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Abstract. The development of maritime oil wells depends on the availability of specialized fleet capable of performing the required activities. In
addition, the exploitation of each well can only start when it is connected
through pipes to a producing unit. The Offshore Resources Scheduling
Problem (ORSP) combines such restrictions with the aim to prioritize
development projects of higher return in oil production. In this work,
an extended description of the ORSP is tackled with Constraint Programming (CP). Such extension refers to the customization of pipes and
to the scheduling of fleet maintenance periods. The use of CP is due to
the noted ability of the technique to model and solve large and complex
scheduling problems. For the type of scenarios faced by Petrobras, the
reported approach was able to quickly deliver good-quality solutions.
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Introduction

As Daniel Yergin observed, “the competition for oil and the struggle for energy
security seem to never end” [24]. More than 80% of the world primary energy consumption is currently supplied by fossil fuels. Among them, oil is considered the
scarcest source because it has the smallest reserves-to-production ratio [6]. Once
an opportunity is detected, the exploitation of a new oil reservoir usually requires
large investments, and sometimes incurs a number of technological challenges.
Such is the case currently faced by Petrobras with the Tupi field, which is located
in the pre-salt layer along the Brazilian coast. Announced in 2007 as the largest
oil discovery of the last 30 years in the Western hemisphere, it was estimated to
contain from 5 to 8 billion recoverable barrels of oil equivalent [7]. On account
of enabling its exploitation, Petrobras had the largest public share offering ever
seen [5]. The company now possesses a 5-year investment budget of 225 billion
US dollars [20], which is mainly focused on exploiting the pre-salt layer. In this
context, the optimized use of resources is critical to leverage the success of such
ventures and to help attending the increasing demand of the society for energy.
One of the challenges to exploit new oil fields consists of mitigating the shortage of machinery. Resources such as a specialized fleet are highly demanded but

also scarce and very expensive. That is the case of oil platforms – usually referred as oil rigs – to drill and complete wells, and pipelay vessels to carry pipes to
connect developed wells to producing units. The use of such resources has been
approached in a variety of ways along the life cycle of oil reservoirs. For instance,
the scheduling of exploratory activities for preliminary assessment was addressed
by Glinz and Berumen [8]; the integrated planning and scheduling of well developments in oil fields was approached by Iyer et al. [12]; and the scheduling of well
maintenance activities was focused by Aloise et al. [2]. The development of wells
consists of a midpoint between the latter two cases. It is possible to address it by
means of the Offshore Resources Scheduling Problem (ORSP), which is aimed
at prioritizing developments with higher combined return of oil production.
Hasle et al. [9] introduced this problem, which was shown to be NP-hard
by Nascimento [18]. Since then, many approaches have been refining its extent
and solving methodology [19, 17, 21–23]. The decisions consist of selecting well
development projects, and then assigning and sequencing resources to perform
each of their activities. The optimization criterion is to maximize the incurred
short-term production of oil. In addition, its constraints avoid the assignment of
an unfit resource to any activity, provide time for routine maintenance of those
resources, and limit their presence at any site to a maximum allowed for security
reasons. Hence, solving the ORSP can aid the operational decision-making in a
process that is directly related to the return on investment of oil companies.
There is a long record of approaches to the ORSP at Petrobras. Most of it is
related to a system named ORCA, which stands for Optimization of Resources
of Critical use in Activities for exploitation. Its development started with the
work of Accioly et al. [1], which focused mostly on well maintenance activities.
Their motivation was the fact that fewer resources are usually available for such
type of activity, thus creating a demand-pull for the use of optimization. Pereira
et al. [19] and Moura et al. [17] broadened the focus of the system to well developments. More recently, new efforts have been reported by Serra et al. [21–23]
to tackle larger instances and to cope with new bottlenecks that have been recognized. Resources regarded as critical to well developments were split between
rigs and vessels, and the inventory of pipes on vessels was included in [21]. The
model introduced in [21] was refined and extended in [23], when the selection of
development projects became a problem decision. The first attempt to provide
an upper bound to the production of each instance was made in [21] and then
tightened in [22]. Each of those efforts has contributed to improve the quality of
the achieved solutions and to reduce their gap with respect to operational needs.
This work reports an extended description of the ORSP as well as a model
to tackle it using Constraint Programming (CP). The current refinement refers
to the remaining details that were included after the development of ORCA was
resumed. They are related to the availability of specific pipes for connecting each
well, and to the scheduling of resource maintenance activities. We aim to present
a detailed description of the developed CP model and to evaluate its performance
on a benchmark of instances based on a past scenario of the company.

