divided into compartments. Then the delermination of

an admissible assigniment of load Lo compartmenls becomes itself a difficult problem.

The cirrent version of OTD has some functionality to support load assignment to vehicle
compartments. Iowever, OTD lacks specific restrictions for liquicd load transportation,
and it only supports routes in which all customer orders are picked up before the first

delivery takes place.

ORTLEC wishes 1o extend the load assignment functionality in OTD wilh respect Lo
transportation of liquid load, to provide more realistic planning options to its clients.
The ultimate goal is 1o combine the extended load assignment algorithim wilh the VRD
algorithm, achieving combined optimization of load assignment and vehicle routes. i.c..
solving the Multiple Compartment Vehicle Routing Problem (MC-VRTP). The emphasis
in this research project is Lo model and solve a realistic load assignment problem, incor-
poraling restrictions for the transportation of licuid products in vehicle (rips with mixed
order pickup and delivery. using Inovia’s Constraint Programming tools. We discuss all
Lknown technology Integer Linear Programming. The actual integration of the proposed
load assignment approach with the current VRI algorithm in OTD is outside the bounds

of this rescarch project.

This chapter describes the context, goals, and design of this research project. The chapler
is built up as follows. Section 1.2 briefly introduces the load assignment problem. Section
1.3 describes the current load assignment algorithim in OTD. Section 1.4 introduces the
recuired extensions of load assignment algorithm. Scction 1.5 presents the goals of this
project and the research questions following from these goals, and describes the approach

to solving the load assignment problem.

1.2 Introduction of the load assignment problem

OTD assists planners Lo construct a {ransportation schecule, assigning customer orders

to vehicles from a fixed heterogeneous fleet. An order consists of an amount of a product

that has to be moved from one address to another. We consider the specific situation
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where the products of the customer orders are liquid, and the transportation requires
vehicles with compartments fit Lo carry liquids. An example of liquids transportation is
the delivery of fuel to gas stations by tank (rucks. Planning the transportation of one or
multiple of such orders in a vehicle combinaltion recuires Lhe assignment of the amounts
of the products to vehicle compartments. This is what we refer to as the load assignment
problem. A load assignment slales for each order, how much of the order load is assigned

to which compartment(s). Chapter 2 provides a more elaborale problem description.

1.3 Current load assignment in ORTEC Transport & Dis-
tribution

The current load assignment functionality in OTD supports the assighment of customer
orders to vehicle compartments with the following restrictions. It is both possible (hal
one order is assigned Lo mulliple compartmentls and that mulliple orders are assigned
to the same compartment. ach compartmenl may only be assigned one product. The
assignment of customer orders to compartients must respect for every compartment
its volutne capacity. Finally, the current load assighment functionalily requires that all
customer orders are picked up (loaded) before the first order is delivered. We refer Lo
the problem with this restriction as the dustribution problem. and lo a model with this
Limitalion as a distribution model. For the siluation where orders are picked up al different
addresses this requirement severely limits the amount of possible vehicle routes. In the
currenl. OTD the assignment of orders o compartments is performed by an algorithm

calledd CompartX.

1.4 Required extensions of the load assignment functional-
ity
The new load assigniment functionality should support the following resirictions that are
relevant for transporting licuid load:
o upper and lower bounds to the allowed weight on vehicle axles,

e a maxitnum weight capacity of the transporling vehicle besides the volume capac-
ities of its compartments, and
o rules that require the vehicle compartments to be almost cmpty or almost full, if

the vehicle is (ransporting hazardous products.

Also, ORTEC wants Lo remove the distribution model resiriction, allowing pickups and

delivers to alternate in any way. as long as an order is picked up before it is delivered.
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These changes apply to the functionality of the load assignment algorithm itself. ORTEC
also intends to use the loacd assignment algorithm in a different way. Currently, OTD calls
the load assignment algorithm if a planner manually plans (o (ransport a sel of orders by
a combination of vehicles: in such a case the VR algorithm returns the optimal route
and the current load assignment algorithm CompartN relurns an assignment of orders
to vehicle compartments if a feasible assignmenl exisls. Besides this use, ORTEC aims
to support the combined oplimization of routes and load assignment in fulure versions

of OTD.

To achieve the combined optimization of vehicle routes and load assignment, solving
the Multiple Compartment Vehicle Routing Problem wilh restrictions for liquid 1(');1(1, the
new load assighment algorithm will be combined with the current VRD algorithm. In
stiich a framework, the VR algorithm will frequently call the load assignment algorithm
to verify the feasibility of adding a customer o a trip. For practical use of this combined
algorithm, the allowed computation lime is resiricted. Therefore, the time it takes the
load assignmenl algorithm to determine a feasible load assignment is an immportant factor.
Throughout this report we constantly aim to optimize the speed of the proposed load
assigntnenl approaches.

Section 2.3 describes the CompartX algorithm in more detail, and we argue thal the
recuired load assignment algorithm differs too much from CompartX to simply modify

il.

1.5 Research outline

1.5.1 Research objective

We identify on the one hand ORTEC’s wish to gain more knowledge about Constraint
Programming and find suitable applications, and on the other hand the need to develop a
new loac assignment algorithm. This research project aims Lo achieve both, and therefore

we formulate the following research objective:

The objective of this research is o assess the suitability of Conslraint Program-
ming for modeling and solving the Load Assignment problem. and Lo identify the

criteria for successtul application of Constraint Programming for ORTEC in general.
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1.5.2 Goals and research questions

To meet the research objective this research consists of the following parts: (1) an as-
sessment of the suitability of Constraint Programming for solving the Load Assignment
problem hasec 1 on a detailed problem analyvsis and a literature review, (2) an in depth
analvsis of Constraint Programming by applving it o solve the load assignment prob-
lem, (3) an assessment of the Counslraint Programming approach for solving the load
assignment problem by comparing it o a benchmark technology, and (4) an analysis of

the suitability of Constraint Programming for practical applications within OQRTEC. For

each part we formulale one or multiple goals and research ¢uestions.

The first goal is to provide a formal descriplion of the load assignment problem, and
lem description. we formulate an ILT model for the liguid load assignment problem,
based on an ILD model of the distribution problem. This goal leads o the following

cuestion:

1. ITow should the ILD model for the distribution problem be modified Lo represent
the liquid load assignment problem?

Chapter 2 presents the formal problem description, a detailed context description, and

an 1L model of the load assignmenl problem. Furthermore, we argue why we choose Lo

develop a new load assigniment algorithm instead of modifving CompartX.

Fxperts in the field of algorithm development within ORTEC believe that Constraint
Programming might be a suitable approach for solving the load assignment problermn.
Constrainl Programming is an exact method, suitable for solving highly constrained
problems Lo feasibilily (instead of oplimality), and is often used for assignmenl problems.
To identifv common approaches for comparable problems, and to assess the suitability

of Constraint Programming for the load assignment problem, we review the literature.

The second goal is Lo identify which algorithmic approaches (heuristics, ILD, Conslrainl
Programming) in general are most suitable for solving comparable routing and load as-
signiment problems, which leads to the question:
2. Ilow does the literature propose Lo solve comparable routing and load assignment
problems?
The_third goal is 1o delermine whelher the characteristics of the load assignment problem
are appropriale (o apply Conslrainl Programming. This goal leads o the following

cuestion:
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3. Is Constraint Programming a suitable technicque for modeling and solving the load

assightnent problem?
And the sub questions:

(a) Which criteria determine the suilability of Constraint Programming?

(b) Does the load assignment problem meel Lhese criteria?

Chapter 3 presents the outcome of the literature review, answering rescarch ¢uestions 2

and 3.

ORTEC wants o gain knowledge aboul problem solving with Constraint Programming,
especially with the Inovia tools, and how Constraint Programming differs from other
technicues such as Integer Linear Programming. The fourth goal of this research project
is to model and solve the load assignment problem with Constrainl Programming. This
goal enlails exploring modeling possibilities, developing and implementing a Conslrainl
Programming model, and testing the computational speed of the CP approach. This

goal leads to the following rescarch question:

4. TTow can the load assigniment problem be solved with the Inovia Constraint Pro-

graming Lools, and how does the solution perform?
And the sub questions:

(a) How can the load assignmenl problem be modeled?

(b) Tlow fast is the Consiraint Programming approach in terms of the required
compulation time for test problems?

(¢) Tlow can we improve the speed of the Constraint Programming load assign-

ment approach?

Chapter 4 describes the development of a Constraint Programming approach for solving

the load assignment problem, and presents the resulls of solving various Lest problems.

To objectively assess the Constraint Programming approach. we develop a benchmark
algorithm using a well known technology. The fifth goal is (o compare Conslraint Pro-
gramming (o Inleger Linear Programming wilh respect to both qualitalive aspects such
as mocleling flexibility and ease of use, and the compulational speed. We formulate the

following c¢uestion:

5. What are the advantages and disadvantages of modeling and solving a problem

with Constraint Programming compared to other methods such as ILDP?
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And the sub ¢uestions:

(a) Tow should the current ILD approach for the distribution problem be modified
to solve the liquid load assignment problem?

(h) Ilow docs the computational speed of the ILD approach compare to the speed
of the CT* approach?

{¢) What are the qualitative differences between Constraint Programming and

Integer Linear Programiming?
S S S

Chapter 5 presents an ILP approach for solving the loacd assignment problem, discusses

the test results of this algorithm, and compares both qualitative and quantitative aspects

¢
<

of the CP and ILD approaches.

The sixth goal of this research project is Lo determine opportunities for ORTEC Lo apply

Constrainl Programming. Chapler 6 answers the following question:

6. For which tvpe of applications might Constraint Programming be appropriate, atd

whal are concrele opportunilies for ORTEC?

To conclude this report, Chapter 7 presents the conclusions of this research project.



Chapter 2
Problem Description

Chapter 2 presentls the complele description of the load assignmenl problem introduced
in Section 1.2. Section 2.1 provides definitions and examples of the concepts that we
frecuently use throughout this report. Section 2.2 presents the complele problem de-
scription and the assumptions. Section 2.3 describes the functionality of CompartX.
Section 2.4 presents an Integer Linear Programming formulation of the load assignment

problem.

2.1 Frequently used concepts

We use some concepls very frequently throughout the report in the discussion of the
problem and the approaches for solving the problem. This section provides a definition

for these concepls Lo prevent any confusion aboul what we mean.

Order

An order consists of a cerlain amount of one product, required to he moved from a
starting (pick up) address o a finish (delivery) address. To execule an order, a vehicle
should pick up the total amount of the order product at its pick up address, put the
product in one or more of ils compartments, drive to ils finish address, and deliver
the total amount of product. The relevant information for one order is the amount of
product, and ils pickup and delivery addresses. Figure 2.1 displays an example of four

different orders.

Resource, resource combination, and configuration

We refer Lo (ruck, (railer, and driver as resources. We refer to an arrangement of resources
used Lo Lransporl orders as a resource combination (see Figure 2.2 for an example).
Resources will have a fixed arrangement of compartments, which we refer (o as the

configuration. The configuration has a weight capacity. Furthermore. cach compartment

18
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Orders
[ Order1 | [ Order2 | [ Order3 | [ Order4
Amsterdam Den Helder Amsterdam Breda >
- Breda - Breda - Utrecht Utrecht
Product B
Product A Product A Product C

Figure 2.1: Example of 4 orders

Resource combination with 5 compartments

Figure 2.2: Ixample of a truck with a 5 compartment trailer

has a volume capacily. Often, the complele arrangement of resources is not relevant for
the discussion as we are only nterested in the associated compartments that can hold
products. One exceplion is a resource combinalion in which both a truck and a trailer
have compartments. Figure 2.3 depicts an example of such a resource combination. For
this case Lhe arrangement of resources is relevanl with respect o the weighl contribulion
of compartments to resource axles: load in compartments of configuration B does not
contribute weight to the axles carrving configuration A. These resource combinations are
not common in Furope, bul occur frequently in larger counlries such as the USA and

Australia.

Trip, stop, and section

A (rip consisls of one or multiple orders. scheduled (o be transporied by a resource

combination. DBasically a trip Is a scquence of stops. Lach stop occurs at a different

Resource combination with two configurations

Configuration A

Configuration B

N SO 6 7 N

Figure 2.3: Example of a resource combination with two configurations
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=

A trip with 4 orders

Home - Den Helder

Amsterdam - Breda

Tigure 2.4: Example of a (rip with 4 orders

address, and at cach stop, onc or multiple orders arce picked up, delivered, or both.
Order pickups and deliveries may allernale as long as the delivery of a specific order
is scheduled after the pickup of thal order. Following the example of the 4 orders in
Figure 2.1, a resource would make the trip ‘home - Den Ilelder - Amsterdam - Breda
- Utrecht - home’. Figure 2.4 shows a possible state of the resource after cach pick up
and delivery. Notice that two orders (both of product A) arve delivered before the fourth
order (of product C) is picked up. Applving the disiribution model, the truck would
have been sent Lo Breda (o pickup order 4 first, before delivering all orders. The (rip
is divided in sections: one scction between every pair of consecutive stops, representing
each combination of orders on hoard of the resource combination. Figure 2.5 indicates
the different sections on a map for the trip from the previous example, where the home-
location is Haarlem. Inlersected lines incicale the resource-combinalion is emply, non-

intersected lines indicate the resource combination s carrving load.
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“#Rotterdam
o

Figure 2.5: Example of stops and sections in a (rip



2. Problem Description

Load

We refer (o the amount(s) of product(s) of one or multiple orders as load.

2.2 The liquid load assignment problem
This scction describes in detail the background of the relevant aspects of the problem.
2.2.1 Problem formulation

If an order is planned in a lrip, the load is assigned Lo the compartments of the resource

combination. Ience, the starting point for load assignment is:

A set of orders Lo be transported in a resource combinalion

A set of compartments to which the products of the orders have Lo be assigned

The objective is to oblain a feasible load assignment. We do nol consider any costs.

Before any amount of load is assigned to a compartment. the order - compartment com-

palibility needs o be checked. This compaltibility applies (o the entire (rip. We allow

scheduling a new trip with a resource combination that has not been cleaned after the

previous use. Also. we allow scheduling the remainder of a (rip, meaning that the plan-

ner has already manually assigned one or multiple orders Lo the resource compartments.

Therefore, the order - compartment compatibilily depends on the following aspecls:

The cleaning history of the compartment: if a compartment was not cleaned after
previous use, it is only compalible with orders of the same product thal was previ-
ously assigned Lo the compartment. We assume (hat no cleaning takes place within

a trip.

If the planner has fived (part of ) an order to a compartment. it cannot be moved to
another compartment Lo optimize the load assignment anymore. By fixing an order
in a compartment, the planner forces this order Lo be assigned Lo that compartment.
Notle thal il is allowed Lo pul other orders in the compartment. as long as all other

restrictions are satisfied.

The current load pre-assigned to the compartment: it is only allowed to assign load
of multiple orders to the same compartment if they are the same product, even
afler the currenl order has been delivered (due Lo contamination). The difference
belween pre-assigned load and fixed orders, is thal pre-assigned load is already

actually present in the resource combination before picking up the first order from
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the set of orders that are to be scheduled, while an order fixed in a compartment
must be parl of the sel of orcers thal arve Lo be scheduled. Tlence, al the start of
the trip, pre-assigned load is already in the resource combination, fixed orders are

nol.

o For Single Order compartments, it is not allowed to pul loacd of different orders
together in that compartment. even if the product is the same. The previous (wo
be assigned to Single Order compartments in sections where these compartments

do nol contain fixed or pre-assigned orders.

<

o Allowed mayimum temperature of the compartment: the loading temperature of
the product may not exceed the allowed maximum temperature of the compart-
menl. The maximum lemperature of a compartment is independent of neighbor-
compartments. We do not consider restrictions with respect to temperature differ-

ences in adjacent compariments.

o The resource availability at the pickup and the delivery location: the schedule may
recuire a (railer 1o be decoupled al some point in the trip, making loading the

trailer for pickups or unloading the trailer for deliveries impossible.