The paper is organized as follows. Section 2 contains a definition of the ORSP.
The rationale for using CP is presented in section 3, while section 4 describes the
developed model and its evaluation. The benefits attributed to CP are discussed
in section 5. Final remarks are presented afterwards.
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The Offshore Resources Scheduling Problem

The ORSP consists of scheduling oil rigs and pipelay vessels to develop oil wells
while targeting to maximize the incurred short-term production of oil. Rigs and
vessels are required to attend to a large geographical area, in which displacements
may take a considerable time. They are scheduled to perform development activities at wells, auxiliary loading activities at harbors and their own maintenance.
Well development and loading activities must be assigned to a resource compatible with their needs, thus comprising requirements such as if the rig is able to
operate at the depth of a given well or if the vessel is able to unload at once a
given weight of pipes. Some of the development activities require pipes which, in
turn, must have been previously loaded at harbors; and the amount of loading
activities varies according to how many pipes are loaded at each time.
The problem decisions are if, when and how to perform each of those activities. Time is represented in days, starting from a date set as 0. The following
convention is used to describe the problem. Resources will be denoted by index i
assuming values in the set I, where IR ⊆ I denotes the set of rigs and IV = I \IR
the set of vessels. Activities will be denoted by index j assuming values in the set
J, where JW denotes the set of well development activities, JH the set of loading
activities, JM the set of resource maintenance activities, JW ∪ JH ∪ JM = J and
these subsets are pairwise disjoint. Let JM’ ⊆ JM be the set of resource maintenances allowing concurrency of other activities. The compatibility of assignments
is represented by matrix C, where cij = 1 if, and only if, resource i is compatible
with activity j. Locations will be denoted by index k assuming values in the
set K, where KW ⊆ K denotes the set of wells and KH = K \ KW the set of
harbors. Pipes will be denoted by index p assuming values in the set P.
2.1

Optimization criterion

The short-term production is measured as how much each developed well would
produce until a time horizon H. The conclusion of each activity j induces a daily
production rate prj , which is nonzero only if it finishes a well development.
2.2
–
–
–
–

Resource constraints

Each resource performs at most one development or load at a time.
Only one resource can be placed at a well at any time.
Each harbor k supports up to sk resources at the same time.
If a resource i performs consecutive activities on distinct locations k1 and
k2 , there must be a minimum displacement time dtik1 k2 between them.
– Each resource i has a contractual period of use, ranging from the release
date rri ≥ 0 to the deadline rdi .

2.3

Activity constraints

– Activities are non-preemptive, i.e., they are performed without interruption.
– Each development or maintenance j can only be scheduled between release
date arj ≥ 0 and deadline adj ≥ arj . It is mandatory if adj < H or j ∈ JM .
– Each activity j is associated with a location locj .
– Either all activities of a well are performed or none is.
– Each development or maintenance j requires pj days to be performed.
– The length of a loading activity on resource i ranges from mili to mali days.
– If a well development activity j2 must be preceded by another activity j1 ,
then pcj1 j2 = 1, and pdj1 j2 denotes the minimum delay between both.
– Each well development activity j belongs to a cluster of activities with index
clj , and all activities of a cluster must be assigned to a single resource.
– Each resource maintenance activity j is associated with a resource rmj .
– For each maintenance activity j ∈ JM 0 , which only makes a resource partially
unavailable, let J’j ⊆ JW be the set of activities that cannot concur with it.
2.4
–
–
–
–
–
–
–
–
–
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Inventory constraints
Only vessels may perform loading activities at harbors.
Each vessel has an empty inventory at time 0.
Each vessel i has an inventory varying between 0 and ici along time.
Each loading activity takes one or more pipes at a harbor.
The number of loading activities is variable. However, an upper limit can be
set with as much activities at each harbor as the number of pipes it has.
A pipe p is only loaded at harbor hpp from the release date rpp onwards.
The load of a pipe p implies an inventory increase of wpp .
The increase of the onboard inventory due to a loading activity is limited by
the time it lasts, with such a rate that it can achieve ici after mali days.
The unload of a pipe p is made by a development activity of connection cap ,
which can only be assigned to a resource that has previously loaded pipe p.