Note thal these aspects only indicate whether an order is allowed in a compartment, nol
whether it fits. These checks result in a compatibility matrix, which is used (as input) to

make the actual load assignment. For the actual loacd assignment, the following aspects

are considered.
e The orders can be divided over several compartments.

o The compartmenl (residual) capacity should not be exceeded by the amount of

assigned product. This capacity is measured in volurne units.

o For Single Order compartments, in each (rip section only one order can be assigned

to these compartments.

e The tolal weight on each wheel-axle of the resource should not exceed its minimum
or maximum allowed weight. A violation of minimum axle weight may occur if
load assigned to a compartmenl located behind the last axle makes the resource

Ll (see Figure 2.6).

O
<

e The resource weight capacity should not he exceeded. This restriclion may seem
redundant at first, as there is already a volume capacily per compartment. ITow-
ever, il is possible that the sunmed weight of the load in the compariments exceeds

the weight capacity of the whole resource.
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Figure 2.6: Possibility of vehicle (ilting

o Apart from the maximum capacity, two other volume restrictions mayv be relevant
for a compartment: in case the product is dangerous, the compartment should
either be almost emply or almost full. This means the load should be either smaller
than the ‘maximum almost emply percentage’” or larger than the ‘“minirmum almost
full percentage’. These are refarred to as wllage rates and provent dangerous shifting
of load in case of dangerous liquids transport. Some companics apply the ullage

rale rules (o all liquid productls, whether they are considered dangerous or not.

The current load assignment funclionalily does nol incorporate the last three issues. This,
and the removal of the distribution model restriction, constitute the required functional
extensions. An effect of these changes is thal the feasibility of the load assignment has
to be checked for each trip section. Altogether this means thal CompartN in its current
form is nol sufficienl anymore. Section 2.3 explains why we do nol redesign Compar(X

to incorporate the new functionality.

2.2.2 Optimization criterion

The main goal of load assignment is (o oblain a feasible solution in very little computation
time. Any solution that satisfies all conslraints is acceplable and there 1s no optimization

criterion.

2.2.3 Assumptions

We will restrict the calculation of load assignment (o the case thal the (relevant) resources
are fixed for the (rip. This means that the compartment configuration does not change

within a trip and neither do the weight restrictions on the wheel axles.
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The current load assignment functionality

Orders > Demands
Order 1 \ \ Order 3 \ \ DemandA\ \ DemandB\

Product A Product B Product B

Product A

Product C

[ Order2 | [ Order4 |

Product A Product C

Figure 2.7: Orders converted o demands

2.2.4 Required computation time

For the successful combination of the VR and load assignment. the computation time
required lo determine a feasible load assignment is an important factor. Testing and
improving the performance of the algorithmic approaches is an important goal of this

research project.

2.3 The current load assignment functionality

To describe the context of the current load assighment functionality, two subsystems
of OTD are relevanl: the COMTEC Distributed Calculation System (CDCS) and the
COMTEC Oplimization System (COPS). CDCS manages the actual schedule of planned
trips and all data that is necessary to maintain a feasible schedule. CODPS is the sub-
svstem that performs all necessary oplimizations and assignments stich as shortest path

calculalions and load assignment.

Tvpically, CDCS and COPS interact for various planning acltions. Consider for example
planning a new trip in which several orders are picked up at one location and delivered
at their destination. The planner chooses one or multiple orders and a combination of
a lruck and (railer to transport the orders. CDCS then gathers all relevanl dala. wraps
it up in a command. and sends it to COPS (o come up with a feasible load assignmment.
COPS cither returns a feasible load assignment, or a warning that there is no feasible load
assignment. CompartX only supports situations in which all order pickups are planned

before the first order delivery.

To illustrate why it is not trivial to add the new functionality to CompartX, this scction
provides a short description of the algorithm. The input for CompartX consists of a
sel of orders, a sel of compartments, and the compartment-order compatibility matrix,
subject Lo the same rules as mentioned in Section 2.2. ComparlX converts orders in

demands of equal products, summing the quantity of cach product as depicted in Figure
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2.7. In CompartN a Dynamical Programming algorithm then assigns these demands to
compalible resource compartments, dividing the volume of a demand over several com-
partments if necessary. If no compartment capacity is violaled, CompariX retuwins the
assignmenl of demands to COPS. which in turn converts il Lo an assignment of separate
orders to compartments. The assignment CompartN returns to COPS states for cach
compartmenl whelher or not it is used for a demand. Figure 2.8 depicts the currenl loacd

assignment function and interface in OTD.

CompartX only checks the assignment of demands to compartments, basically check-
ing the situation after the last pickup in the distribution model. CompartX does not
consider every unique combinalion of orcers that is present in Lhe resource at some time
the resource is driving, while ullage rates and axle weights aclually depend on the as-
signed amounts of these specific order combinations. Furthermore. CompartX is 1ol
capable of dealing with pickups after deliveries: CompartX considers the load of all or-
ders as actually loaded al the same time. This makes thal adding the new functionality

to Compart X would recuire such a radical redesign that we do not consider this oplion.

<

Planner plans a new
order in a trip.

CDCS receives the command COPS composes a CompartX assigns the load to

and identifies relevant
parameters . It sends a
command to COPS with

compatibility matrix based on
the parameters, and sends it
in a command to CompartX .

compartments if restrictions
are not violated, and returns
the load assignment .

these parameters .

Compatibility Matrix

5, COPS and Compart X

Figure 2.8: Inlerface between CDC

2.4 ILP problem formulation

The problem of assigning load Lo compartments of resources used in Lrips is caplured by

the following ILD model, derived from the current OTD ILD prototyvpe for the distribu-

tion model.

Some of the constraints have o be satisfied for everv combination of load that is ac-
tnally transported by the resource combination. This is modeled by dividing the (rip in

sectlons, where a new scction starts whenever the set of orders on board of the resource
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combination changes. All scetions together therefore cover all different order combina-

tions thal are on board al some (ime of driving.

Sets

Orders

Regular Compartments

Single Order Compartments

Compartments
Axles
Configurations

Seclions

Parameters

Demand;
MazxVol;
Maz AlmostEmpty%;

MinAlmostFull%;

MazWeight Axley,
MinWeightAxley,
MaxWeightConfig

Weight;

wjk
CompInCon figj

OInS;y,

Decision Variables

Set O (indezx 1)

Set CE (indezx j)

Set C° (index j)

Set C = CRUC? (index 5)
Set A (index k)

Set F (index I)

Set S (index m)

Requested amount of order ¢ (liters)

Maximum capacity of compartment j (lilers)
Maximum percenlage to which compartment j
may be filled when almost empty: lower ullage
rale

Minimum percentage to which compartment j
should be filled when almost full: upper ullage
rale

Maximmun weight allowed on axle k (kilograms)
Minimmun weight allowed on axle k (kilograms)
Maximum capacily of configuration [
(kilograms)

Weight of 1 liter of order ¢ (kilograms)
Contribution of the weight of the load in
compartment j (o the total weight on axle k
Binary parameter: 1 if compartment j is parl
of configuration [. 0 otherwise

Short for OrderInSection,,; Binary
parameler: 1 if order 4 is (ransporied in seclion

m, 0 otherwise

Tij Quantily (in liters) of order ¢ assigned to compartment j
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Auxiliary Variables

1 if (part of) the order ¢ is assigned Lo compartment j
5@']‘ =

0 otherwise

1 if compartment j in section m is loaded above the ullage rate upper bound
Zim =

0 if compartment j in section m is loaded below the ullage rate lower hound

Objective function
We are only inlerested in finding a feasible solution, therefore we do not specifv an
objecltive function.
Constraints
Deliver the amount the customer requires:
E zi; = Demand; Vi (2.1)
jec

If any (non-zero) amount of order ¢ is assigned to compartment g, d;; should be 1:

zi; — min {Demand;, MazVol;} - 6;; <0 Vi, j (2.2)

For single-order compartments, in each seclion only one order may be assigned (o the
compariment:
- . S
E 035 OInS;, <1 VYm,j € C {
€0

[
<o
=

Respect compartment capacity:

Z:L‘,-j -OInS;m < MaxVol; Vi, m (2.4)
€0

The load in compartment j should be less than the lower ullage rate:
Z:L‘ij - OInSim — MaxVol; - zjm < MazVol; - MaxAlmostEmpty%; Vi, m (2.9)
€0

or:

The load in compartment j should be larger than the upper ullage rate:
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Z zij- OInSim+ MazVol; - (1—zjm) > MazVol;- MinAlmostFull%;  Vj,m (2.0)
€0

Load may nol exceed the maximum weight capacily on axle k:

ijk Z:L‘ij - OInS;y, - Weight; < MazWeight Azles Vk,m (2.7)
jecC i€0

Load should exceed (he minimum weight allowed on axle k to prevenl tilting of a resource

(see Iigure 2.6):

Z Wik Z:L‘ij - OInSiy, - Weight; > MinW eightAzxley, Vk,m (2.8)
jec €0

The total weight in the configuration should be less than configuration capacity:

Z Z zij-OInS;m, - Weight;-CompInCon fig;, < MaxWeightConfig, vi,m (2.9)
jeC ico

The following constraints represent the order compartment compalibility malrix:

055 =0 For all orders i and compartments j thal are not compatible (2.10)
Furthermore, for orders 4 and ¢/ that cannol be pul in the same compartmenl hecause of
different products, the following conslraint applies:

di5 + (5,'/]' <1 Vj (2.11)



Chapter 3

Literature Review

The literature review serves two goals for this research project. The first goal is to
identifyv which realistic (multiple compartment) Vehicle Routing Problems have already
been investigated. and how they are solved. The second goal is to determine whether
Constraint Programming is a suitable technicue for solving the load assignment prob-
lem considered in this research project. This chapter consists of lwo sections. Section
3.1 presents an overview of the most relevant arlicles on Multiple Compartment Vehicle
Routing Problems (MC-VRP) and other realistic Vehicle Rouling problems. The VR
is a very well known and often described problem. Realistic applications often recuire
extending the problem, for instance adding details like compartments. The amount of
these extended problems described in the literature is limited.

Section 3.2 mentions some applicalions of Constraint Programiming (CT). Many recent
articles describe the application of CT to various vehicle routing problems, most of which
combine CT with a different heuristic or programming method such as (M)ILT. The focus
of this part of the literalure review is on identifving the typical problem characteristics
for which CD is suilable and characteristics for which CD is less suitable. Based on these
two scctions we draw conclusions whether CP is a promising technicque to solve the load

assignmenl problem.

3.1 Realistic Vehicle Routing Problems

According to our knowledge, the MC-VRRD with the various realistic constraints described
in this report has not been addressed in the literature so far. Only a few authors have
addressed the MC-VRRT or other variants of the VIR, modified (o more closelyv resemble
a real-life application. This section describes the most similar or relevant (MC-)Vehicle

Rouling Problems addressed in the literature.
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Repoussis et al. (2000) describe the following problem: a heterogencous fixed fleet of
depot returning vehicles with multiple storage compartments (ransports cifferent com-
modilies Lo a sel of customers of known demand within an interval during which delivery
has to lake place. Tach customer is served only once by exactly one vehicle. The objec-
tive is to design a minimum cost fleet mix using the available fleet composition following
roules of minimum dislance, such that vehicle (and compartment ) capacity, loading and
time wincdow constraints arve satisfied. The only compartment related restrictions used in
this model are the capacily restriction and thal only one (ype of product can be assigned

to a compartment.

Repoussis el al. propose a hybrid meta-heuristic which emplovs Greedy Randomized
Adaptive Search Procedures (GRASD) for diversifving local search and Variable Neigh-
borhood Search (VNS) for intensifving local search. The greedy randomization mecha-
nism of GRASIP is characterized by a dyvnamic constructive heuristic, adding new cle-
ments thal are randomly picked from a candidate list Lo a partial incomplete solution.
Subsecuently. the feasible solution found in each iteration is subject to local search.
This overall procedure is repeated unlil some (ermination conditions are mel. While the
GRASD procedures diversify the scarch, VNS is used as an improvement heuristic that is

tuned Lo intensify the local search. The proposed hybrid meta-heuristic has been tested

with benchmark datla sels.

Fallahi et al. (2008) also describe the MC-VRD, where cach compartment is dedicated
for only one product or a product group, sharing some cormon characteristic that ne-
cessilales separale slorage such as loading lemperalure. Each product required by a
customer must be delivered by onlv one vehicle, but the different products ordered by
onc customer may he delivered by different vehicles. The objective is again Lo minimize

total distribution costs. satisfving all constraints.

Fallahi el al. propose two methods (o solve the problem: a memetic algorithm either
or nol improved by a path relinking algorithm, and a tabu search algorithm. We briefly
describe these three concepts next.

A memetic algorithm. somelimes referred (o as genelic local search, is a genelic algorithm
hybridized with a local search procedure. The algorithm produces an initial population
IT of i well diversified solutions, sorted in ascending cost order. Until some stopping
crileria are mel. in each iteralion of the memetic algorithm {wo of these solulions are
rancdomly picked and combined to form a new child solution. With a certain probability,
the solution is improved by a local search. If the resulling solution is betler than IL,,

the child replaces solution . where inleger k is randomly sclected from [n/2, nl.
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Path relinking is a post-oplimization procedure thal starls with a small pool of high-
quality solutions, generaling a path belween each pair (A, B) of solutions from the so-
lution pool. A path is a sequence of solutions (Sp = A, Si,...,9, = B) in which A is
transformed into B by progressively introducing clements of solution B. In general, local
search musl be applied to the new solulions 81, ...,8,-1. otherwise improverments may

be incremental.

Various strategies are available to update the solution pool. Fallahi et al. construct
paths from A to B and from B to A for every disjunct pair of solutions (A, B). Evaluat-
ing every pair of paths, if the best solution C of both paths improves the best solution
S found in previous pair of paths, § = C. Afler exploring all paths, if S improves the
current worsl solution in the pool, 8 replaces this solution. The algorithm stops if no

bhetter solution 1s found.

Tabu Search is a mela-heuristic exploring the solution space by moving in each ilera-
tion from the incumbent solution S (o the best solution §” in its neighborhood N(S).
cven if solution §7 is worse than solution §. To avoid coming back to recently visited
solutions, the m lasl visited solutions are pul on a tabu list. Moving to these solulions

is nol allowed.

Fallahi ot al. test these methods on twentv well-known instances for VIRRI?, which have
been (ransformed 1o MC-VRD instances for vehicles with two compartments by splitting
the requests of customers in two amounts. The test results are compared Lo the results

of classical VIRP solulions.

Chajakis and Guignard (2003) discuss the MC-VRD and mention two applications: trans-
porting licquids (or gas) as in the oil industry, where compartments are necessary Lo avoid
mixing the load. and delivering products Lo convenienl stores, where compariments are
used to keep productls al different temperalures, also menlioned by Fallahi et al. (2008).
The authors onlv mention the necessity of compartments for liquid load transport. Test
problems of the convenlenl store delivery problem are solved using Lagrangean relax-

ations of the inleger problem formulalion.

Abdelaziz et al. (2002) describe a MC-VRT (without time windows) for delivering lic-
uid fuels, resembling the problem addressed in this report. Starling from some initial
solution, they propose a Variable Neighborhood Search (VNS) algorithm o oblain a
near-oplimal solution. The heuristic is tested with only one small problem instance and

nothing is mentioned aboul running lime.
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Semet and Taillard (1993) Lackle another real life VRRD, describing a delivery problem Lo
45 Swiss grocery stores wilh 70 to 90 orders, occupyving a heterogeneous fleet (without
compartments) with volume and weight loading restriclions, time window resirictions,
truck; trailer compatibility restrictions and grocery store, truck-trailer compatibility re-
strictions. The objective is Lo minimize distribution costs. An initial feasible solution
L),

first clustering customers and then solving a TSP for each cluster. To improve the so-

is oblained with a constructive heuristic based on that of Fisher and Jaikumar (1
lution. a Tabu scarch heuristic is applied, in which an iteration consists of removing a
customer from one trip and adding it to another. A dummy trip contains orders that
are not assigned to a real (vip. (including orders in a dummy trip, conlaining orders that
are canrently not assigned Lo any existing (rip). Several Lesls are reported, changing the
Tabu search paramelers and some other model variants. The running times of these lests
vary from approximately one to ten minutes.