Why CP

The selection of CP in the current project stems from a balance between performance and maintainability. Many stakeholders were leaning towards the use
of a commercial solver in order to benefit from a modeling environment favoring
fast prototyping. It was also seen as beneficial that such solvers use state-of-art
algorithms that have been broadly tested elsewhere. Since many solvers support
CP or Mathematical Programming (MP), there was a strong preference for either of those techniques. There was also a great concern with the timely deliver
of good solutions. A successful use of CP was reported by early approaches both
inside [1] and outside [9] the company. Metaheuristics were considered as well by
Nascimento [18] and for a while at Petrobras due to Pereira et al. [19] and Moura
et al. [17]. However, the favorable results of a metaheuristic against CP in these

latter works are somewhat related to the fact that the tested instances were
not much constrained. In particular, such prevalence was not as strong when
large clusters of activities had to be assigned to a single resource. Due to the
introduction of loading activities, higher levels of constrainedness were expected.
In addition, the observed development of propagation mechanisms for resource
constraints [3, 4, 13] favored using CP to model inventory on vessels. There was
also some skepticism regarding the possibility of using MP due to the increase
in the size of the expected instances. In such cases, CP solvers have a competitive edge because their models are more concise and feasible solutions are found
earlier in the search. Hence, we pondered that CP was a reasonable choice.
Nevertheless, both CP and MP were employed in the developments that followed. To highlight the observed progress, we will use the results achieved with
the largest available instance. In accordance to Hooker [10], equal hardware conditions were observed in all cases. The first solution was obtained by a CP model
described in [21], where an ad-hoc algorithm assessed a worst-case optimality gap
of 38%. Such gap was then reduced to almost 18% with a continuous-time MixedInteger Linear Programming (MILP) model without loading activities in [22].
Such experiment was helpful to assess the scalability issues of a straightforward
MP approach to a scheduling problem: compared to CP, time and memory requirements increased at a much faster step. In the following, an improved CP
model with project selection in [23] was able to find a solution 11% better. Thus,
the worst-case optimality gap of the largest instance tested in previous works is
below 6%. Such results increased our confidence on CP, which was selected to
tackle the ORSP in the full extent currently required at Petrobras.

4

How CP

The ORSP was modeled with abstractions based on conditional time-interval
variables. Such concept was introduced by Laborie and Rogerie [14] and further
extended by Laborie et al. [15]. It specializes the abstract modeling targeted
with the Optimization Programming Language (OPL) [16] to handle resourceconstrained scheduling problems. For that sake, abstractions from the specialized
CP subfield of Constraint-Based Scheduling (CBS) [3, 4] such as activities and
resources are defined by means of intervals and other auxiliary elements.
Each interval variable depicts an event through a collection of interdependent
properties such as its presence, start time, length, and end time. Such intervals
can be used to model complex relations according to a hierarchical structure
imposed by one-to-many constraints as well as sequence variables, cumulative
and state functions, and the constraints that can be imposed on them. Further
details about those elements are presented along the model description.
4.1

Modeling the ORSP

The model described in this section is an extension of the model M2 , which was
introduced in [23]. It is depicted below with separate sections for the definition
of variables and domains, constraints, objective function and search phases.

Variables and domains Interval variables are used to represent each of the
problem activities in vector a, and each combination of a resource and an activity
requiring assignment in matrix M. To each activity j ∈ J, there is a corresponding interval variable aj in vector a. In the case of well development and resource
maintenance activities, the following domain restrictions apply:
start(aj ) ≥ arj ,

∀j ∈ JW ∪ JM (1)

end(aj ) ≤ adj ,

∀j ∈ JW ∪ JM (2)

length(aj ) = pj ,

∀j ∈ JW ∪ JM (3)

presence(aj ) = 1,

∀j ∈ JW , adj < H (4)

presence(aj ) = 1,

∀j ∈ JM (5)

Each cell mij of matrix M corresponds to the combination of resource i ∈ I
and activity j ∈ JW ∪ JH . Thus, the presence of an interval mij implies the
assignment of resource i to activity j. Since most of the resource-activity pairs
are incompatible, the actual implementation of M is aimed to leverage such
sparsity: separate tuple-indexed vectors are employed for activities on wells and
activities on harbors; and each of them contains only intervals corresponding to
compatible combinations, i.e., mij is there if, and only if, cij = 1. However, since
such details are more of an implementation issue than a modeling design choice,
the matrix notation was kept for simplicity. The following domain restrictions
are imposed to intervals of M related to well developments:
start(mij ) ≥ M AX(rri , arj ),

∀i ∈ I, j ∈ JW , cij = 1 (6)

end(mij ) ≤ M IN (rdi , adj ),

∀i ∈ I, j ∈ JW , cij = 1 (7)

presence(mij ) = 0,

∀i ∈ I, j ∈ JW , cij 6= 1 (8)

For loading activities, the corresponding cells have the following restrictions:
start(mij ) ≥ rri ,

∀i ∈ I, j ∈ JH , cij = 1

(9)

end(mij ) ≤ rdi ,

∀i ∈ I, j ∈ JH , cij = 1 (10)

length(mij ) ≥ mili ,

∀i ∈ I, j ∈ JH , cij = 1 (11)

length(mij ) ≤ mali ,

∀i ∈ I, j ∈ JH , cij = 1 (12)

Since we have considered the existence of a loading activity for each pipe, we can
refer explicitly to such correspondence with a bijection f : P → JH mapping each
pipe p ∈ P to a loading activity j ∈ JH . Without loss of generality, we can use
it to postpone the early start of each loading activity according to the release
date of its corresponding pipe, and thus reduce the search space:
start(aj ) ≥ rpp ,

∀j ∈ JH , p ∈ P, f (p) = j (13)

Such premise also incurs that locj = hpp , ∀j ∈ JH , p ∈ P, f (p) = j, i.e., it
associates each loading activity with the harbor of its corresponding pipe.
The use of each resource and the concurrency of resources on each location
are represented by the vectors of cumulative functions u and x, respectively.

Cumulative functions Cumulative functions are piecewise time-domain functions
whose discrete changes in value are associated with the start and end of interval variables. They represent a generalization of cumulative resources [15]; for
which many types and levels of consistency have been proposed and refined,
and a number of filtering algorithms has been studied [3]. The composition of a
cumulative function consists of a linear combination of steps, pulses and other
cumulative functions. A step can be associated with the start and end of an
interval with functions stepAtStart and stepAtEnd, respectively; and a pulse,
which corresponds to equal but opposite steps at the start and at the end of an
interval, is declared with function pulse. In either case, the first argument is an
interval variable, which can be followed by one argument, a, if the variation is
fixed or two arguments, a and b, if the variation must lay in the range [a, b].
To each resource i ∈ I there is an associated cumulative function ui composed
of unitary pulses associated with intervals of M , and to each location k ∈ K there
is a cumulative function xk composed of unitary pulses on intervals of a:
X
ui =
pulse(mij , 1),
∀i ∈ I (14)
j∈JW ∪JH :cij =1

X

xk =

∀k ∈ K (15)

pulse(aj , 1),

j∈JW ∪JH :locj =k

The balance of inventory on the resources is modeled with the vector of
cumulative functions b. There is one cumulative function bi corresponding to
each vessel i ∈ IV . It is composed of the sum of cumulative functions related to
each resource-harbor pair in the matrix BH. In turn, each cumulative function
bhik from BH is composed of positive steps at the end of each loading activity
performed by resource i at harbor k and negative steps for each activity on
resource i that is associated with the release of a pipe from harbor k. The
increase of inventory due to each load is variable, non-negative and limited to
ici . The decrease of inventory is fixed and given by the weight of the unloaded
pipes. Thus, we have the following definitions of the elements of BH and b:

bhik =

X

stepAtEnd(mij , 0, ici )

j∈JH :cij =1∧locj =k

X

−

stepAtEnd(mij , wpp ),

j∈JW ,p∈P :cij =1∧cap =j∧hpp =k

∀i ∈ IV , k ∈ KH (16)
bi

=

X

bhik ,

∀i ∈ IV (17)

k∈KH

Finally, the location of the resources along time is represented with the vector
of state functions l. A state function represents a qualitative property that varies
in time. It can be accompanied by an auxiliary function that defines the minimum
transition time between its states. In the current case, let di : K × K → N be a

function of resource i ∈ I such that di (k1 , k2 ) = dtik1 k2 , ∀k1 ∈ K, k2 ∈ K, k1 6=
k2 . Thus, di corresponds to the displacement function of resource i. It can be used
in combination with li to guarantee the minimum displacement time between
activities on different locations that were assigned to resource i:
li : N → K ∪ {0},

∀i ∈ I (18)