The algorithms mentioned above all extend the classical VRD with some characleristics

:,
to make the model applicable Lo (more) realistic logistical problems. These exlensions
include dealing with multiple compartments. time windows, and some simple loading con-
straints. SUll we do not choose to apply one of the described approaches for a number
of reasons. First, none of the described problems incorporate such specific and detailed
loading restrictions as compartment ullage rates (for dangerous liquid products) or min-
imum and maximum axle weights.  Bach of the mentioned algorithms would require
extensive re-design to incorporate these resirictions, while the performance and hehav-
ior of the mentioned algorithims may suffer from the modificalions. Second. we would
not take advantage of the current VR algorithm present in OTD. Third, as our load
assigninent problem itself is a hard problem {o solve, we think a better approach is o
consider the load assignment problem separately. developing a ‘modular’ algorithm that

can be combined with the cirrent VRRI” algorithm or be used stand-alone.

ITaving decided (o solve Lhe load assignment problem separalely, we slill need to de-
termine a suitable technology.  Section 3.2 discusses some applications of Constraint
Programming (o idenlifv the specific problem charactleristics for which Conslraint Pro-
gramining is a suitable problem solving technicuue. Based on the analvsis in Section 3.2,
we are able (o conclude whether tackling the load assignment problem with Conslraint

Programming is a sensible idea.
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3.2 Constraint Programming applications

Constraint Programming (CT) is a method for representing and solving a wide variely
of problems. Problems are expressed in lerms of variables, domains for those variables
and constraints between the variables (Backer et al., 2000). CP appcars to be an ap-
propriale ltechnique Lo use in case of highly constrained problems, and therefore seems
a suilable approach Lo solve the load assignment problem described in (his report. We

found evidence in the literature supporting this assumption.

Shaw (1998) indicares that CT appears to be a good technology to apply to VRRPs
because of the abundance of side conslraints in real-world problems. DBartdk (1999)
addresses the background of CD. explains ils fundamental conceptls, and mentions appli-
cations and linitations. According to Bartak, assignientl problems were the first (ype
of industrial application solved with CI and scheduling problems are ‘probably the most

successful application area’ for CD.

Limitations Lo CI are thal the efficiency of constrainl programs is unpredictable when
applied to problems with a large solution space.  Also, cost optimization may cause
problems: somelimes it is very hard (o improve an initial solution, and even a small
improvemenl may take much more time than finding an initial solulion. Backer et al.
(2000) support these remarks, stating CI? is an ideal candidate for (solving) VRPs due
to the richness of the language used to express problems. but that it can be too time

consuming Lo solve problems of practical size of the NP-hard VR Lo optimality.

We make (hree observations:
1. CP seems very suitable for highly constrained problems;
2. Algorithm efficiency is unpredictable for problems with a large solution space;
)

3. Cosl oplimization may cause problems (conlrary Lo just finding a feasible solution).

The many applications of CP reported in the literature seem to justifv these observations.
Although the applicability of CT is confirmed by various authors, it is scarcely used as
a stand-alone method Lo solve an entire problem. As Lambert (2004) recognizes, current
efforts in CI* appear Lo be oriented Lowards combining CI with classical Operalions Re-
scarch (OR) approaches and heuristics (hybrid approaches) in an attempt to ‘capitalize
on their respective strengths’.

An example is the combination of CP with Mixed Integer Programming, in which a

problem is split in a master problem and sub problems. the former being solved with CT?
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and the latter with MID, or vice versa. Corréa et al. (2007) present a literature overview
of applications of such hyvbrid CT MIP mocdels. Besides the combination with MID, there
is a large variety of hybrid models describec in the literature, combining CT* with various
(meta-)heuristics such as Local Search. Tabu Search, and Variable Neighborhood Search.

We mention two examples.

Shaw (1998) solves VRPs with a local search method called Large Neighborhood Search
(LNS). LNS makes moves like in local search, bul uses a (ree-based search with con-
straint propagation to cvaluate the cost and legality of the move. Shaw indicates that
by using a heavy weight technique like CT to evaluate the move, fewer moves poer second

C

can be evalualed than is normally the case for local search. Tlowever. Lhese moves can be
more powerful, moving the search further in each step (hence large neighborhood search).
Shaw uses the LNS (o solve various benchmark capacilated VRPs and VIRRPs with (ime
windows. While the results are equally good on these benchmark studies compared to
(other) O methods, the authors indicate that “CT holds more promise for tackling real-

world problems due Lo its ability to effectively address side conslraints™

Backer et al. (2000) usc a similar approach to solve VRPs: various combinations of
CP with local search (mmeta-)heuristics are tested, in which the respective local search
methods are used o search solutions and CP is used to check the validity of the polential

solulions.

Based on the observations that the algorithm efficiency is unprediciable for large (NI-
hard) problems and that cosl oplimizalion may cause problems, CT is probably nol an
appropriale method Lo use for solving the complete MC-VRIP with all load assignment
conslraints deseribed in this report. Instances of the complete problem may be Loo large,
and cost optimization is obviously the main goal of solving the MC-VRP. This observa-
tion supports the decision to relain the decomposed MC-VRI into two sub problems:
determination of vehicle routes (trips) with their assigned resources and customers, and
delermination of a feasible assignment of customer orders Lo the resources in the (rip.
The latter is a multi-constrained assignment problem for which any feasible solution is

sutficient. For this sub problem CI” seetns an appropriate modeling and solving approach.
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Constraint Programming Approach

To learn aboul Constraint Programming (CT) in general and the application of Inovia’s
CP tools specifically, we use the Inovia tools Lo model and solve the load assignment
problem. CP is a programming method that represenls the relations belween variables
in the form of constraints. These constraints do not specify the steps in which a solution
to the problem should be found, but rather they specify properties of the solution.

As mentioned in Chapter 3, Constraint Programming can be very effective for solv-
ing highly constrained problems because the solver actually uses the constraints to find a
feasible solution. In this chapter we propose a CI approach Lo solve the load assignment

problem. and apply il to several self-constructed test problems.

The chapter is organized as follows: Scection 4.1 desceribes the theory behind problem solv-
ing with Constraint Programining, emphasizing how constraints are used in the scarch for
a solution. Section 4.2 discusses the algorithm development approach and describes the
software tools used Lo model and solve the load assignment problem. Section 4.3 presents
the CI load assignmenl model, which, in conjunction with the CI solver, conslitules the
basic CP algorithm. Secction 4.4 presents a set of test problems that we use to test the
CP algorithm, and discusses our approach to testing. Section 4.5 proposes a variely of
improvements Lo the basic CI” algorithm. To determine the effect of these improvements,
we Lest mulliple CP approaches, each with a different algorithmic configuration. Section

4.6 presents the results of these tests and presents preliminary conclusions.

4.1 Constraint Programming theory

To describe how a Constrainl Programming solver works, it is necessary (o cistinguish

between (wo variants of CP: constroint satisfaction and constraint solving, differing in

origins and solving techmologics. In a Constraint Satisfaction Problem (CSDP), variables

36
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arc defined over finite domains and the solving technology is based on methods that sys-
temalically search through the possible assignments of values to variables. For constrainl
solving, conslraints arve defined (mostly) over infinite domains and solving algorithms are
based on mathemalical technicques such as Tavlor series or the Newlon melhod. We
will not deal with this last variant. The load assignment problem is, like most indus-

trial applicalions, a tvpical example of a Constraint Satisfaction Problem ( Bartdk, 1999).

A Constrainl Satisfaction Problem is defined as:
o A set of variables X = {1, .., 25},
e For cach variable z; a set Dy of possible values (the domain), and

o A set of constraints, restricting the values thal the variables can simultaneously

Lalke.

A solution is an assignment of a value o each variable from ils domain, without violating
any of the constraints. We refer (0 assigning a value to a variable as variable instantia-
tion. In a feasible solution, every variable is instantialed. The objective may be (o find

just one feasible solution, the best solution, or all solutions.

To find a solution for the problem, a CP solver repeals the following basic secquence

of steps until a stopping criterion is reached, applyving a certain logic in each of the steps:

1. Choose a variable that has nol been given a value vel, using a wvariable choice

heuristic:

2. Instantiate that variable with a value from its domain, chosen by a wvalue choice

heuristic:
3. Reduce the domains of all other uninstantialed variables by constraint propagation:

4. If the instantiation of the variable leads (o an emply domain for one of the uninstan-

tiated variables (i.e., infeasibility), backtirack and choose another value or variable.

The stopping criterion depencds on the objective of the search: for feasibility problems,
finding one or several feasible solulions may be sufficient, while optimization problems

typically require finding the optimal solution according to a specified cosl function.

The efficiency of (his enumeration sequence strongly depends on the logic that is ap-
plied in each step. Using informaltion from variable domains and constraints, algorithms
may improve the efficiency of solving the problem either by reducing the mumber of

possible choices (i.c., decreasing the problem space). or by improving the quality of the
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individual choices, thereby reducing the required number of choices to find a feasible or
optimal solution. We brieflv describe the three (ypes of heuristics that are used in the

solving sleps:

1. A wariable choice heuristic determines an appropriate variable o instantiale next.
A commonly applied rule is (o choose the variable with the smallest domain at (hal
moment, arguing that this domain has the highest probability of becoming empty

n case another variable is instantiated first.

2. A wvalue choice heuristic determines an appropriale value for the variable identified
instep 1. For example, Lake Lhe lowest value in the domain in case of a minimizalion

problem.

3. Constraint propagation is a mechanism thal removes infeasible values from variable

domains by checking the consistency of domains with individual constraints.
The amount of inconsislent values thal a constrainl propagalion mechanism, or con-
sistency technigue. removes from a variable domain depends upon the technique that is
used. Different consistency lechniques propagate different constraint types. Section 4.1.1
provides an overview of different constraint (vpes, inlrocucing the important concepl of
a global constraint. Section 4.1.2 discusses the concept of consiraint propagatlion and
mtrochuces three consistency technicues.

4.1.1 Constraint types

We distinguish 4 different (ypes of constraints, based upon the number of decision vari-

ables in the equation:
o Unarv constraints; cquations with onlv one variable, for example:
T <100 (4.1)
e Binarv conslraints: equations with (wo variables, for example:
T1 + T2 < 200 (4.2)
o Ternary constraints: equalions with three variables, for example:
T4 + T3 + 23 < 300 (4.3)
o N-arv constraints: equalions with N variables, with N > 3, for example:

1+ x9 + 23+ x4 < 400 (;—L—l)

The different tyvpes of constraints require different consistency technicues Lo prune domain

variables.



Constraint Programiing theory 39

Example: Global constraint Alldiff

Variables: w = {a,b,c}
= {a,b,c}
= {a,b,c}
{a,b,c}

x
1

N <
1

Global constraint: Alldiff (w, x,y,z) > Infeasible!

Conjunction of elementary constraints:
W#X, X#Y,
WZ#y, X¥#z,
w#z, Yy#z

All individual constraints are possibly feasible!

Figure 4.1: Example of the effect of a global constrainl

Global constraints

There is one special (ype of consirainlts that does nol relv on a specific consislency
technique for the ability to reduce domains: global constraints. Despite the intuitive
nature of the concept of a global constraint, no formal definition exists. We come to the
following ('leS(tripli(m by combining characterizations from several papers (Bf:ss“/ﬁf‘iv’f: and

Hentenryck, 2003; Bartdk, 1999).

A global constraint is an expressive condition that applies a certain relation between

variables through (he use of a domain fillering algorithm. A global constraint represents

a conjunction of several elementary consiraints, bul it has more ‘pruning power’ than

the conjunction of clementary constraints that il comprises by applving a comprehensive

(*elobal’) view on the variables.

We clarifv these characleristics with an example: Figure 4.1 depicts the global alldif-
ferent (alldiff) constraint, imposing on the variables the condition that every variable
must have a different value. For the four variables, w, x, v, and z, the alldiff constraint
can be decomposed into 6 elementary constraints as demonstrated. For the sel of elemen-
tary conslraints, a consislency lechnique would iteralively consider each of the individual
binary constraints, none of which leads to domain reduction, therefore not noticing infea-
sibility. The alldiff constraint has a filtering algorithm with a global view to the variables.

Propagating the alldiff constraint in the example therefore will detect infeasibilily.

Consistency lechnicues consider al most (wo elemenlary consirainls al the same time,

only pruning the values that are infeasible in a single constraint, or the combination of
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two binarv constraints. The filtering algorithms of global constraints have a high level
vision and are capable of detecting inconsistencies across different elementary constraints
on an unlimited number of variables. Global constrainis are Uherefore powerful tools for

solving CP problems.

4.1.2 Consistency techniques

Consislency technicques aim al checking the consislency of the currenl (partial) solution
and removing inconsistent values from variable domains. Inconsistent values are values
that cannol be part of a feasible solution, given the current state of all variable domains.
Most often, consistency technicuies are used in conjunction with a search method, check-
ing domain consistency before and during the search. There is a variety of consistency
technicues, varving in the type of constraints used to check consistency and the respec-
tive pruning power: the amount of inconsistent values discovered and removed by the
respective technicque. The most ‘wealk’ techniques onlv consider instantiated variables
(backiracking), where the more powerful techniques also consider the domains of unin-
stantialed variables. At the basis of all consistency technicues is a mechanism referred

to as constraint propagation.

Constraint propagation

Bessiere (20006) gives with the following definition of constrainl propagation: Constraint
propagation embeds any reasoning which consists in explicitly forbidding values or combi-
nations of values for some variables of a problem because a given subset of its constraints

cannot be satisfied otherwise. Constraint propagation decreases the scarch space by prun-
ing values from variable domains (hat cannot be part of a feasible solulion according lo
the constraint that is propagated. Constraint propagalion can be applied both hefore

and during the search for a solution. During the search, the mechanism of constraint

propagation pruncs values that have become infeasible after cach variable instantiation.
Properly propagating consiraints during the search prevenis many unnecessary back-

tracks, enabling more efficient problem solving.

We deseribe three different consistency technicues, differing in the tvpe of constraints
they propagate. The degree of domain consistency that a consistency Lechnique achieves,
ils pruning power, depends on the constrainl (vpe that is propagated. We present three
consistency technicues in increasing order of pruning power. The names of the technicques

refor to the graph representation of the relations between variables.
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Example: Arc Consistency

Variables: X={1,2} Consfraints: (1) X=Y
Y ={1,2} 2) Y#Z
Z={12} 3) Y>Z

lterative verification of constraints:

(1) No domain reductions

(2) No domain reductions

(3) Y=22Z=1 Remove Y = {1}, Z ={2}

(1) X=2 Remove X = {1}

Figure 4.2: Example of domain reduction using Are Consistency

Node-Consistency

Node-Consistency is Lhe simplest lechnicue: it removes values of variable domains thal

are inconsistent with unarv constraints on the respective variable.

Arc-Consistency

The mosl widely used consistency lechnicue is Are-Consistency (AC). Besides checking
Node-Consistency, Lhis lechnique removes values by ileralively propagaling individual

binarv constraints until nonce of the constraints causes domain reductions.

Consider for example three variables, X, Y, and Z, all with domain {1,2}. Furlhermore,
there arve three constraints: X — Y, XN # Z, and Y »» Z. The AC algorithm iteralively
verifies cach individual constraint. removing inconsistent values until none of the variable
domains contain values that are inconsistent with any of the individual constraints. Fig-
ure 4.2 demonstrales the recuirecd steps to identify the solution of the example. Verifving
the constraint X — Y for the first time does not resull in domain reductions, but after
the domains change due (o lhe evalualion of the conslraint Y > Z, the first conslrainl
is re-cvaluated. This time it leads to the removal of value 1 in the domain of X, thereby

finding the feasible solution.