[li (t1 ) = k1 ∧ li (t2 ) = k2 ] → t1 + di (k1 , k2 ) ≤ t2 ,
∀i ∈ I, k1 ∈ K, k2 ∈ K, k1 6= k2 ,
t1 ∈ N, t2 ∈ N, t1 < t2 (19)
The value 0 represents the state at which the resource is not being used anywhere.
Constraints Vector a and matrix M are bound by constraint alternative,
which is employed to state that at most one interval of the j-th column of M
occurs and that it corresponds to interval aj :
∀j ∈ JW ∪ JH

alternative(aj , Mj ),

(20)

The clustering constraints are represented by logical implications, which force
the presence of all development intervals of a cluster in a single line of M :
presence(mi1 j1 ) → ¬ presence(mi2 j2 ),

∀i1 ∈ I, i2 ∈ I, i1 6= i2 ,
j1 ∈ JW , j2 ∈ JW , j1 6= j2 ,
ci1 j1 = 1, ci2 j2 = 1, clj1 = clj2 (21)

In order to prevent resources from being assigned to more than one activity
at a time, an upper limit of 1 is set to the functions of u. Besides, the functions
of l are set as equal to the location of the activities performed on each resource:
ui ≤ 1,

∀i ∈ I (22)

[presence(mij ) = 1] → [li (t) = locj ],

∀i ∈ I, j ∈ JW ∪ JH ,

cij = 1, t ∈ [start(mij ), end(mij )) (23)
With constraints on vector u, we can also prevent any resource from performing
an activity during a period of full unavailability. That is made by constraining
the value of the functions of u to 0 when such type of maintenance occurs:
alwaysIn(ui , aj , 0, 0),

∀i ∈ I, j ∈ JM \ JM 0 , rmj = i (24)

The constraint alwaysIn(f, v, a, b) states that the value of a cumulative function
f during the occurrence of an interval v must lay in the range [a, b].
In the case of resource maintenance activities demanding only a partial unavailability, an auxiliary vector of cumulative functions u’ is used to represent the
use of the associated resources by a conflicting activity. Each of such functions
is constrained to be 0 during the associated interval of partial unavailability:
X
u0jm =
pulse(mij , 1),
∀i ∈ I, jm ∈ JM 0 , rmjm = i (25)
j∈Jj0m :cij =1

alwaysIn(u0jm , ajm , 0, 0),

∀jm ∈ JM 0 (26)

The precedence between pairs of activities is directly stated with constraints
involving the associated intervals of a. The first constraint below guarantees the
chronological order between each of such pairs, and the second one that the
presence of the latter interval depends on whether the former is also present:
end(aj1 ) + pdj1 j2 ≤ start(aj2 ),

∀j1 ∈ JW , j2 ∈ JW , pcj1 j2 = 1 (27)

presence(aj2 ) → presence(aj1 ),

∀j1 ∈ JW , j2 ∈ JW , pcj1 j2 = 1 (28)

The constraints to force the entire development of a well or its absence are
defined between one of the first activities of each well and each of the remaining
activities. Let JF ⊆ JW be the set of the first development activities, i.e., those
which are not preceded by other activities of the same well. Since it is possible
that a well k has more than one activity in JF , let JF 1 ⊆ JF be a set containing
exactly one of such activities of each well. Each pair of activities from a well
such that one belongs to JF 1 and the other to JN F 1 = JW \ JF 1 are then both
present or absent with the following constraint:
presence(aj1 ) = presence(aj2 ),

∀j1 ∈ JF 1 , j2 ∈ JN F 1 , locj1 = locj2 (29)

In order to limit the concurrency on wells and harbors, the cumulative functions of vector x are upper limited according to the type of each location:
xk ≤ 1,

∀k ∈ KW (30)

xk ≤ sk ,

∀k ∈ KH (31)

Similarly, the upper and lower limits of inventory on each pipelay vessel are
imposed with constraints upon b and BH, respectively:
bi ≤ ici ,
bhik ≥ 0,

∀i ∈ IV (32)
∀i ∈ IV , k ∈ KH (33)

In the case of loading activities, the inventory increase due to each interval
is limited by its length. Thus, the following constraint limits the increase of
inventory associated with each interval from definition (16):
heightAtEnd(bhik , mij ) ≤ ici ∗

length(mij )
,
mali
∀i ∈ IV , j ∈ JH , k ∈ KW ,
cij = 1, locj = k (34)

The function heighAtEnd(f, v) represents the variation of cumulative function
f caused only by stepAtEnd functions involving interval v.
The inventory is also constrained to be empty before a new load at a harbor:
alwaysIn(bhik , mij , 0, 0), ∀i ∈ IV , j ∈ JH , k ∈ KH , cij = 1, locj = k (35)
With constraint (35), the shipment of each pipe p is always assigned to the last
loading activity performed by a resource at the harbor of the pipe before the

development activity of connection cap . In order to facilitate the satisfaction
of (35), the implementation of (16) contains a variable negative step at the
start of each load. Such step is aimed to perform small corrections in decisions
regarding the weight loaded on previous activities, thus avoiding an excessive use
of retraction during the search. Since that was only necessary for performance
improvement on current solvers, we do not regard it as part of the model. For an
explanation about the relation between search and the propagation of resource
constraints, the interested reader is referred to the work of Laborie [13].
In order to reduce the search space associated with the number of loading
activities, the bijection f can be used to define a symmetry breaking constraint.
Without loss of generality, we can state that a well connection jw is present if
the associated loading activity jh is also present:
presence(ajh ) → presence(ajw ),

∀jh ∈ JH , jw ∈ JW , p ∈ P,
f (p) = jh , cap = jw (36)

In order to avoid the assignment of a pipe to a loading activity scheduled
before its release date, it was necessary to define an additional vector z. Each
cumulative function zi represents the maximum date of release of a pipe that is
carried by resource i along time. One may observe that such cumulative function
is actually representing a qualitative property, and that qualitative properties
are usually modeled by means of state functions. The rationale for such design
choice is that the syntax of cumulative functions is more appropriate in this case,
since it enables to constrain that a property only changes at specific moments.
Given that the variety of pipes that can be loaded is only altered when loading
activities are performed, the change of the maximum date of release of pipes
carried by a resource can only occur at the start of loading activities.
Each function zi is composed in (37) of steps at the start of each loading
activity performed by resource i. Its value is constrained by (38) to be always
equal to the date of release of the pipe p associated by bijection f with the
loading activity j that is performed, i.e., zi = rpp for f (p) = j when performing
mij . Thus, the value of each function is always between 0 and mard, which is
defined as the maximum date of release among all pipes. It is worth observing
that the step due to each load is set to vary from −mard to +rpp in order to
account for the state of the resource right before the start of each load:
X
zi =
stepAtStart(mij , −mard, +rpp ),
j∈JH ,p∈P :cij =1∧f (p)=j

∀i ∈ IV (37)
alwaysIn(zi , mij , rpp , rpp ),

∀i ∈ IV , j ∈ JH , p ∈ P,
cij = 1, f (p) = j (38)

Hence, it is possible to constrain each development activity of connection cap of
a pipe p to be scheduled only when pipe p could have been previously loaded:
alwaysIn(zi , mij , rpp , mard),

∀i ∈ IV , j ∈ JW , p ∈ P,
cij = 1, cap = j (39)

It is worth of notice that constraint (39) forces that the load of a pipe p can
only be made by an activity j associated by f with a pipe p0 such that rpp0 ≥ rpp .
It may appear that such constraint is more restrictive than necessary. However,
theorem 1 guarantees that any solution can be represented with the model, and
thus that (39) also serves as a symmetry breaking constraint for that reason.
Lemma 1. Given an ORSP solution S that does not comply with constraint
(39), there is always a solution S 0 equivalent to S with less violations to (39).
Proof. The following operation can be applied to a solution S to obtain an equivalent solution S 0 such that the number of pipes of latest release date assigned to
loading activities forbidden by (39) is reduced in at least one unit. Suppose that
S is a solution that violates such constraint, and that p1 is the pipe with the
latest release date which is assigned to a loading activity j2 such that f (j2 ) = p2
and rpp2 < rpp1 . Since there is one loading activity associated with each pipe
from the same harbor hpp1 with release date rpp1 onwards and one of such pipes,
p1 , is not assigned to neither of them, at least one of such activities, j1 , is either absent or assigned to load pipes with earlier release dates. Thus, there is
an equivalent solution S 0 , which differs from S by switching the assignment and
schedule of activities j1 and j2 , and therefore it has less pipes with the same
release date as p1 assigned to a loading activity forbidden by (39) than S has.
Theorem 1. Constraint (39) does affect the correctness of the ORSP model.
Proof. After a finite number of applications of the operation above, an equivalent
solution satisfying (39) can be achieved from any ORSP solution.
Objective function The objective function represents the expected short-term
production that would be accumulated from day 0 to day H with the schedule.
It is depicted as the summation of the production rate triggered by the finish of
each activity in the schedule multiplied by the time left until H:
X
maximize
M AX(H − end(aj ), 0) ∗ prj
(40)
j∈JW