Path-Consistency

Otherwise known as 3-Consislency, referring o the amounl of variables simultaneously
considered by this technique, Path-Consistency (PC) checks for any value-combination
of lwo binary constrained variables N and Y, which values of the domain of Z are incon-
sistent. given the consiraints between X and Z, and Y and Z. We demonsirate the higher
degree of consistency of PC over AC by modifving the previous example: consider the

same variables. but now with the constraints X #£ Y. X #£ Z. and Y # Z. Clearly, this is
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Constraint lvpe(s) Consistency technicue Conslrainl example
(7 of related variables)
unary (1) Node-Consislency <10
binary (2) Arc-Consistency 1+ 2 < 10
ternary / conjunctions Path-Consistency z1+z2+23<10

of binary (3)

3 no consistency technicque | ©1 + 9 + 3 4+ 24 < 10
global (i) nol required Sum(z1,..,2;) <10

Table 4.1: Overview of constraint (ypes and consistency technicues

an infeasible example, bul considering the individual binary constraints {AC) does nol
detect this. PC considers the possible values for (X,Y): (1.2) and (2.1), and for both
possible combinalions it checks the possible values of Z by checking X #£ Z and Y # Z.
There are no consistent values of Z for this problem, therefore PC does delect problem

infeasibility.

Global Constraints

Constraint propagation for global constraints does notl depend on consistency technicues,

as global constraints have their own fillering algorithm.

Table 4.1 summarizes the combinations of constraint tvpes and consistency technicues,

and provides an example constrainl for each (ype:

4.2 Development approach

Solving a problem with CI is conceptually quite similar to Integer Linear Programiming:
both require a model that represents the problemn and a solver thal interprels the model
to solve actual problem instances. As we mentioned in Section 4.1, there are three
different ways (o influence the problem solving mechanics of a Constraint Programiming
approach, by means of heuristics that assist the solver in the different steps of the solving
process. Therefore, we develop the CP load assignment approach in two phases. In the
first phase we develop a basic CI” algorithin without emphasis on constraint propagation
mechanisms or variable and value choice heuristics. In the second phase we focus our
attention to improving the computational speed of the basic CP algorithm by improving
the constraint propagation mechanisms and adding variable and value choice heuristics.
In both phases we use the soflware tools developed by Inovia for modeling and {esling.
Section 4.2.1 provides some delails aboul these software tools. Sections 4.2.2 and 4.2.3

further describe both development phasces.
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4 Compartments.adb - Notepad

File Edit Format View Help

rompartmentId  Capacity configurationId Rule singleorder
1 450 i i FALSE
2 200 1 i 8 FALSE
3 300 2 L FALSE
4 300 2 x FALSE
5 150 2 1 FALSE

Figure 4.3: Compartment parameters in a flatfile

4.2.1 Constraint Programming tools
Advanced Query Language

We use (he modeling language Advanced Query Language (AQL), developed by Inovia
based on the Standard Query Language. to model the load assignment problem. All
parameters and variables used in the model are represented in tabular format. For

exarnple, the following represents the definition of the compartment parameters in AQL

AQL_TABLE Compartments WITH_TITLE

(
CompartmentId NUMBER,
Capacity NUMBER,
ConfigurationId NUMBER,
Rule NUMBER,
SingleOrder BOOLEAN
)

Figure 4.3 depicts an example of the corresponding input file with the actual parameter

values.

Advanced Solver

To solve instances of the load assignment problem we use the ‘Advanced Solver’, devel-
oped by Inovia. This solver works in conjunction with AQL. A call lo the Advanced

Solver activales a fixed sequence of steps: il reads the inpul parameter Lables, it creales

scarch for a solution (sce Scetion 4.1 for the steps of the search method).

Constraint propagation and Arc-Consistency in the Advanced Solver

In the pre-processing step before the start of the search, and afler each variable instan-

riation, the Advanced Solver applies the Arc-Consistency technique to reduce domains.
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Note that applving Arc-Consistency to clementary constraints only leads to domain re-
ductions when these conslraints are unary or binery: nol Lo conslraints on more than
two uninstantiated variables. In other words, propagaling elementary constrainis in the
Advanced Solver only leads to domain reduction in case thev are unary or binary. -
cmentary constraint on more than two uninstantiated variables will not induce domain

reductions after variable imstanliation.

Visual Inspector

The Visual Inspector is a tool that calls the Advanced Solver (o solve test problems and
provides the opportunity to step through each choice for a variable and a correspond-
ing instantialtion value. After each variable nstantialion, the Visual Inspector displayvs
updated variable domains and domain reductions. Figure 4.4 depicts a sercen shot of
the Visual Inspector, with in the upper left field the instantiated variables. in the upper
right field the uninslantialed variables and their domains, and in the bottom lefl field

additional informaltion aboul variable instantialions and resulting domain reductions.

4.2.2 Model development

The first phase of algorithm development is modeling the load assignment problem by
translating the problem deseription into appropriate parameters and CP constraints in
an AQL model. We validate the model by solving small problem instances and analyzing
the outpul. Section 4.3 presents the actual loacd assignment model, which can be solved

by the Advanced Solver.

4.2.3 Algorithm improvement

The possibilily to influence the search method inlroduces additional degrees of freedom
in CP algorithim development.  We apply a svstematic approach to determine which
combinalion of heuristics leads Lo the optimal CP algorithm. For our purpose of the
load assignmenl algorithm, the optimal algorithm is the one thal returns an arbitrary
feasible solution as fast as possible. We measure the computational speed of different
CP approaches by solving a scl of sclf-constructed Lest problems thal we inlroduce in

Section 4.4.

Performance debugging

For improving the computational speed of the basic CI* algorithm, we use the Visual
Inspector Lo run test problems. Stepping through each solver decision and analyzing
the given informalion Lo improve problem solving is called performance debugging. 1t

provides insight in the variable selection process, the value scelection process, and the
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74 Visual Inspector / 1.20 - D:/src/Users/NielsU/AdvancedSolver/testproblems/model2.aql -d ... g

File Tools Actions Windows Help

O oEe |8
— Stack 1 ~Wwfatch —
Depth [N [Wariable | Value N [ariable {Bound [Valuels) i
1 46 Order[1][1][4] Amounts [a0] 46 Order[1][1][4] AmountB [a0]
2 48 Order[B][1][B]Amounts [0] 47 Order2]1][&]. AmountE [30]
3 49 Orderd7][1][B] Amounts [0] 48 Order[B][1][B]AmountB [0]
4 50 Orde11]1]IC] Amounts [0] 43 Order[7][1][B].AmountE [0]
i) 51 Order1][2][4] Amounts [0] A0 Order[11]1][C].AmouE [0]
E BE  Order[1][3][4] Amounts [0] 51 Order[1][2][4]. AmountE [0]
7 B2  OrdedB][1])[B]Amounts [0] 52 Orded2][2)[4] Amount Ao
4 63 Orded3]1]B]Amaunts [0] 53 Order&][2]B].Amount {[00[1].[2).[3].[41.15] (617 L.I81.19).01 0L
9 B4 Order12][1][C] Amounts [0] 54 Order[7][2][B].Amount {00 LE2LIELALIELIELIFLIELEL 0L
10 65 Order[13][1][C].&mounts [0 55 Order[11][2][C].&mour {00.111.02L 13141151 [ELI7LIBLIEL0 L[
11 78 Order(10]1][B].&mourts [0] 56 Order[1][3][4] AmountB [0]
12 79 Orde14]1]IC] Amounts [0] 57 Orderd2][3)A] Amount Hk
13 80 Order[15][1][C].&mounts ) 58 OrderE][3][B].Amount {00.111.02L[31[41.5].BLI7LIBLIAL0 L[
14 47 Order2][1][&] Amounts [30] 59 Order7][3][B].Amount {00 LE2LIELALISLIELIFLIELEL0 0L
B0 Order11][3][C]Amour 1010112131145 LIELIFLISLISL0 0L
61 Order2)[1][4] Amount 0.0 21341 ELELIFLELEL o
< T > E2  Order8][1][B].AmountB [0 -
~ Output - - alue |nfo-
D Asrc/U sers/MielsU AbdvancedS olvertestproblems/model2. agl :Analyse du programme AGL : Ead) Field
D:#sreU sers/MielsU AddvancedS olvertestproblems/model2. agl(67 ] Initialization d'une table : |
L'initialization de la table ‘SplitQrders’ a dupliqué 30 lignes |
D feredUzers/Mielel) fadvancedSolvertestproblems/model2. agl :Analpse du programme AL
D:Asredl sers/Mielsl A dvancedSolvertestproblems/model2. agi[ 21 }:Initislisation d'une table :
L'initialization de la table ‘Amounts’ a ajouté 91 lignes |
1 Instanciation WA Order[1][1][4]. Amounts = [80] [walue #57]
2 Instanciation W48 Order[B][1][B].Amounts = [0] [value #1)
3 Instanciation W9 Order711][B].Amounts = [0] [value #1]
4 Instanciation WB0: Order[ 111 [Cl&mounts = [0] [walue #1]
5 Ingtanciation W1 Order1][2][A] Amountz = [0] [value #1)
B Instanciation WEE: Order[1][3][4] Amounts = [0] [value #1]
7 Instanciation WEZ Order[8][1][B].Amounts = [0] [value #1]
8 Instanciation WE3: Order[9][1][B].Amounts = [0] [value #1)
?n !nstanciation %:Qrc!er[] E][] ![E]..?mounts = [91 Eva!ue E]! =
[ ) sl 2

A8 loaded (674 constraints instanciated]

Figure 4.4: Screen shot Visual Inspector
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impact of constraints: the wav constraints reduce domains after variable instantiations.

Performance debugging reveals the boltlenecks in finding a feasible solulion.

Iterations of performance improvement

Using the Visual Inspector, it is possible to detect inefficient solver choices for the in-
slantiation of variables and reduction of domains. This allows for several ileralions of

algorithm improvement in the following secuence of steps:
e solve a lest problem with the Visual Inspectlor,
o detlect inefficient solver choices,
o add or modify a constraint or heuristic Lo improve these specific choices.

Following this secuence of steps, we develop and test several improvements to the CP
algorithm. Section 4.4 describes the test problems we use for testing the different CI?
approaches. Section 4.5 presents Lthe CT algorithm improverments, and Section 4.6 present

the results of these tests.

4.3 Load assignment model

Decision variables

A solution to the load assignment problem stales for each order the amount of order
load that is pul into cach compartment. Thercfore, there is a decision variable for cach
combination of order o and compartment ¢: Amount,e. with domain {0...., amount of

order o}.

Constraints

The model allows for order pickups and delivers to alternate. To determine which orders
are on hoard during each section, the input must specifyv a pickup and delivery time. We
distinguish two groups of constraints: the conslraints that apply to the entire (rip, which
do not depend on the combinations of orders that are actually together in the resource,
and the constraints that apply to the individual trip sections, which do depend on the

actual orders on board during each section.
The consiraints that apply to the enlire (rip are:

o ['or each order, the sum of all order amounts assigned 1o each compartment ecuals

the total order amount.
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Product and compartment must be compatible if the product is assigned to the

compariment.

Only equal products can be assigned (o the same compartment (even when loaded

al different parts of the rip).

The constraints that apply for cach scction arc:

For each compartment, the sum of the volunes of the orders assigned to it should

be smaller or equal (o its volume capacity.

For each configuralion, the sum of the weighls of the orders assigned (o its com-

partments should be smaller or ecual Lo ils weight capacily.

For each compartment, the sum of the order amounts should be lower than the
ullage rate lower bound or higher than the ullage rate upper bound specified for

the compartment.

For each axle, the sum of the order amounts per compartment, multiplied by the
conlribution of the compartment to the axle, should be smaller than its maximum
allowed weight. and larger (han its minimum allowed weight.

If the compartment is a single order compartment. no more than one order may he

assigned (o it in each section.

Optimization criterion

As we

are only interested in finding the first feasible solution. we do not specify a cosl

function. Appencix B presents the complete AQL load assignment model.

4.4

Test problems

Testing the load assignment approaches serves three goals:

Tests provide an objeclive measurement of the computational speed of our CI
approach. This measurement can be compared with other solving technicues such

as ILD.

Measuring the required computation time is necessary to assess the suitability of

the CP approach as load assighment algorithm within the VR frameworlk.
Testing different CI* approaches provides insight in the effecl of the proposed im-
provements (see Section 4.5) and is necessary (o determine the optimal CP ap-

proach.



48 4. Constraint Programming Approach

To best serve these goals. the test problems should be realistic and challenging. The
problems should be realistic in the sense that thev accurately reflecl the problems for
which the algorithm will finally be used. Testing challenging problems gives insight in
the average and worsi-case performance of the algorithm. This is imporlant to assess the
suitability of the current CP approach as load assignment algorithm for VRD: if 9 out of
10 problems are solved in 5 milliseconds, but the 10th problem takes 5 minutes, the CP
approach is too slow (o use as load assignment algorithm in a framework for oplimizing

load and rouies.

4.4.1 Problem parameters

To delermine realistic parameler values, ORTEC business consullanis with experience
in the field of liquids transportalion gave advice on parameters such as the number of
compartmenls and the number of different products in an average (rip. Tuning the pa-
rameters (while keeping them realistic) such that there are very few feasible solutions.
while keeping the individual decision variable domains large enough, ensures challenging
test problems. To accomplish Uhis. we make sure thal the conslrainls on groups of vari-
ables are binding, opposite Lo the unary or binary constraints, which would actually help

the solver find a feasible solution faster.

For example, a ullage rate constraint does not cut off large parts of individual decision
variable domains, bul il bounds the union of the domains, which makes il much harder

for the solver to detect inconsistent domain values in the carly stages of the scarch (ree.
To improve solving efficiency, we scale down all order amounts and capacity parame-
ters with a factor 100. This restricts order division to mininmun steps of 100 liters: a
comparlmenl with capacity 150 can actually store 150 order parts of 100 liters, represent-

ing an actual capacity of 15000 liters. Companies that handle orders of this magnitude
commonly delermine order sizes in steps of 100 liters. Scaling all order amounts and ca-
pacities therefore not only enables much more efficient problem solving, il also prevents
unrealistic order quantilies and load assignments. Table 4.2 indicates for each problem
parametoer the range of values used in the test problems. To measure the influence of or-
der sizes, we Lest three variants of each test problem, differing in order sizes. The different

variants of the models are obtained by multiplving all relevant parameters (order sizes
and capacities) with a factor 1, 3, and 10. The problem variants can be distinguished by

their code: p_(problem mumber)  (factor).
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| Problem: | p_ 1.1 | p 21 | p 31 | p 41 |
Number of orders 32 18 15 15
Order size 5-20 | 10-60 | 10-100 | 20-90
Number of different procucts 4 3 3 3
Number of compartments 7 6 B 3
Compartment capacitics 15-33 | 40 - 50 | 50 - 150 110
Ullage rates (LB% - UB%) :)}'j : g; 40-60 | 45-75 | 30 - 60

Table 4.2: Tesl problem parameters

4.4.2 Infeasibility detection

Depending on the application of the load assignment algorithm, early delection of prob-
lem infeasibility may be just as important as performance in case of feasibility.  This
cerlainly holds for our purpose, therefore we also test infeasible problems. We expect
a strong correlalion belween the degree of infeasibility and the time required Lo detect
nfeasibility: we expect thal il 18 much easier (o verifv infeasibilily if a problem is by
far nol feasible, for example assigning orders of three different products 1o a resource
with two compartments, compared to problems that are marginally infeasible. for exam-
ple because every possible load assignment causes a small violation of the axle weight

restriction.