Search phases The use of search phases is aimed to order the sets of variables
of a problem in order to reduce the search effort. As a matter of fact, much of the
work of ordering variables and values for assignment still remains to the solver in
such a case. However, an outline of search phases according to the modeler point
of view can help leveraging domain-specific knowledge to solve the problem.
In the ORSP model, we observed that it was better to assign first the intervals
of a related to resource maintenance activities, starting with those demanding
full unavailability. The rationale for such strategy is that such intervals are those
with mandatory presence. Therefore, it is very likely that a delay in their assignments would cause more conflicts during the search. Besides, we relied on
the premise that full unavailability periods are less sensitive to the assignment
of activities to each resource, since they do not allow any concurrence.

4.2

Testing the ORSP model

The experimental evaluation conducted to test the model was based on data
from a past scenario of the company. It comprises the activities to develop 171
wells using 73 resources. Such data was used to generate a number of instances
by splitting the set of wells, and thus also splitting the corresponding sets of
activities and pipes. For confidentiality and to facilitate comparisons, the value
of the best solution found for each instance was used to define 100 in an arbitrary scale. In what follows, we will describe the instances and the experiments
performed with them, present the results of the tests and discuss those results.
Experiment The model was tested using a set of instances first described
in [21]. Instance O contains the entire set of activities of the past scenario used,
which is partitioned approximately into halves for instances H1 and H2 as well
as into quarters for instances Q1 to Q4. The same set of resources is considered
in all cases. It is worth observing that those instances contain data regarding the
details that were only introduced in the current work. Nevertheless, such data
were ignored on the experiments of previous approaches. Table 1 summarizes
how many activities, wells, pipes, rigs and vessels each instance has.
Table 1. Main characteristics of the tested instances
Instance

Q1

Q2

Q3

Q4

H1

H2

O

Activities
Wells
Pipes
Rigs
Vessels

116
46
17

118
37
17

116
45
13

115
43
19
64
9

231
82
32

234
89
34

465
171
66

The model was implemented using the OPL language and run using IBM
Cplex Studio 12.2 with the CP Optimizer solver [11]. For each instance, it was run
four times with different random seeds. The only modification to the standard
solving parameters in such runs was that the cumulative function inference level
was set as extended. The upper bound of each instance was set by running the
MILP model MF described in [22] on the Cplex solver with an empty schedule as
starting solution. To achieve a tighter estimation, an additional constraint was
defined to limit the start of each connection activity j, which is represented in
MF by variable Sj , according to the date of release of the pipes it must unload:
Sj ≥ rpp ,

∀j ∈ JW , p ∈ P, cap = j (41)

The time limit of each run of either model was set as one hour in accordance to
the end user expectation. The computer used had 4 Dual-Core AMD Opteron
8220 processors, 16 Gb of RAM and a Linux operating system.

Results The results of the runs are summarized in table 2. For each instance,
it comprises the average (µ) and the standard deviation (σ) of the time to find
the first solution, the production of such solution and the production of the last
solution found according to a scale where the best solution found is 100. The
upper bound corresponds to the optimal solution of the relaxed model MF for
instances Q1 to Q4 and H1, and to the upper limit reached at the solver halt for
instances H2 and O. Since greater performance variations were observed only
for instance O, the progress of each run to solve that instance is presented in
figure 1. Such progress is depicted in terms of the best solution found along time.

Table 2. Summary of test results for each instance

Instance
Q1
Q2
Q3
Q4
H1
H2
O

First solution found
Time (s)
Value
µ
σ
µ
σ
0.44
0.42
0.60
0.45
1.53
1.58
4.57

0.02
0.01
0.02
0.01
0.07
0.29
0.24

99.1
99.0
99.4
98.7
94.9
91.7
83.2

0.3
0.5
0.2
0.7
1.0
1.3
1.5

Last solution
Value
µ
σ

Upper bound
Worst-case
Value
opt. gap

100.0
100.0
100.0
100.0
99.8
99.8
98.9

100.1
100.4
100.1
100.2
100.2
100.8
107.2

0.0
0.0
0.0
0.0
0.2
0.1
1.5

0.1%
0.4%
0.1%
0.2%
0.2%
0.8%
7.2%

Fig. 1. Best solution found along time for independent runs on instance O

Discussion The results indicate that our approach was able to deliver good
solutions within the time limit set by the end user. A worst-case optimality gap
of less than 1% was achieved for all but the largest instance. For the scheduling
of the whole set of activities, the gap was 7.2%. It is worth observing that about
two thirds of the gap between the first solution and the upper limit vanished
after one hour of search. In addition, figure 1 shows that there is a similar trend
of improvement for most of the runs. Altogether, such observations evidence the
system reliability to handle scenarios like those expected by the company.
Some scalability factors were observed as well. With a fixed time limit, the
major impact noticed in solution quality is due to the number of activities that
each instance has. The size of the instances also influenced the time and the
quality of the first solution found. Among instances of similar size, the tightest
gaps were achieved for the instances with a relatively small number of pipes,
such as Q3 and H1. Therefore, the numbers of activities and pipes can be used
for a preliminary assessment of instance hardness.
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Benefits from CP

The greatest advantage sensed with the use of CP in this project was the easiness
of prototyping. We were able to develop most of the project with only two professionals in full time dedication, who could deliver new and fully tested versions
on a monthly basis. It was crucial that new models were available for evaluation
as soon as possible for at least two reasons. First, many of the refinements asked
each time by the clients of the project were attempts to describe their process.
Second, it was often hard to gather an expressive amount of end users together
to discuss the next steps of the development. In this context, the use of concise
and easily maintainable models made it possible to work with a continuous deployment of new versions of the system. Hence, in spite of the number of rounds
required to achieve a consensus of the problem definition, the short development
cycle was essential to the conclusion and success of the project.
The end users showed a great interest in the results and in the technology
beneath the system. That was caused by the positive prospect presented at the
beginning of the project, which would facilitate a lot their daily work. Many
of the questions that they raised referred to their expectation of what a good
solution would be, and thus provided guidance to our work. In some of those
occasions, they also wanted to understand how the solving process works. Since
all of them were engineers and some had an IT background, the outline of the CP
framework was easily assimilated. Nevertheless, there was a certain reluctance
in accepting the use of a declarative paradigm if, when compared to alternatives
like MP, CP was much more focused on feasibility than on optimality. Such
opposition could be summarized by the idea that one should only give up the
procedural control of a process if the incurred result was guaranteed to be the
best possible one. However, the ability presented by the system to deal with large
and overconstrained scheduling scenarios due to CP propagation mechanisms
came to be considered important as well. In addition, some experiments like those

reported in [23] helped to illustrate that it would not be worth to always assume
certain assumptions regarding how the problem used to be solved manually.
Those assumptions would require imposing unnecessary constraints, which were
shown to harm considerably the long-term results on larger instances. With time,
we were able to evaluate the solutions of the models through their rationale, and
they were able to suggest modifications to the model at a more technical level.
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Conclusion

This work approached the scheduling of an specialized fleet of oil rigs and pipelay
vessels to develop offshore oil wells with the introduction of real-world constraints
that have never been considered before. Two direct benefits have been observed
by automating decisions related to the use of such resources. First, it reduces
the burden over the professionals involved with the control of expensive and
highly required machinery. If circumstances change, the time to perform a quick
reschedule has passed from days to minutes. Second, a better return in terms
of oil production can be pursued by generating and comparing many schedules.
Experimental results indicate that a solution with worst-case optimality gap of
7.2% was achieved for a past scenario of the company. In addition, the anticipation of the development of a single well for an oil company usually would be
enough to cover the expenses of an entire project like the present one. Hence,
this article represents a detailed account on how to approach a type of problem
that may interest many capital-intensive industries.
The difficulty to solve some optimization problems is often due to the lack
of tools capable of leveraging the specificities of each application domain. We
noticed that there is much to be gained by considering the use of Constraint
Programming (CP) in such cases, for which reason the use of the technique is
being considered in other projects within the company. As a consequence, this
work has also focused on the rationale for using the technique as well as on the
factors that led to the conclusion that other alternatives were not so appropriate.
In a nutshell, CP allows tackling hard problems of large scale without giving up
of a systematic approach, thus keeping the chance of finding an optimal solution.
That is especially true for scheduling problems, which are quite common in many
companies and are usually difficult to handle in such a way.
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