To demonstrate this relation we take a feasible problem. svstematically make it more
and more infeasible by reducing the suimmed compartment capacity in steps of 10%
{(all of the problems are infeasible after the first reduction of compartiment capacity of

10%), and measure the time (he solver requires Lo establish infeasibility for each step.

In each step, we subtract a 10% of the original total compartment capacity from one
of the compartments that are lefl, removing an enlire compartment if it becomes (oo
small. Note that this is just one oul of manv wavs Lo make a problem infeasible by
altering the parameters. I is our aim Lo provide just a rough idea aboul the order of

magnitude of detection time for various degrees of infeasibility.

4.5 Solution improvements

The load assignment mocdel in Section 4.3 is the basis of the CP approach to solving
the loac assignment problem. This ‘hasic’ algorithm uses no heuristics for variable and
value selection and the constrainls used in the model are mainly elementary conslrainis,

lacking the global view thal provides more pruning power.
S & S
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Algorithm
improvements

/\

Optimize variable and
value selection

S S

Decrease search space

Variable Value

Decompose Global . )
1 . selection selection

constraints constraints o .
heuristic heuristic

Figure 4.5: Overview performance improvements

Performance debugging reveals thatl solving efficiency can be improved. Frequently, a
variable instantiation leads to obvious possible domain reductions that the conslraint
propagation mechanism does not apply. Besides checking Arc Consistency and applying
domain reductions for the clementary constraints, variable selection and value sclection
are arbilrary, practically resembling complete enumeration. This chapler describes im-
provements of the basic algorithm.

The improvements arce based on two concepts:

e Recducing the search space by improving constraint pruning power: with fewer
variables and smaller domains, the mumber of possible combinalions decreases,

making the problem less difficull Lo solve.

o Traversing Lhe solulion space more efficiently by choosing appropriate variables (o

mstantiate with suitable values.

For both concepls we apply and lesl multiple improvements Lo the CT approach. See

TFigure 4.5 for an overview of improvements.

4.5.1 Constraint improvements

We apply performance debugging to determine possibilities to reduce the problem space.
Debugging the basic algorithm reveals solving inefficiencies for the following constraints,

all of which sum over a subset of decision variables:
1. Assign total order amount

2. Compartment capacity
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3. Configuration capacity
4. Axle weights
5. Compartment ullage rates

The conslraint propagalion mechanism of these constraints performs poorly: afler each
variable instantiation, the domains of the remaining uninstantialed variables in the con-
straints are unaffected, until there are just two uninstantiated variables left. We explain

this with an example.

Consider the problem in Iigure 4.6. Assume order 1 is assigned completely to com-
partinent 1. According to the first constraint, the compartment is full and the amount of
order 2, 3, and 4 assigned (o compariment 1 can only bhe 0. Therefore, we expect domain
reductions for the variables Amounts;, Amounts;. and Amounts;. These domain re-
ductions do nol occur when using the original sum consiraint. This leads Lo unexpected
behavior; in this example, having the solver start variable instantialions from high (o
low domain values. the solver proposes to instantiate variable Amountg; with value 100,
checks the constraint, backiracks, (ries value 99, backiracks, elc., until it reaches value
0.

Example: Constraint compartment capacity

Parameters :

Orders 1, 2, 3 and 4, all of size 100
Compartment 1 has capacity 100
Compartment 2 has capacity 300

8 decision variables : Amount,c with domain {0,...,100}
Constraints:

Amount 11 + Amounts; + Amountsq + Amountsq < 100
Amount 12 + Amountss + Amounts; + Amounts; < 300

Tigure 4.6: Example of the lack of domain reduclion - part 1

This phenomenon is caused by the fact that the sum operator in the Advanced Solver be-
haves like an elementary constrainl. Contrary Lo other CIP solvers, in Inovia’s Advanced
Solver stun is nol programmed as a global constraint, bul as an elementary operalor.
Therefore, all constraints modeled in AQL using the sum-operator behave as elementary
constraints. Arc-Consistency only leads to domain recduction for these constraints if there

are only two uninstaniiated variables in the sum.

Consider the following example of the AQL-implementation of the compartment capacity

constraints, in which sum acts as a clementary operator:
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Ot
[N}

FOR_EACH 7S FROM Sectioms
{
FOR_EACH ?C FROM Compartments
{
sum( FOR_EACH 70 FROM Orders
VERIFYING Order[?0].CompartmentId == Compartments[?C].CompartmentId
AND Order [70] .PickupTime <= Sections[?S].StartTime
AND Order [70] .DeliverTime >= Sections[?S].FinishTime
{ result[?0].AffectedAmount }
) <= Compartments[7C].Capacity ;
T
Y

Sections are modeled using time-windows: each seclion has a start (ime and finish time.
An order is on board of the resource in a section if its pickup occurs before or al the

start time of the scetion and its deliver occurs at or after the finish time of the section.

Constraint decomposition

With five constrainls using the sum-operator in the basic model, the lack of domain
reduction is a serious weakness of this CP approach. One way to overcorne this weak-
ness is Lo decompose mulliple-variable constrainls into a set of binary conslraints, as
binary conslrainls are always successfully propagated. We introduce auxiliary variables
Cumul Assigned,. with domain {0, ..., Capacity.} that represent the cumulalive amount
of load assigned to compartment e in step 8. Furthermore, we fix the order of variable in-
stantiations such that in step s, order o = s is instantiated. The recursive decomposition

of the compartment capacity constrainl replaces

Z Amount,. < Capacity, Ve (4.5)
0€0
by
Amount1;y = CumulAssignedi;
Amounty, + CumulAssigned;y = CumulAssigneds;
Amounts; + CumulAssignedsy = CumulAssigneds;
Amounts + CumulAssigned, 11 = CumulAssignedg

with
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CumulAssigneds; < Capacity; (4.0)

After each instantiation of a decision variable Amount,e the variable Cumul Assigneds.
is updated. As the variable CumulAssigneds, is nsed in a binary constrainl with cach
decision variable Amountye. the domains of all decision variables Amount,e for the cor-
respotcing compartment are recliced. Therefore, this constraint decomposilion requires
n conslraints and n auxiliary variables. We refer (o this recursive slructure of constrainls

as recursive constraint decomposition.

A disadvantage of recursive decomposition is the required fixed order of variable instanti-
alions: Amount,. may only be instantiated after Amount, 1 otherwise the constraints
are incorrecl. Thus, the improved consirainl propagation comes al lhe cost of a less
generic and less flexible model. Also, the recursion only improves inequality constraints.
Another disadvantage of constraint decomposition is that the performance gains due to
better constraint propagation may be offsel by a performance loss due to the introduction
of additional variables and constrainls. In other words, it mayv take less steps Lo find a

feasible solution, but cach step takes more time.

New global constraints

As mentioned in the discussion on elementary and global consiraints, generally global

constraints have more pruning power than an equivalent decomposition of elementary

consiraints.  As a sccond approach to improve the domain reduction mechanism, we
introduce global constraints to replace the original clementary constraints.  For cach

global constrainl we cescribe the filtering algorithm and the original constraint it replaces.
SumSmallerOrEqual and SumLargerOrEqual
The SumSmallerOrEqual conslraint replaces:
Z:L‘ < Constant
The SumLargerOrEqual constraint replaces:
Z:L‘ > Constant
Both constraints together replace:

Z:L‘ = Constant
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These constraint tvpes apply to the model constraints assign total order amount, com-
partment capacity and configuration capacity. In other words, the instances of the original
constraints are replaced by instances of the global constraints. Figure 4.7 explains how
the filtering algorithm reduces domains for the example of the compartment capacily
constraint. The filtering algorithm calculates the residual amount of the lower hound:
the actual lower bound for the remaining uninstantiated variables. For each uningtanti-
ated variable. the fillering algorithm removes the domain values thal exceed this lower

bound. Algorithm 1 depicts the filtering algorithm for the SumSmallerOrEqual con-

Example of global SumSmallerOrEqual constraint

Compartment 1
Capacity =70 Orders for compartment 1:

Amountq=25
Amount42 = {10,...,50}

Residual Amount s = {0,...,50}

°aP335°"V- Amount14 = {0,...,50}
sumLB =35

Order 2:

At least 10 Feasible domains:
Amount2={10, 11,...,45}

Order 1: Amount43 = {0,...,35}

25 Amount4 = {0,...,35}

Order 1 is already assigned to compartment 1, and at least 10 units of order 2
have to be assigned to compartment 1. Therefore , the residual capacity is 35.

Applying the SumSmallerOrEqual constraint to restrict the used compartment
capacity, its filtering algorithm will remove the values {46,...,50} from the
domain of Amount 12, and the values {36,...,50} from the domains of Amount 13
and Amount 14.

Figure 4.7: Example of fillering algorithm of SumSmallerOrEqual constraind
straint. The filtering algorithm for SumLargerOrEcual works in a similar fashion. only
for the opposite bounds.

SumOfProductsSmallerOrEqual

The SumOfProductsSmallerOrEqual constraint replaces:
Z:L‘i - factor; < Constant

that applics to the exle weight constraint. The global constraint closely resembles the
SumSmallerOriqual. In fact, the global SumOfProductsSmallerOrEqual consiraint is
a generalization, and is idenlical if all factors are equal to 1. The fillering algorithm
first applies the multiplication of variable value and factor at the appropriate places, and

yerforms similar steps compared to the filtering algorithm of SumSmallerOrEqual.
O O
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Algorithm 1 Fillering algorithm of SumSmallerOrEqual

The  set V  containg  all  decision  variables wv;  in the  constraint
SumSmallerOrEqual (lowerbound; vy, ..., vy, ). The subset V, containg all  wninstanti-
ated variables v. For cach v € V., D, containg all valucs d that are in the domain of v.

The filtering algorithm requires two steps: (1) the determination of the sum of all
domain lower bounds, and (2) the removal of inconsistent domain values.  Note that
min(D,) returns the value of v for instantiated variables, and the lowest value in D, for
uninstantiated variables.

(1)
for all v € V do
SumLB = SumLB + min(D,);

end for

@
for allv € V,, do
domainUB = D, .Upper Bound;
domainLB = D,.Lower Bound;
if (domainUB + SumLB — domainLB > lowerbound) then
for all (d € D, > lowerbound — SumLB + domainLB) do
remove D, .d;
end for
end if
end for

UllageRates

The global UllageRales constraint is much more specific to the load assignment problem,
compared Lo the previous global constraints. It replaces the following structure of (wo
constraints:

ZCL‘ < Lowerbound OR ZCL‘ > Upperbound

that applics to the wllage rate constraint. The filtering algorithm of this global constraint
is a bit more complex, as it should only remove domain values for which both restrictions
are violaled. Algorithm 2 depicls the filtering algorithm, which is exemplified by Figure
4.8. The determination of the sums of domain lower and upper bounds is similar Lo the
first part of Algorithm 1 and is not depicted in Algorithin 2. The filtering algorithm of
the global UllageRales constrainl basically removes for each variable those domain values

thal are nol feasible with any combination of values from the olher variables.

Consider the example in figure 4.8: if the current sum of all instantiated variables is
8, and the sum of all values may not be between 10 and 50. For the variable Amountis
with domain {0....,62} this means it may lake the values smaller or ecual Lo 2, or larger

or equal {0 22, as the upper bound of the sum of the values of the other lwo uninstanti-

ated variables is 20. Thercfore. to ‘reach’ the ullage rate upper bound. Amountg must



50

4. Constraint Programming Approach

Algorithm 2 Filtering algorithm for UllageRates

d that are in

the domain of v.

Similar to Algorithm 1, SumLD represents the sum of the domain lower hounds. Likewise,
SumUDB represents the sum of the domain upper bounds. The set V' contains all decision
variables vy in the constraint UllageRates(lowerbound;upperbound:CompCapacity vy, ..., vy,)-
The subset V,, contains all wninstentiated variables v. For each v € V., D,, contains all values

for allv € V,, do
domainUB = D,.Upper Bound,
domainLB = D,,.Lower Bound,
if (domainUB + SumLB — domainLB > lowerbound)
&& (domainLB + SumUB domainUB < upperbound) then
for all (d € D, do

if  (d+ SumLB — domainLB > lowerbound)

&& (d+ SumUB — domainUB < upperbound) then
remove D, .d;
end if

end for
end if
end for

Example of global UllageRates constraint

50

8

The values 3 to 21 for order 2 are not feasible, as there is no feasible
combination of values . The filtering algorithm removes these values . The

restrictions for order 2 are:

(value +8—0 >10 ) && (value + 82 — 62 < 50)

Compartment 1 Orders for compartment 1:
Capacity =70 Amountq1=8

Amount4; ={0,...,62}

Amount43 ={0,...,10}

Amount44 = {0,...,10}

sumLB =8
sumUB = 82

Feasible domains :

Amount4; ={0,1,2, 22,23,...,62}
10 Amount43 ={0,...,10}

Amountq4 ={0,...,10}

Figure 4.8: Example of global UllageRates constraint
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contribute at least 22 to the sum of the variable values. Every value between 2 and 22

can be removed from the domain of the variable Amountis-

4.5.2 Value selection improvement

The basic CP approach has no heuristic thal determines a suitable inslantiation value.
The solver uses ils defaull siralegy: always Lake Lhe lowest value in the variable domain.

We demonstrate that the value choice heuristic can be improved.

The oplions with respect Lo value selection are limiled due (o modeling possibilities:
the model either works boltom up or Lop down through the domain of each variable, and
iteratively tries everv consccutive value until it finds a value for which no constraints arce
violaled. In the original model. all decision variables are instantialed with the lowesl
value in the domain. What happens is thal all variables Amount,, are instantiated with
value (0, until the constrainl ‘assign tolal order amount’ complains for every order o thal
the total order amount is not assigned. requiring a lot of backtracks until the constraint
a compartmenl as soon as possible in the search, applving the top down strategyv. Adding
a preferred constrainl (sofl constraint) to maximize the value of each individual decision
variable ensures that the solver starts variable instantialion with the largest value in ils

domain.

4.5.3 Variable selection improvement

Similar to the value selection, we demonstrate that we can improve the defaull variable
seleclion siralegy - alwayvs instantialing the variable with the smallest domain next -

with a different variable choice heuristic.

We can improve the default variable choice sirategy, taking the variable with the smallest
domain, by using specific knowledge of (he problem. Imposing a fixed variable instanli-
alion order overrules the defaull variable selection strategy. The solver Lhen follows (he
order of the variable input table. instantiating the next variable Amountye only when all
previous variables are instantiated. A different variable choice heuristic is then achieved
by sorting the variable input table by one or mulliple criteria. Therefore we refer (o
a variable choice heuristic as a sorting strategy. For example, sorling by increasing
pickup time of the orders makes that the solver assigns the orders with the carliest pickup
time first. Note that it is only possible to impose a static variable order: a dvnamic strat-
egv in which the choice of the next variable depencds upon previous instantiations is not

possible with the modeling language AQL.
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A good variable choice heuristic improves the computational speed of the algorithm by
helping to identify infeasible variable instantiations in an early stage of the search. Larly
pruning of infeasible combinations of variable values reduces the required mumber of steps
to find a feasible solution. or to detect problem infeasibility. Applying this reasoning to
the load assignment problem. we will improve solution performance with a variable choice

heuristic thatl filters oul infeasible combinations of assiened order amounls (o compartiments

in an earlier stage of problem solving.

To detect infeasible combinations of assigned order amounts to compartments in an
carly stage of problem solving. we should cluster those combinations of decision variables
thal together may cause infeasibility. For the constraints of the load assignment prob-
lem (compariment capacity, axle weights, ullage rales, and configuration capacity) this
means we clusler for orders thal are in the resource at the same time by ordering (he
decision variables on pickup time. Within this clustering. we propose three sub clusters
that further specify combinations of variables that (1) affect each other, and (2) thal
imply an anturtively appropriate instanliation ordering. The intuilion is that it is besl
to either (1) assign the largest orders first. (2) fill the largest compartments first, and for

compartments of similar size (3) consider cach compartment separately.

We propose the following sorting strategies:

Tncrcasing Pickup time (sorting strategy A)
o Increasing Pickup time. decreasing Order Amount (sorting strategy B)
e Tncreasing Pickup time, decreasing Compartmenl Capacily (sorting strategy C)

o Increasing Pickup time, decreasing Compartment Capacity. CompartmentId (sor(-

g strategy D)

4.5.4 Effects of the improvements

The cffect of the proposed improvements on the computation time is hard to predict. For
examnple, replacing an elementary constraint by a global constrainl with belter pruning
power recluces the number of infeasible variable instantiations. leading Lo less backiracks
on the one hand. On the other hand, evaluating the global constrainl itself lakes more
time. The net effect is hard to predict, and empirical testing is necessary to assess the
quality of the individual improvements, and to determine the optimal CP approach. We

svstematically compare improvements in the following three calegories:

e The type of constraints (original clementary, recursive decomposition. global),
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o The value choice heuristies (bottom-up, top down). and
e Variable choice heuristics (A, B, C, D).

For every test we compare the different options within one category, while keeping the
‘configuration” of the other {wo categories constant. Section 4.6 provides an analyvsis of

the tesl resulls

4.6 Test results

In Section 4.5.4 we propose tests for improvements in three calegories: (1) constraints

(2) value selection heuristics, and (3) variable selection heuristics. TTowever, the effe(tls
of a change in one category may depenc
For each test we vary the choices within one calegory, Whlle l\eepmo the configuration of
the other two categories fixed. For the configuration of the fixed categories. we choose a
default option for each calegory, for objective comparison. The default options are: (1)
global constraints, (2) top-down. and (3) sorting strategy A. In the following scctions we
present the outcome of the tests per category. For each comparison we briefly mention

the solution configuration(s), the test resulls, and some remarks where relevanl.

4.6.1 Effects of improved constraints
Recursive constraint decomposition

Although we assume that in some cases applving recursive consiraint decomposition leads
Lo a faster algorithm, we discover in an early stage of the improvement development
that replacing the original constraints with recursive constraints actually causes similar
or even worse compulation times. The reduction of the amount of hacktracks due to
these restrictions is significant. bul so is the increase of the amount of variables hat
are instantiated, and the additional time spenl on instantiating the auxiliary variables
in our problems outweighs the time saved by the reduction of backtracks. Furthermore,
the required fixed order of variable instantiations for recursive constraint decomposition
severely resiricts the possibility to improve performance by varving the order of variable

instantiations. which we propose as the mechanism for a variable choice heuristic.

Global constraints

To test the effects of the new global constraints we test the CIP approach with the orig-
mal elementary constraints and the approach with the new global constraints. DBoth
approaches apply sorting stralegy A as variable choice heuristic, and the top down value
choice heuristic proposed in Section 4.5. Table 4.3 presents the lotal running lime in

milliseconds until the first solution is found for both approaches. Entries indicated with
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an asterisk (*) represent situations in which no feasible solution was found in 10 minutes.

As expectled, for mosl problems the approach with global constrainls finds a feasible
solution much faster and the difference increases for problems with larger order amounts.
We achieve reductions of running times up to 99%! There is one exception: the approach
with new global constraints fails (o find a feasible solution for problem p_1 3 within
10 minules, even though p_1 3 is similar to problem p_1 1, bul with larger order
amounts and capacities. Another remarkable observation is that the solver recuires less

Q

than 3 scconds to find a feasible solution to problem p_ 3 10. but fails to find a solution

within 10 minutes to the smaller problem p_ 3 3, just as the original approach.

];1(71%10171?;11}' ) (71‘7101'7)2'4117 , Rechction (%)
constraints constraints .
p_ 11 5670 5090 10%
p 1 3 290000 -
p_1 10 -
p 2 1 233 78 6T%
p_2 3 2710 188 93%
p_2 10 102000 1000 99%
p 3 1 296 78 4%
p 3.3 -
p_3_10 116000 2800 98%
p_ 41 47 15 68%
p_1 3 235 63 3%
p_4 10 2220 172 92%,

Table 4.3: Computation time (ms) for the CT approach with elementary constraints and
the CT approach with global constraints. An * indicates a compulalion time larger than
10 minutes.

4.6.2 Effects of improved value selection

There are two options for the value seleclion process: either start al the highest value in
the domain and work downwards, or start al the lowest value and work upwards. We test
both heuristics with the approach that applies global constraints and sorting strategy A.
Table 4.4 provides the running times in milliseconds until the first feasible solution is
found for both approaches. It is obvious that the best performing value choice heuristic
is Lo allempl value instantiation al the highest domain value and work in decreasing

order.



Test results

61

Decreasing Increasing
value selection || value selection

p_11 5090 18150
p 1.3 * *
p_1_10 * *

p 21 78
P23 188 *

p_2 10 1000
P31 78

p 33 *
p_3_10 2800
p_d4 1 15 16

p 43 47 47
p_4 10 156 141

Table 4.4: Compulation time (ms) for value choice heuristics. An * indicates a compu-
tation time larger than 10 minutes.
4.6.3 Effects of improved variable selection

We test 4 different value selection heuristics. The heurislics are actually sorting stralegies
for the decision variable table, as we force the solver to Instantiate decision variables
according to the ordering of the decision variable table. We test the following sorting

slralegies:
e Increasing Pickup time (sorling strategy A)
e Increasing Pickup time, decreasing Order Amount (sorting slralegy B)

N

Increasing Pickup time, decreasing Compartiment Capacity (sorting strategy C)

o Increasing Pickup time, decreasing Comparttnent Capacity, Compartmentld (sort-

ing strategy D)

Table 4.5 shows the times in milliseconds to find the first feasible solution for all com-
binations of test problems and sorting slrategies. All approaches apply the new global
constraints and the top-down value choice heuristic. The best Lime for each problem
is printed bold. The fourth sorting slralegy - sorting by increasing pickup time, then
by decreasing compartment capacity, and then by all orders for the same compartment
- performs best on average. The large differences in running time bhelween stralegies

emphasize the importance of the variable seleclion heuristic: even with reduced domains
by applving the global constraints mentioned in Section 4.5.1, it lakes over 10 minules

to find a solution for some of the problems with less effective sorting strategics.
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p 1 1 [[5090 [ 265 | 4890 || 282
p L3 * 391 ¥ 392
p 1 10 ° 860 ¥ 910
p 2 1] 718 ¥ 63 || 62
p_2 3 | 188 3 172 || 172
p_2 10 [ 1000 || 7 922 | 956
p 3 1] 78 || 327 78 || 78
1)7373 Bt Bt BN Bt

p_3_10 || 2300 || 58000 || 2720 [ 3160
p 1 1] 15 93 3] 15
p 1 3| 47 || 690 [ 47 | 47
p_1 10 || 156 || 32710 || 156 | 172

Table 4.5: Computalion time (ms) for variable selection heuristics. An * indicales a
compulation time larger than 10 minutes.

| Percentage reduction: | 109% | 209 | 30% [ 40% | 50% | 60% | T0% |
D11 G0 60] G0 G0 60 22 [ 1
b 21 G0 60| 60 10 | 1
b 31 G0 60 37 [ 52 | 52 | 32 | 1
! G0 15 | 1

Table 4.6: Required time (s) for the CP approach to identify problem infeasibility. The
computation times larger than 60 scconds are indicated with > 60).

4.6.4 Infeasibility detection

To test how fast the CIP approach detects problem infeasibility, we reduce the summed
compartmenl capacity, making the gap lo feasibility larger in cach step. As mentioned
carlier, this is just one out of many ways in which the problem can be infeasible. These
tests are merely intended Lo gel an idea of how the CP algorithm performs for various
degrees of problem infeasibility. We test with the optimal CI’ approach delermined
in previous seclions: using global constraints, decreasing value seleclion, and sorting
strategy D. Table 4.6 indicates for four test problems the time in seconds until problem
infeasibility is established by the solver, quiling the solver if it is still running after 60
seconds.  We Increase the gap lo feasibility until it takes less than a second for the
CD approach to detect infeasibility. The results indicale that fast detection of problem
infeasibility is a weakness of the CI approach: cven for problems that are by far not
feasible - coming short up to 50 percent of the required capacity to transport all orders -
the solver still recuires approximately a minute or more to establish infeasibility for one
of the problems. where each of the problems are solved within half a second if they are

feasible.
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4.6.5 Conclusions

In this chapler we propose a basic CI* algorithm Lo solve the load assignmenl problem,
and we proposce and test various algorithm improvements. We demonstrate the improved
pruning power of global versus elementary consiraints, reducing the requiired time Lo find
a solution by as much as 99%. We further optimize the CT approach by testing various

heuristics for variable and value selection.

Despite all algorithm improvements, none of the CIP approaches is capable of solving
each lest problem in a small time frame (in the order of seconds). Tven Lhe overall besl
approach performs weak in case of problem infeasibility. A weakness of the approach
is the fact that Constraint Programming enumerates the feasible values of the domains
of decision variables. For the load assignment problem, this means enumerating order
amounts, and despile the application of heuristics that enable “smarter’ emnmeration, in



Chapter 5
Benchmark ILP Approach

To objectively assess the CP approach to solving the load assignment problem we de-
velop an Integer Linear Programiming approach thal serves as benchmark. We use (he
ILP technology because of certain similarities with CI, and the fact that Integer Lin-

ear Programming is stich a well known and widely used technology for a large range of
problems. We use the ILT approach as a benchmark, testing il with the same sel of
problems used for the CP approach (o put the compulational speed of the CI* approach
into perspective. Also, we compare the qualitalive aspects of modeling and solving a

problem using CI and ILD.

This chapter is organized as follows. Section 5.1 describes the development approach
of the hbenchmark TLD algorithin. We develop an ILT approach based on the model that
was presented In Section 2.4, Section 5.2 proposcs modifications to this approach for
improving the solving efficiency. Section 5.3 presents the resulls from lesling the original
and improved ILP approach with the same set of problem instances used for the CI

approach. Section 5.5 presents the conclusions of this chapter.

5.1 ILP algorithm development

The ILT approach uses Matlab (o read problem paramelers and construct the ILI rep-
resentation of the problem, and CPLIEX 11.2 Lo solve the actual problem instances. The

modular design of the Matlab ‘interface” provides Lhe following opporiunities:
o switch individual restrictions on or off without requiring extensive model changes,

o read paramelers from the same inpul files used for the Consirainl Programming

approach,
o automatically solve all problem instances with ‘one push of the button’,

64
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o write all relevant output for solved problam instances in a readable format to a
Microsofl Ixcel sheel.

The design of the Matlab interface makes it possible Lo apply and lesl moclel changes

relatively easy. Seclion 5.2 proposes such a change, and Seclion 5.3 presents the resulls

of the tests of the original and improved ILP benchmark approaches.

Optimization criterion

As the load assignment problem is a feasibility problem, there is no cost function to
optimize. Iowever, using an oplimization crilerion may improve the compulalion time
as it provides bounds that are used in the Branch and Bound algorithm for solving an

ILD problem. For this reason we use the following objective function:

Mazimize Z Z Tij (3

i€0 jeC

ot
—_

Although this expression is constant for any feasible solution, it improves the required

compulation time for solving problem instances.

5.2 ILP algorithm improvements

The ILD formulation in Section 2.4 is derived from an ILD algorithm that is currently
used in a development version of OTD for solving the distribution problem. Therefore,
improvement of the problem solving speed due Lo a better ILP formulation is not only

of interest for this study. Tt possibly improves the current ILD solution in OTD as well.

One way of improving the performance of the ILD approach is Lo reduce the amount
of binarv variables in the ILD formulation. These binary variables act as branching
nodes in solving a (Mixed) Tnleger Linear Program. TReducing the amounl of binary
variables reduces the amount of required branching decisions and generally improves the
computational speed. In the current formulation, for every (continuous) decision variable
x;; there is a binary variable d;; that we use in the compatibility constraints. We argue
that we reduce the amount of required binary variables by grouping compalible orders
into compatibility clusters, and only allow the assigniment of orders oul of one cluster to
a compariment. The mosl obvious clustering criterion is clustering by order products,
but additional clusters may be necessary to model for example different loading temper-

alures. Every order belongs (o exactly one cluster.

In the worsl-case scenario, every order requires ils own cluster. In this case, we re-

quire exactly the same amount of binary auxiliary variables as in the original model: 4- 5.
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Ilowever, in the likely situation that there are less clusters than orders, we reduce the
amounl of required binary auxiliary variables. Solving the problem (herefore requires
less branching, possibly improving the required computation time for solving problem

mnstances.
We propose Lo extend the ILDP model from Section 2.4 with the following elements:
Sets

Clusters  Set P (index n)
Parameters

OrderCluster;, DBinaryv paramcter: 1 if order 4 is in cluster n, 0 otherwise
Auxiliary Variables

1 if at least one order of cluster n is assigned to compartment j

Cin =

0 otherwise

Constraints

If any amount of order 4 is assigned Lo comparimenl j, the variable Cj, musl have value

<

1 for the cluster of order 4:

Demand; - Cj, > z;5 - OrderCluster;, Vi, j,n (5.2)

A comparlmen( can only be assigned to one cluster:

Y Cm <1 Vj (5.3)
neP

A cluster cannot be assigned to a compartment if its products are not compatible with

the compartmenl (replacing constraints 2.10):

Cin=0 For all incompatible compartments j and clusters n (5.4)

Furthermore, we omil all constraints 2.11 as they are no longer necessary.

Note that we still require §3; in case of single-order compartments; for problem instances

with single order compartments we still add these variables. but only for the single-order
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compartments. To measure the cffects of this proposed model improvement, we test
both ILP approaches with the set of test problems introduced in Section 4.4. Section 5.3

presents the computation times for these tests.

5.3 Test results

Testing the ILD approaches presented in Sections 2.4 and 5.2 provides a benchmark
for the computation titnes of the Constraint Programming approach, and illusirates the
effect of our improved ILP approach. The presented computation times, measured in mil-
liseconds, do not include building the model in Matlab: they represent the pure CPLEX
solving time. Note that the ILD solutions are optimal instead of feasible, although any
feasible solulion is just as good as another because of the objective function we use (see

equation 5.1).

For both the original and the improved ILD model, we test two ILD approaches:

1. A model with continuous decision variables 5, which we refer to as the *benchmark’

1L, and

2. A model with integer decision variables z;;, which we refer (o as the ‘equivalent’

ILD.

For solving the load assignment problem, the assigned order amounts are allowed (o be
continuous. In theorv, an ILP model with continuous decision variables 1s casicr to solve
than an ILP model with integer decision variables. Therefore we use the ILP model
with continuous decision variables as the performance benchmark for solving the load

assigniment problem.

To extend the comparison between CI* and ILI bevond the application to the specific
load assignment problem, we also Lest the exacl same problem. As CI allows only inte-
ger decision variables, lhe equivalenl ILP approach has inleger decision variables. The
comparison between a CI approach and an ILD approach with integer decision variables
is interesting as we consider other applications - that might require integer decision vari-
ables - for CI” in Chapter 6. Note thal both ILT approaches have other binary variables:
the auxiliary d;; variables in the original model, or the auxiliary Cj, variables in the

improved moclel.

5.3.1 Effects of ILP model improvements

Tables 5.1 and 5.2 depict the compulation times for the original and improved ILI ap-

proach for respectively the benchmark and equivalent model variants.
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Original 1L ” Tmproved ILT

|| Reduction

p_1 1 1522 67 96%
p 13 248 676 -173%
p_1_10 1564 97 91%
p 2 1 284 1275 -349%
p_2.3 3097 114 96
p 2 10 84 50 11%
p 3 1 104 1267 -1118%
p_3_3 3616 60 98%
p_3_10 80 29 G19%
p_4 1 15 9 0%
p_4 3 19 8 8%
p_4 10 29 § 9%

Table 5.1: Computation times (ms) for original and improved benchmark TLTY approach

|| Original 1L || Tmproved ILD || Reduction |

p_ 1.1 4400 322 93%
p. 13 1396 156 89%
p 1 10 3383 122 98%
p.21 1695 296 83%
p 23 899 384 5T%
p_2 10 1228 268 8%
p 3 1 7354 528 93%
p 3.3 T 910 -18%
p_3_10 * 133 *

p_ 41 147 3 6%
p_4 3 23 9 61%
p 4 10 66 16 6%

Table 5.2: Computation times (ms) for original and improved ecuuivalent ILT approach.

An * indicates a computation time larger than 10 minutes.
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Benchmark ILD || Ecquivalent ILD
Percentage reduction: | 10% 20% 10% 20%
p. 1 1 11.09 | 0.014 60 0.016
p_1 2 0.009 0.008 0.01 0.009
p_1.3 0.202 | 0.011 0.197 | 0.010
p_1 4 0.003 0.003 0.003 0.003
Table 5.3: Required time (s) for the ILY approaches Lo detect problem infeasibility

Overall we observe that the proposed modifications to the ILP model result in significant
recduction of the computation lime. Remarkably, for a few test problems the computalion
time actually increases dramaltically. We have no explanation for this phenomenon. As
the overall effect of the proposed Improvements 1s posilive, especially for the equivalent
ILD? approach. we use the computation times of the ILD approach with the proposed

improvements Lo compare ILDP with CD.

5.3.2 Infeasibility detection

Similar to the CP approach, we also consider the behavior of the ILD approach in case of
problem infeasibility. Performing exactly the same infeasibility detection Lest as described
in Scction 4.6.4, we measure how well the ILP approach detects problem infeasibility.
Table 5.3 presents the compulation times in seconds the ILT approach requires lo delect
problem infeasibility.  Again, we are not interesied in solution {imes larger than 60
seconds as (his would be loo long for the purpose of our load assignment algorithm,
and we indicate these cases with »060. In general. the ILD approach is very fast in
delermining problem infeasibility. As expected, the required time (o delect infeagibility

decreases when the gap (o feasibility increases.

5.4 Comparison of CP and ILP

5.4.1 Computation times

To cvaluate the speed of the CP approach for solving the load assignment problen
we compare the computation times of our CI> approach to those of the benchmark 1L
approach. To evaluate the speed of CP in comparison to ILD for problems thal do recuire
integer decision variables, we also compare the CI approach computation times (o those

of the equivalent ILIP approach.
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Figure 5.1: Computation times (ms) for CT and benchimark ILD approach

Constraint Programming versus benchmark ILP

Table 5.4 presents the computation times in milliscconds for the test problems for the
CP and benchmark LD approaches. To demonsirate the influence of parameler val-
ues on the performance of both approaches, we depict the computation times in a bar
chart, clustering the test problems with similar parameter values. [igure 5.1 depicls
the computation times for both approaches.  The results do not indicate thal one ap-
proach is alwavs better, but the ILD approach outperforms the CI solution for 75% of
the problems. There is an opposite (rend in computation titnes for the two approaches
wilh respect Lo the parameter values. Where the CI approach - according Lo our expec-
tations - is consistently slower for larger problems. the ILT approach actually solves the
larger problems faster: the ILD approach benefits from the increased amount of possible

solutions.

Table 5.5 presents the resulls for the infeasibility lests for the CI and the benchmark
ILD approaches. The pereentages represent the gap to problem feasibility for which the
algorithms require less than a second (o detect thal there is no feasible solution. Section
4.4.2 explains exactly how we construct this gap. For the detection of problem infeasibil-
ity, the ILD approach clearly outperforms the CI’ approach, as the CP approach recuires

a much larger gap for (relatively) fast infeasibility detection.
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CP solution bhenchmark

1L

p_1 1 282 67
p 13 392 676
p_1 10 940 97

p.21 62 1275
p 23 172 114
p._2 10 956 50

p_3 1 78 1267
pP_.3.3 * 60
p_3_10 3160 29
p 41 15 9
p.4 3 47 8
p_4 10 172 6

Table 5.4 Computation times (ms) for CI solution and benclmark ILP solution. An *

indicales a computation time larger than 10 minules.

| CD approach | benchmark ILD |

p 11 T0% 20%
b 21 507 0%
b 31 0% 0%
b 41 30% 0%

Table 5.5: Degree (%) of problem infeasibility that is detected within 1 second
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Figure 5.2: Computation times (ms) for CT and benchimark ILD approach

Constraint Programming versus equivalent TLP

Table 5.6 presents the compulation times in milliseconds for the the CP and ecuiva-
lent ILP approaches. I'igure 5.2 depicts the computation times for both approaches. As
expected, the computation times of the equivalent ILD approach are closer to the compu-
tation times of the CIP approach compared to the computation times of the benchmark
ILT approach. For the smaller problem variants (p_x_1), CP performs belter than
the equivalent ILT. Tlowever, for larger parameler values the equivalent ILT approach
performs best. The resulls of the infeasibility tests of the equivalenl ILD are similar {o
the results of the benchmark ILD: both the henchmark and cquivalent ILD approaches

perform much better than the CI approach.

5.4.2 Modeling comparison

Constraint Programming and (Tnteger) Linear Programming have many similarities with
respect Lo the basic elements for modeling a problem. Both lechnologies recuire a sel
of decision variables, and use constraints to represent the relations between the decision
variables. Other common modeling elements are parameters (used as weighis and bounds
in constraints), auxiliary variables, and an objective funclion representing the total cost
or benefit of the decision variable values. Consiraint Programming requires explicil

specification of decision variable domains, and (1)L applies domains implicitly through
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| || CP approach || ecuivalenl ILD

p. 11 282 322
p_1.3 392 156
p_1_10 940 122
p. 21 62 296
P23 172 384
p_2 10 956 268
p_3 1 78 528
p_3 3 910
p_3_10 3160 1339
p_d4 1 15 36

p 43 47 9

p_4 10 172 16

Table 5.6: Computation times (ms) for CI* and equivalent ILP approaches. An * indicates
a computation titne larger than 10 minutes.

constraints, with similar effect.

Constraints

The main difference in modeling hetween CI” and ILD is in expressing the relations be-
tween decision variables. Mathemalical Programming models (LD, ILD, MILD) consist of
a set of lincar (in)equalitics. restricting the way to express the relations between variables
to the use of linear (in)equalities. Expressing more complex relations helween variables
in a sel of linear inequalities is not always trivial. There are many modeling (ricks to
express non-linear relations such as either-or constraints, absolule values, and condilional
constraints, but models for problems with many of such relalions mayv become very com-
plex. Solving a problem by Mathematical Programming requires a translation of the
aclual problem inlo components that arve suitable for the solving mechanism, limiting

the modeling freedom.

Constraint Programming aims to remove exactly this limitation of other solving technolo-
gies: CP provides many expressive options Lo model relations belween decision variables
without having o bother about the problem solving mechanics. Advocales of the Con-
straint Programming lechnology claim that it is one of the besl approaches in compuler
science to reach ‘the holy grail of programming’: the user states the problem, the com-
puter solves il. The expressive global constraints in CP provide modeling opporiunities
thal are much more ditficull to achieve with Malthematical Programming. Ispecially for
problems with many non-trivial constrainis, a CI solution requires a much less complex

model, keeping the algorithm more flexible for future adjustments.
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Solving technology

The CD solving ltechnology allows for much conltrol over the problem solving mechanics.
g 8. g
This is both a strength and a weakness of CP. It is a strength in the sense that CD
o o
provides a far reaching control over the solving mechanism through the combination of
powerful global consiraints provided in a modeling language. and the modeling oplions
for variable and value choices in the steps of problem solving. Solving a problem with
S S
CP therefore recuires less programming skills and tools than is recquired for development
o o
of a dedicaled search heuristic. Yet the solving mechanics are not hased on powerful
mathemaltical concepts, unlike for instance ILD (for which similar methods lo control the
solving mechanics are possible). Therefore (he solving speed of CI? approaches relies much

more on problem characteristics and the appropriate use of variables and constraints.

5.5 Conclusions

The ILT approach provides an objective benchmark for both cualitative as quantitative
aspects of solving the load assignment problem. In this chapler we presented an ILD
model for the load assignment problem based on an algorithm in OTD. and we proposcd

improvements Lo this model that may also improve the development version of OTD.

The comparison of the compulation {imes of the CI and ILP approaches in Seclion
5.4.1 reveals that the speed is a weakness of the Constraint Programming approach. The
ILD approach performs hetter on average for both feasible and infeagible problems. As
the combined optimization of load and routes in OTD requires a verv fast load assign-
ment algorithim, we advise not to use a Constrainl Programming approach. However,

nole that the improved ILP approach does nolt meetl the performance requirements cither.

In the comparison of the computation times between CI and ILT we demonstrate the
speed is a weakness of CP. The CD approach iterates the feasible parts of the decision
variable domains. For domains that represenl all possible amounts of a liquid thal may
be assigned to a set of compartments, this amounts to an incfficient solving process os-
pecially for larger orcder sizes. CI oulperforms ILD for smaller problems, but as order

sizes increase, the CP speed deteriorates.

The strength of CP is the ability to translate a wide variety of realistic constraints
imto an algorithim, withoul introducing modeling complexily, and maintaining a high
level of algorithm flexibility. The weakness of CD is its speed for solving large problems.
The load assignment problem recuires a fast algorithm that is allowed o be complex.

Therefore. there is a mismatch between the requirements of the algorithm and what CD
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has to offer. Development of a new dedicated load assigniment heuristic is a more sensible

oplion, assuming it provides greater speed al the cost of algorithm flexibility.



Chapter 6

Constraint Programming

Opportunities

In Chapter 5 we concluded that the Constraint Programming approach does not meel

ORTIEC's specific requirements for solving the load assignment problem. In this chap-

ter we propose three applicalions where Consiraint Programming might be a suitable
O S <

approach:

o Load assignment variants,

o Workforce scheduling,
o Tactical Route Planning.

For each of these applications we briefly describe the characteristics of the underlving
problem. We propose a modeling approach, argue whal the added value of Conslraint
Programming is to the application, and indicate how ORTEC may benefit from the
application of Consiraint Programming. Section 6.4 presenis a brief overview of the

global constrainls mentioned in this chapter.

6.1 Load assignment variants

The application of Constraint Programming to the load assignment problem is not suc-
cesstul because of the required computational speed in combination with the large do-
mains of the decision variables. The possibility to divide order load over various com-
partment causes Lhese large domains. If we remove (he possibility Lo divide order load,

the decision becomes whether or not to use a compartment for an order.
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Modeling approach

For the load assignment varianl that does not allow division of load over multiple com-
partments. we replace the original decision variable Amount,e with a boolean variable
IsUsedye, where IsUsed,. = 1 if order o is entirely assigned to compartment e. and ()
otherwise. Modification of the constraints is trivial, proving the flexibility of the Con-
straint Programming approach. Instead of constrainls on Amount,e, Lhe order amount

is now given, and consiraints apply to (Amount, - IsUsed,.).

Added value to ORTEC

Al least one important customer of OTD actually transports indivisible orders and has
similar requirements for optimizing load and routes. The modified CT approach would
be very suitable to apply in the customized version of OTD for this customer. Ilowever,
this load assignment problem variant is easier and probably faster to solve for the ILD
approach too. Advantages of the CD approach are on the one hand the flexibility of the
algorithm, and on the olther hand the costs of the recquired tools. The benchmark 11D
approach uses the CPLEXN solver, which is much more expensive than the Inovia tools.
For alot of OTD customers, buving a CPLEX license just for solving (he load assignment
problem is nol an option. Other (T)LD solvers are less expensive, bul they may be slower
too. Therefore, the CP approach that we have tesled is a good allernative for customers

that recuire a flexible algorithm and that do not want to buy a CPLEX license.

6.2 Workforce scheduling

Workforce scheduling refers to the assignment of emplovees to shifts or dulies over a

)(C

cerlain period of time. Workforee scheduling aims (o produce a schedule for cach em-
plovee of an organization. A workforce schedule must satisfv rules and collective labor
agreement regulations, and deals with the (rade off between satisfving the personal pref-
erences of emplovees and minimizing the total staffing costs. The problem of finding a
good qualily schedule can be incredibly difficull, especially in organizalions with flexible
demand and irregular working hours, that require 24,7 availability of highly skilled staft,
and are subject Lo extensive workforce legislation. Scheduling a hospital staff is probably
the best example of such a difficult workforce scheduling problem.

The workforce scheduling problem is an optimization problem. Optimization problers
are difficult for Constraint Programming in terms of the required compulation time to
find the optimal solution. Ilowever, finding an oplimal workforce schedule is not sub-
ject to such a tight time constrainl as solving the load assighment problem is. It does

not matter that an algorithm requires 10 minutes to determine the optimal workforce
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schedule for a month. We argue that CP does have advantages that make it a suitable

approach for workforce scheduling.

ORTIEC has done much research on workforce scheduling for its standardized schedul-
ing solution ITarmony. We base the problem description and modeling approach in this

section on wan Draat et ol. (2006), Burke et al. (2008), and on internal documents.

Modeling approach

To represent the problem we propose binary decision variables @j; linking a shift 4 to
an emplovee j. For modeling the restriclions we use two kinds of constraints: hard and
soft constraints. Ilard constrainls represent restrictions due to national legislation and
collective labor agreements; thev have to be satisfied to obev the law. Soft constraints
represent the preferences of employees or the organization. Such constraints should be

1¢

satisfied as much as possible to fulfill personal preferences. An optimal schedule satisfies
all hard constraints and as much sofl constraints as possible, against minimal staffing
costs. The relative importance of a conslraint is typically represented by a weight or cost

penalty for violating the consirainl.

In real-life situations. the number of required constraints can be very high. The ex-
tensive labor regulations in health care, and the fact that no two emplovees are the

same, make that problems with up to 100 constrainls are normal.

Advantages of Constraint Programming

Due to the amount and the character of the recuired constraints. and the type of decision
variables, Constrainl Programming is very suilable for modeling and solving workforce
scheduling problems. Various global constraints tvpically express the required relations

between decision variables. We presenl some examples:

e Use the GlobalCardinality constraint Lo indicale for each shift the exacl required
amount of emplovees with certain skills. For example, shift X requires exactly 1

surgeon, 2 nurses, and at leasl 2 assistants.

o Usc the Count constraint to bound the number of shifts of a certain type that
can be assigned to cach emplovee. For example. allow a maxitnum of two weekend

shifts for each emplovee.

e Use the Period constrainl Lo force a period on the shift (ypes of emplovees. For
example, force the repetition of a shift sequence (day, day, day, night, free, free.

day) for employvees at least every 14 days.
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o Usc the AlIDiff constraint to assign unpopular shift tvpes at most once to the same
emplovee within (he planning horizon. For example, assign every weekend night

shift for nurses within one month o a different nurse.

the effects of changing the weights of various soft constraints. Typical for 1’eal—1ife imple—
mentations of scheduling algorithms, getting the right configuration of (soft) constraint
weights is a lime consuming practice. The Visual Inspector provides insight in the con-
tribution of cach constraint to the overall cost of a solution, and allows for quick and
easy adjustment of the weights of (groups of) constraints. This makes configuring the

algorithm both easier and less lime consuming

Another advantage of a Constraint Programming approach is the flexibility to add or
modify constraints. Planning human resources is subjecl to many personal factors. and
dealing with changing staft configurations, skills, and emplovee preferences requires the

algorithm to be flexible, which is a strength of Constraint Programming

Added value to ORTEC

ITarmony is one of ORTEC’s major standardized products, which specializes in solving a
wide variely of workforce scheduling problems. We argue (hat Constraint Programming

may be used Lo the advantage of ITarmony in three different wayvs:

1. Future functional extensions, especially with respect to adding non-trivial con-

slrainls or sub problems.

2. Use CP to provide direct feedback on manual scheduling decisions.

3. Fast prototyping at potential new Iarmony customers to demonstrate the schedul-
ing possibilities, withoul the need o configure an entire Ilarmony environment to
the specific situation of the customer, which is much more time consuming.

Option (2) uses the way CI solves a problem. If a planner manually assigns a shift to a
person, (his is a (inanual) variable instantiation. The domain reductions thal result from
constraint propagation after the manual variable instantiation may be used {o provide
relevant information lo the planner. The planner directly sees the impacl of ils planning
decision on the remaining (unassigned) shifts and resources. This functionality is useful
for manual scheduling, or for manual modification of an (automatically) generated worlk-

force schedule.

In option (3) CT is not used as the final algorithm, bur ORTEC may capitalize on the



S0 6. Constraint Programming Opportunitics

fast prototyping possibilities with Inovia’s CD tools, translating custorer requirements
into a prolotype in real tite. providing a convincing demonstration of the possibilities

that are actually included in ITarmony.

6.3 Tactical Route Planning

Tactical Route Planning (TRP) aims (o achieve a laclical (ransportalion schedule (hal
balances the workload and minimizes (ransportalion costs for the repetilive delivery Lo
groups of customers. The goal is to balance the periodic deliveries from a depot over
a certain time period, such that all expected demand is delivered with a minimal fleel
size, and furthermore cluster the required periodic deliveries geographically in order to

minimize the recuired {raveling distance.

TR uses ageregate customer demand eslimations in combination with actual required
delivery frequencies. Translating cdelivery frecuencies to fixed delivery schemes, for ex-
ample deliver every Monday and Friday. allows balancing the demand over a period of
rime. A TR solution is a ‘static’ plan that indicates for cach customer the days it will
be delivered, and the expecled number of required resources. This stalic plan is the basis
for operational delivery planning. TRI? allows planners Lo manage the recuired fleet and

workforce capacily much further in advance than operalional planning.

Modeling approach

A solution to a TR links cvery customer to a schedule, where a schedule indicates for
every day the planned route and resources. There is a schedule for every geographical
cluster, and the schedules respect the delivery schemes of each customer. The following

global conslrainls are very useful for the various aspects of TRD:

e The Balance constrainl is appropriate for balancing the recuired customer deliveries

over the davs of the week,
o The Period constraint is useful for modeling the recuired delivery frecuency,

o The Circuit constraint can be applied for every cluster of customers. forcing a route

in which everv customer is visiled exactly once.

This combinatorial problem requires cost oplimization, which is hard for Constraint
Programming in terms of speed. ITlowever, companies will typically perform such an
analvsis periodically, once every few weeks or even months. Ior this application. il does

not matter that the CT approach is not fast, as long as the best solution is found.
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Added value to ORTEC

TR is currently only implemented in the OTD predecessor SITTIORTREC. In time, OR-
TEC intends to replace SIIORTREC hy OTD, requiring the integration of the TRP
functionality in future versions of OTD. Cons(rainl Programming cerlainly is an inter-

esting oplion for the fulure integration of TR in OTD.

6.4 Overview of global constraints

In this chapter we indicale possible successful applications of CI for ORTEC. We in-
trocduce several global constraints in the consecutive modeling approaches. This seclion

briefly describes the global constrainls that are inlroduced in this chapter.

GlobalCardinality

The input arguments for the GlobalCardinality constraint arve a sel of decision variables. a
sel of values, and for each of these values the required number of occurrences. The Glob-
alCardinality constraint makes sure that cach value is assigned to the decision variables

exactly as often as required.

Count

The required inpul arguments for the Counl constrainl are a scl of decision variables,

a value v, a number of occuwrrences m. and a comparison operator op (<. >, =, ctc.).
The Count constraini forces the actual number of occrrences of the value v in the set
of decision variables o satisfy the bound thal is indicaled by the required number of
occurrences i and the comparison operator op. For example: Count(z1, ..., 245 5; 2; <)

makes sure that at most two variables from {z1,...,24} arc assigned the value 3.

Period

The Period constrainl forces (or prevents) a repelition of variable values within a cerlain

period. The input arguments are a set of decision variables, a period value p, and a
comparison operator op (<. >, =, etc.). For example: Period(z,...,Tg; 3; =) forces a
period of length 3 on the decision variables {@1,...,z9}. A feasible assignment of values

is for example {z1,...,29} — {4 2, 9. 4 2,9, 4 2, 9}.

Balance

The Balance constraint requires (wo inpul arguments: a sel of decision variables, and

a value v. The Balance constramnt forces the difference in the number of occurrences of

cach individual variable value to be at most v. For example: the assignment of values
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{z1,...,z8} = {8, 1,22.8, 8,22, 1. 8} satisfics the global constraint Balance(z1, ..., Zs; 2).
The value 8 occurs four times, the values 1 and 22 occur two times. The difference

between the number of occurrences does nol exceed 2.

Circuit

The Circuit constrainl works on a sel of decision variables (hal represent nodes in a
graph. The Circuit constraint forces a value assignment such thal each node in the
graph is visiled exactly once, except for the starting node that is visited (wice (slart and

finish of the tour). The Circuit constraint does not allow sub tours.



Chapter 7

Conclusions

In this report we applied Constraint Programming Lo a realislic load assignment prob-
lem. We have two goals: on the one hand increase ORTIECs knowledge of Constraint
Programming, and on the other hand extend the current load assignment functionality in
a new algorithm. Besides realistic functional extensions, ORTEC requires the new load

assigninent algorithm (o be very fast, Lo be able 1o combine load and route optimization.

According to the literature, Constrainl Programming is especially suilable for solving
highly constrained problems to feasibility. We proposed a CI approach to solving the
load assignment problem, and discussed and tested various efforls to improve the com-
putational speed of the CP approach with a set of 12 test problems. We achieved com-
putation time reductions up to 99% by replacing elementary conslraints with new global

constraints, and adding variable and value choice heuristics.

We developed an ILDP benchmark approach to compare Constrainl Programiming Lo a
well known technologyv.  The results of the computation time comparison reveal that
speed is a weakness of the CP approach. The CI” approach does not meel the computa-
tion speed recuirements, cdue to the fact that the CP approach does not handle the large
domains of the decision variables fast enough. Therefore, we conclude that Constrain
Programming is not suitable for solving the load assignment problem with the current
computalion lime requirements.

The strenglh of Consiraint Programming is Lhe expressiveness of Lhe global conslraints,
that allows users to focus on representing the problem, without worrving about how to
solve it. The (rade off is that CP solvers are nol based on strong mathematical princi-
ples, and therefore the computational speed for solving large problems can be weak. In
general, we do not advise Lo use Conslraint Programming for solving standard problems

that require a fast algorithm. Nor do we advise CI* for applications that require little or
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no modification over time: development of a dedicated fast heuristic is most likely worth

the effort. The strengths of CI> will nol oulweigh the weaknesses in these situations.

Tlowever, many complex business environments are subject Lo constant change, and re-
quire a flexible approach that allows modeling complex constraints.  Also, for a lot of
applications it is not a problem to wail a few seconds, minutes, or even hours for a good

quality solution. In these cases Conslrainl Programming is a very suitable technology.

For ORTEC, it may be interesting to consider applying Constraint Programming to
) . O . o o O

the load assignment problem with indivisible orders, for workforce scheduling, for Tacti-

cal Route Planning, and for any other problem thatl requires complex constraints and a

flexible approach.
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Appendix A

Test Problems

code orders | order size | compartments | comparlmeni| ullage different
capacilies rale rule | products
p_1.1 32 5-20 7 15-33 35-65 1
95 - 99
p_1.3 32 15 - 60 7 145 - 99 35 - 65 1
95 - 99
p_1_10 32 50 - 200 7 150 - 330 35-65 1
95 - 99
p.2 1 18 10 - 60 6 40 - 50 40 - 60 3
p_2 3 18 30 - 180 6 120 - 150 40 - 60 3
p_2 10 18 100 - 600 6 400 - 500 40 - 60 3
p_3_1 15 10 - 100 ) 50 - 150 15-75 3
p_3.3 15 30 - 300 ) 150 - 450 15-75 3
p_3_10 15 100 - 1000 5 500 - 1500 15-75 3
p_ 41 15 20 - 90 3 110 30 - 60 3
p_4 3 15 60 - 270 3 330 50 - 60 3
p_4 10 15 200 - 900 3 1100 50 - 60 3

Table A.1: Test problem parameters
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Appendix B

AQL Load Assignment model

Algorithm 3 Parameter Lables

// parameter tables:
AQL_TABLE Orders WITH_TITLE
(

Id NUMAUTO,
Product CHAR,
Amount NUMBER,

PickupTime NUMBER,
DeliverTime NUMBER
) s
AQL_TABLE OrderCombinations WITH_TITLE
(
Number NUMAUTQ,
PickupTime NUMBER,
DeliverTime NUMBER
) s
AQL_TABLE Compartments WITH_TITLE
(
CompartmentId NUMBER,

Capacity NUMBER,
ConfigurationId NUMBER,
Rule NUMBER,
SingleOrder BOOLEAN

)
AQL_TABLE Configurations WITH_TITLE
(
ConfigurationId NUMBER,
Capacity NUMBER
) s
AQL_TABLE Axles WITH_TITLE
(
Axleld NUMBER,,
MaxWeight NUMBER
) s
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Algorithm 4 Parameter and duplication tables

AQL_TABLE UllagerateRules WITH_TITLE

(

RuleId NUMBER,

LowerBound REAL,
UpperBound REAL

)

AQL_TABLE AxleWeightContr WITH_TITLE

(
CompartmentId
AxleId
Contribution

)

NUMBER,
NUMBER,
REAL

AQL_TABLE Compatibility WITH_TITLE

(
Product CHAR,
CompartmentId NUMBER

)

// duplication tables:

AQL_DUP_TABLE SplitOrders FROM Orders

(
OrderId FROM Id NUMBER,
Product CHAR,
Amount NUMBER,
PickupTime NUMBER,
DeliverTime NUMBER,
SplitOrder DUPLICATION sup(0, count(Compartments) - 1),
CompartmentId  NUMBER SET SplitOrder + 1,
CompCapacity NUMBER SET Compartments[CompartmentId].Capacity,
ConfigurationId NUMBER SET Compartments[CompartmentId].ConfigurationId
)
AQL_TABLE Amounts FROM_EMPTY
(

AffAmount DUPLICATION FOR_EACH 70 FROM Orders { Orders[7o].Amount }
) ADD_LINE "O" ;
// table with decision variables:
AQL_TABLE result LINK SplitOrders WITH Amounts WITH_TITLE
(
OrderId AS SplitOrders.OrderId,
Product AS SplitOrders.Product,
CompartmentId AS SplitOrders.CompartmentId,
Configurationld AS SplitOrders.Configurationld,
CompartmentCapacity AS SplitOrders.CompCapacity,
// To be chosen by solver:
AffAmount AS Amounts.AffAmount
) AS "Order[%OrderId] [YCompartmentId] [%Product]";
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Algorithm 5 constraints I
// constraints:
AQL_SELECT SUCH_AS
{

// These constraints are independent of the orders on board

GROUP SHOW "O - Assign total amount "

{

FOR_EACH 7o FROM Orders
{
sum({ FOR_EACH ?r FROM result

VERIFYING result[?r].0rderId = Orders[?o0].Id
{ result[?r].AffAmount %}

= Orders[?o] . Amount ;
¥
};
GROUP SHOW "1 - Compatibility product-compartment"
{
FOR_EACH 7S FROM SplitOrders
VERIFYING 0 = sum( FOR_ONE 7C FROM Compatibility
VERIFYING ( Compatibility[?C].CompartmentId = SplitOrders[?S].CompartmentId )
AND ( SplitOrders[7S].Product = Compatibility[?C].Product) {1} )
{
result[?8] .AffAmount = 0;
}
Y
GROUP SHOW "2 - Compatibility product-product"
{
FOR_EACH ?pl1 FROM SplitOrders
{
FOR_EACH ?p2 FROM SplitOrders
VERIFYING SplitOrders[?pl].Product <> SplitOrders[7p2].Product
AND SplitOrders[7p1].CompartmentId = SplitOrders[7p2].CompartmentId
{
( result[7pl] . AffAmount = 0 ) OR ( result[?p2].AffAmount = 0 );
};
}
};
GROUP SHOW "3 - SingleOrderProperty"
{
FOR_EACH 7pl1 FROM SplitOrders
{
FOR_EACH 7p2 FROM SplitOrders
VERIFYING ( (SplitOrders([?pl].CompartmentId = SplitOrders[?p2].CompartmentId )
AID ( Compartments[ SplitOrders[?pi].CompartmentId ].SingleOrder )
AID ( SplitOrders([?p1].0rderId <> SplitOrders[?p2].0rderId ) )
{
( result[?pl].AffAmount = 0 ) OR ( result[?p2].AffAmount = 0 );
};
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Algorithm 6 Constraints II
// These constraints are dependent of the orders on board
GROUP SHOW "4 - Capacity "

{
FOR_EACH 70 FROM OrderCombinations
{
FOR_EACH ?c FROM Compartments
{
sum{ FOR_EACH 7s FROM result
VERIFYING SplitOrders[?s].CompartmentId = Compartments[?c].CompartmentId
AND SplitOrders[?s].PickupTime <= OrderCombinations[?0].PickupTime
AND SplitOrders[?s].DeliverTime >= OrderCombinations[?0].DeliverTime
{ result[?s].AffAmount } ) <= Compartments[?c].Capacity ;
¥
FOR_EACH 7k FROM Configurations
{
sum{ FOR_EACH 7s FROM result
VERIFYING result[?s].Configurationld = Configurations[7k].ConfigurationId
AND SplitOrders[?s].PickupTime <= OrderCombinations[?0].PickupTime
AND SplitOrders[?s].DeliverTime >= OrderCombinations[?0].DeliverTime
{ result[?s].AffAmount } ) <= Configurations[?k].Capacity
h
};
};
GROUP SHOW "5 - Ullagerates "
{
FOR_EACH 70 FROM OrderCombinations
{
FOR_EACH 7c FROM Compartments
{
FOR_ONE 7u FROM UllagerateRules
VERIFYING Compartments[?c].Rule = UllagerateRules[?u] .Ruleld
{
( sum( FOR_EACH ?s FROM result
VERIFYING SplitOrders[?s].CompartmentId = Compartments[?c].CompartmentId
AND SplitOrders[?s].PickupTime <= OrderCombinations[?0].PickupTime
AND SplitOrders[?s].DeliverTime >= OrderCombinations[?0].DeliverTime
{ result[?s].AffAmount 1})
<= ( UllagerateRules[ 7u ].LowerBound * Compartments[?c].Capacity )
)
OR
( sum( FOR_EACH ?s FROM result
VERIFYING SplitOrders[?s].CompartmentId = Compartments[?c].CompartmentId
AND SplitOrders[?s].PickupTime <= OrderCombinations[?0].PickupTime
AND SplitOrders[?s].DeliverTime >= (OrderCombinations[?0].DeliverTime
{ result[?s].AffAmount 1})
>= ( UllagerateRules[ 7u ].UpperBound * Compartments[?c].Capacity )
)3
}s
¥
s
¥
GROUP SHOW "6 - Axleweights "
{
FOR_EACH 70 FROM OrderCombinations
{
FOR_EACH 7A FROM Axles
{
sum( FOR_EACH 7C FROM AxleWeightContr
VERIFYING AxleWeightContr[7C].Axleld = Axles[?7A].AxleId
{ FOR_EACH 7r FROM result
VERIFYING result[?r].CompartmentId = AxleWeightContr[7C].CompartmentId
AND SplitOrders[?r].PickupTime <= (OrderCombinations[?0].PickupTime
AND SplitOrders[?r].DeliverTime >= (OrderCombinations[?0].DeliverTime
{ result[?r].AffAmount * AxleWeightContr[?C].Contribution }
B
<= Axles[7A] .MaxWeight ;
¥
Y




